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Abstract

Surveying and making use of high-dimensional representations is a relevant challenge in science,
engineering, and, increasingly, artificial intelligence. We present a novel node-based interface for
exploring high-dimensional spaces by traversing random axes, exploring points’ neighbourhoods,
and targeting underexplored areas. The interface supports users in mapping a meaningful manifold
without requiring knowledge of or biasing the user toward a data distribution. We apply the interface
to a 128-dimensional space controlling a real-time neural audio decoder. In a user study, participants
created mappings for a musical instrument using our interface and a baseline (slider controls per
dimension). Users’ subspace exploration differed structurally with our interface, mapping dense,
multi-dimensional vectors vs. vectors largely restricted to coordinate subspaces in the baseline;
furthermore users created more mappings and indicated higher creativity support index scores in
our interface. Our interface thus presents an effective method for mapping high-dimensional spaces
without techniques requiring prior knowledge such as dimensionality reduction.

1 INTRODUCTION

Interfacing with high-dimensional spaces is a problem with
increasing practical importance for many fields. Neural
audio synthesizers based on variational autoencoders, for
example, encode a training distribution as a continuous
latent space from which perceptually varied sounds can be
decoded in real time (Caillon and Esling, 2021). Working
with such a system as a musical instrument requires the
performer or composer to have knowledge of that space:
to know of sonically interesting regions, to have intuitions
of their topology, in order to ultimately map' points onto
playable controls. We argue that, without appropriate tool-
ing, exploration of such a space proceeds haphazardly and
less effectively.

Miranda and Wanderley (2006) proposed a digital musical
instrument (DMI) model that decouples the gestural control
layer of a musical instrument from its sound-production
layer. Under this model, sculpting a timbral palette and de-
ciding how to actuate it are distinct creative activities: “the
notion of a fixed causality between an action and a sound
in a DMI does not necessarily apply. The same gesture
(cause) can lead to the production of completely different
sounds” (Miranda and Wanderley, 2006). Realising this
separation in practice for a neural synthesizer means that

"For this paper we explicitly borrow Hunt and Wanderley’s
definition of mapping — “the designed link between an instru-
ment’s playing interface and its sound source” (Hunt and Wander-
ley, 2002). This should be understood in contrast to a cartographic
definition, in which a map, for example, could be expected to
retain distance relations up to scaling and projection.

Figure 1: Final interface state of one participant using our
proposed node-based interface for high-dimensional space
exploration.

the first activity — finding the sounds — must itself be
supported by dedicated tooling before the second activity
can begin.

In this context we define “exploration” in line with the
Cambridge Dictionary (2026): “the activity of searching
in a place in order to find a particular thing, usually some-
thing valuable”. In the example above, the “place” being
explored would be the space of high-dimensional repre-
sentations, while points of aesthetic interest or creative
utility make up the valuable “thing” being searched for.
Tooling which is better for the purpose of exploring such a
high-dimensional space will be recognisable by the number



of points deemed to be of creative value by a practitioner
surfaced by the tool, ultimately leading to a “better map”
— one which makes more valuable mappings available for
creative work.

The standard approach to making the exploration of a
high-dimensional space tractable is dimensionality reduc-
tion: PCA, t-SNE, or UMAP project a high-dimensional
latent space onto a lower-dimensional manifold that can
be mapped directly to a controller surface (Caillon and
Esling, 2021; Bacon et al., 2025; Scurto and Postel, 2023).
This expedites exploration, but at the cost of the variability
available to the user: dimensionality reduction inevitably
discards structure, and the regions reachable through the
reduced representation are a strict subset of those present
in the original space. PCA in particular has been shown
to distort complex manifolds in ways that produce sys-
tematically misleading conclusions (Elhaik, 2022). For
a creative endeavour, a reduced palette risks constraining
the very aesthetic possibilities the practitioner set out to
discover. Furthermore, dimensionality reduction requires
prior knowledge of encodings of a representative dataset
in the high-dimensional space, which may not be given.

An additional consideration comes from the topology of
learnt latent representations themselves. Information in a
trained neural network is not aligned to coordinate axes;
the “privileged basis” assumption — that individual dimen-
sions carry interpretable, disentangled meaning — fails
in practice, with most neurons exhibiting polysemantic-
ity across multiple unrelated network states (Marshall and
Kirchner, 2024; Elhage et al., 2023). Any system of explo-
ration which tends to induce axis-alignment will therefore
systematically under-sample regions where much meaning
actually resides. We contend that an effective exploration
strategy rests on sampling along many arbitrary trajecto-
ries through the space, not only its coordinate axes or the
principal axes of some prior distribution.

To address these two challenges, we propose an interface
(depicted in fig. 1) that supports practitioners in exploring
a latent space. Rather than reducing the dimensionality of
the target space, the interface offers a set of complementary
tools for constructing and traversing arbitrary axes: ran-
dom anchor points, coverage-maximising sampling of un-
derexplored regions, linear interpolation and extrapolation
between any two saved points, and dense quasi-random tra-
jectories (hyperspirals) around a chosen centre. Together
these tools aid the user in surveying the high-dimensional
space without requiring prior knowledge of the data distri-
bution and without sacrificing the structure available in the
full-dimensional space.?

In order to assess its capabilities in real use, we apply this
interface to a 128-dimensional neural audio decoder and
evaluate it against a per-dimension slider baseline in a con-
trolled within-subjects experiment. Our analysis focuses
on the following questions:

RQ1 Does the node-based interface lead users to explore
a structurally richer subspace of the latent space com-
pared with a slider-based baseline?

RQ2 Does the node-based interface provide higher cre-
ativity support for the task of mapping a playable in-
strument from a neural audio synthesizer?

A live demo of the proposed interface, as
well as the Dbaseline interface, is available at
https://appendix.leoauri.com/ehds/demo/

RQ3 Does the node-based interface lead participants to
commit to more latent space mappings?

Section 1.1 gives an overview of other work related to
utilisation of high-dimensional representations.

Section 2 outlines our methodological approach, including
detailed descriptions of our proposed interface (section 2.2)
and our baseline comparison (section 2.3).

Section 3 summarises our experimental observations across
creativity support (section 3.1) and behavioural (sec-
tion 3.2) metrics as well as a structural analysis of the
explored subspaces (section 3.3).

A synthesis of our results (section 4) offers insights into
the mechanisms underpinning the significant differences
in outcomes observed through the use of our proposed
interface.

1.1 Related Work

The proliferation of sonic possibilities in electronic mu-
sic has been noted as a defining challenge since the ad-
vent of electro-acoustic technologies (Emmerson, 1986,
p. 18; Demers, 2010, p. 21-22), a trend that accelerated
sharply with computational tools (Chadabe, 1997, ch. 5;
Wanderley, 2023). As synthesizers and audio software
exposed ever-larger parameter spaces to practitioners, a
dedicated research tradition coalesced around the problem
of mapping: constructing tractable, performable control
relationships between gestural input and sonic output (see
e.g. Hunt and Kirk, 2000; Miranda and Wanderley, 2006;
Wanderley, 2023). The high-dimensional continuous latent
spaces produced by variational autoencoders constitute a
modern instance of the same challenge.

The predominant strategy for making such spaces naviga-
ble is dimensionality reduction. PCA projection is built
directly into the RAVE architecture (Caillon and Esling,
2021) and is adopted in numerous musical applications of
RAVE-based synthesis (Visi, 2024; Shepardson and Mag-
nusson, 2023; Reus, 2024). Alternative non-linear map-
pings via variational autoencoders (Limberg and Zhang,
2024) or other learned methods (Fried et al., 2014) project
the high-dimensional space onto a 2D control surface, sup-
porting both navigation and visual inspection of a sound
dataset. Liu et al. (2019) introduce latent space cartog-
raphy, a framework that makes the topology of a learned
space inspectable; the approach itself, however, operates
on an already dimensionality-reduced representation. Em-
bodied exploration approaches invite practitioners to move
through a reduced latent space using physical controllers or
body motion, via an embodiment framing of compositional
tasks (Bacon et al., 2025) or the soundwalk paradigm of
Scurto and Postel (2023), in which participants navigate
a physical space mapped onto a latent space. All of these
strategies trade off coverage of the full-dimensional space
in exchange for tractability, and many presuppose some
prior knowledge of that space’s topology.

A complementary body of work seeks to either imbue the
structure of learnt spaces with predefined characteristics,
or to find mappings to already known spaces. Paek et al.
(2025) demonstrate that perceptually meaningful acoustic
features correspond to near-linear axes in learned audio rep-
resentations, enabling direct manipulation of timbral prop-
erties along interpretable directions. Esling et al. (2018)
enforce such structure at training time, using perceptual
ratings from timbre studies as a regularisation objective.
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Analogous approaches in the visual domain regularise via
geometric priors (Zeng et al., 2025) or exploit functional
maps between disparate latent spaces (Fumero et al., 2024).
Text—audio contrastive pre-training provides an alterna-
tive access channel by aligning audio latent spaces with
a jointly trained language representation (Huang et al.,
2022; Wu et al., 2023). Other strategies sidestep high-
dimensionality by disentangling interpretable factors at the
model level (Limberg et al., 2025; Nitzan et al., 2020), or
by recasting generation as a language-modelling problem
over discrete codebooks (Borsos et al., 2023; Kumar et al.,
2023).

Visual interface design offers a final set of precedents. Re-
search in live coding (TOPLAP, 2005; Rein et al., 2018)
investigates ad-hoc, exploratory creation of music and vi-
suals for live audiences and correspondingly values real-
time discovery. While most live coding environments are
text-based, visual programming extensions for Snap/ (Ro-
magosa et al., 2025; Ball et al., 2019) offer node-based
interfaces with a comparable visual vocabulary; their fo-
cus, however, remains on programming logic rather than
direct manipulation of a continuous parameter space.

2 METHOD

We developed a node-based interface to support high-
dimensional space exploration as well as a baseline slider-
based interface for comparison. Complete code of the in-
terface, backend, and analysis implementation is available
from our repository.’

2.1 Concept and Design Process

We designed the proposed interface through multiple iter-
ations with the authors themselves attempting to explore
various 128-dimensional latent spaces. Through the design
iterations, we identified a workflow where users sample
random points in the latent space and then explore their
neighbourhood, for example by interpolating between two
interesting points, or by sampling the vicinity of a known
point. We further refined the user interactions of the pro-
posed interface, as well as those of the baseline compar-
ison interface, through pilot testing with users that were
involved neither in the design process nor in the subsequent
user study. Thereby we brought both interfaces to a state
where usability issues did not impede smooth use, such
that the interfaces could be fairly compared on the basis of
their differing conceptual underpinning.

Conceptually, the node-based interface exposes a high-
dimensional space through a visual canvas of intercon-
nected nodes (fig. 1). A node on the canvas represents a
single /N-dimensional vector that prescribes a point in the
target space. To give users feedback, the selected node’s
corresponding vector is continuously streamed to produce
audio output as further described below in subsection 2.4.

Importantly, the canvas is only a workspace for the explo-
ration itself, not a rendering of the high-dimensional space
the nodes represent. Users place nodes freely, arranging
the points they have found or generated and laying out
the trajectories along which they are exploring, without
affecting the vectors the nodes represent. The interface
serves as a “map” in the sense laid out in section 1: a
designed link between interface and sound source, and,

*https://github.com/leoauri/fulldim-interface/
tree/publication

importantly, not in a “cartographic” sense: the interface
does not impose a distance or direction correspondence
between canvas and target space. Any approach that did
preserve such correspondence would amount to a linear
projection of the space onto two dimensions, reintroducing
exactly the loss of reachable structure this work sets out to
avoid.

Our aim is therefore not to render a high-dimensional space
spatially legible, but to give practitioners the means to ex-
plore it in the service of creative work. What the free layout
does afford is an intuition for the structure of the user’s
own exploration: which points were reached from which,
which axes have been traversed and how far, and the oppor-
tunity to arrange points to reflect the user’s own emerging
spatial understanding of the manifold they have exposed
(spatial representations are shown to underlie even non-
spatial cognition, see Bellmund et al., 2018; Behrens et al.,
2018, including for sound-frequency tasks, see Aronov
etal., 2017).

In the following, we describe our prototype in more detail.

2.2 Node-based interface (proposed)

Four node types each represent a fixed point in the target
N-dimensional space; we refer to these collectively as
anchor nodes. When a user clicks on (selects) an anchor
node, the interface begins to output the vector (point in
N-dimensional space) represented by that node. Users can
also assign a key to a selected node to quickly switch the
output vector. The four anchor nodes are:

Origin nodes represent the zero vector 0%V This allows
users to access the origin of the high-dimensional space,
which may carry special significance (due to training
regularization, it happens to encode silence in some
learnt latent spaces), as well as interpolating towards it,
or sampling its vicinity.

Random nodes allow a user to sample randomly from the
high-dimensional space. Random nodes hold a point
sampled uniformly from {—1,1}" at creation time;
pressing the space bar while a random node is selected
resamples it, substituting the currently held vector for
the newly sampled one.

Unexplored nodes provide a mechanism to identify and
sample from regions of the high-dimensional space
which are most sparsely represented by existing nodes
in the workspace. Unexplored nodes apply a coverage-
maximising algorithm (described below) to propose a
point in a region not yet represented by any existing
node on the canvas.

Pin nodes allow the user to save points from explorations
between or around nodes. Below we detail the mech-
anisms by which users can interpolate between, ex-
trapolate from, and explore around existing nodes.
Any point along these explorative trajectories can be
“pinned” by clicking a pin icon, which saves that point
to a new pin node. The pin node can then be used as
an anchor for further exploration.

Interpolation and extrapolation. The anchor nodes out-
lined above provide fixed points; the Interpolation node
described here turns any two of them into a direction of
travel. Two points in the space jointly define an axis: the
line running through both and onwards in either direction.
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Such an axis is not aligned with the space’s coordinate axes
in general, and constructing it demands no prior knowledge
of the space’s structure — it is determined solely by points
the user has retained. The stretch of the axis lying between
the two points passes through their intermediate mixtures,
while continuing past an endpoint carries on in the same
direction, potentially pushing further into the features dis-
tinguishing one point from another. This is the interface’s
means of constructing arbitrary axes as motivated by sec-
tion 1: it hands the user a one-dimensional, continuously
playable handle on the full-dimensional space, oriented by
material the user opts to explore rather than by the model’s
basis.

Concretely, dragging a connection between any two an-
chor nodes creates an Interpolation node together with a
track joining the two parents. The Interpolation node is a
type of connection node: unlike an anchor node it holds
no fixed point of its own, but rides on the track between
its parents and, when selected, outputs whichever point
of the trajectory its current position designates. Sliding
the Interpolation node along the track outputs the linearly
interpolated vector between the two endpoints; moving the
node beyond either endpoint extrapolates along the same
axis. Hitting the pin icon on a connection node captures its
current output into a new Pin node, which can in turn be
selected, interpolated, or assigned to a key.

Unexplored sampling algorithm. This algorithm se-
lects a new Unexplored node’s vector, providing a means
to sample from relatively unexplored regions of the N-
dimensional space. Given the set V of all vectors currently
saved on the canvas, the algorithm estimates the empirical
mean g and isotropic variance o2 of V, then draws 500
candidates from a uniform distribution scaled to the same
spread. Each candidate c is scored as

2
ste) =exp( -5 (1)) migle = vl )

The score rewards large nearest-neighbour distance from
existing points while penalising candidates far from the
empirical centroid, preventing spurious tail samples. 8 =
2/N scales inversely with dimensionality, with the numer-
ator chosen empirically to balance the tail penalty with the
nearest-neighbour reward. The candidate with the highest
score is adopted as the node’s vector.

Hyperspiral traversal. An interpolation axis is re-
stricted to the single axis between two points. Frequently,
though, the user holds a single point of interest and wants
to hear what surrounds it, in order to ascertain variations
that are possible via small deviations in the latent space. A
hyperspiral winds outward from a chosen centre, turning
continuously as it travels, such that a single control sweeps
through many directions while its distance from the centre
grows steadily (see fig. 2). Positions early in the trajectory
are slight perturbations of the centre, those later in it depart
ever more sharply, and each arrives from a direction the
previous ones did not take. The trajectory is fixed by coeffi-
cients drawn at random, so a second hyperspiral around the
same centre sweeps an independent family of directions,
letting the user survey a point’s surroundings repeatedly
without retracing the same path.

Concretely, a Hyperspiral node encodes the set of coef-
ficients required to trace a hyperspiral trajectory (see the

d

Figure 2: Example hyperspirals shown to participants in 2
dimensions (top row) and 3 dimensions (bottom row).

hyperspiral algorithm below) around a centre point. A
Hyperspiral node does not anchor a specific point in the
N-dimensional space. Linking a Hyperspiral node to an
anchor node generates a dedicated track carrying a con-
nection node of its own. This node looks and behaves
exactly as an Interpolation node does — it is slid along its
track, pinned, and assigned to keys in the same way — but
the positions it outputs follow the hyperspiral around the
anchor rather than a straight-line path.

At initialisation a Hyperspiral node draws NN coefficients
ai,...,ay uniformly from [0,25]. Because they are
drawn continuously, they are rationally independent with
probability one, ensuring the trajectory is dense on the hy-
persphere and never self-repeats. Given a centre vector vy,
the output is v(t) = v + r(t), where the trajectory param-
eter ¢ is given by the position of the connection node along
its track: ¢ = 0 at the anchor node holding the centre and
t = 1 at the Hyperspiral node itself, with positions beyond
the latter continuing the trajectory outward. The offset r(¢)
is computed as follows. An unnormalised Lissajous point
is formed with x;(¢) = cos(a;t) for each dimension, then

projected onto a hypersphere of radius r = t1/2N/3:
r(t) = —— x(1). @)
%)l
The radius scaling ensures that at ¢ = 1 the offset

equals \/2N/3, the expected Euclidean distance between
two points drawn uniformly from [—1, l]N , providing a
dimensionality-independent sense of scale.

Keyboard mapping. As mentioned before, nodes can
be bound and selected via key presses for rapid output
vector switching. A Keypress node binds a keyboard key
to an existing anchor node, activating that node when the
assigned key is pressed. As a shortcut, pressing an unas-
signed key while any unmapped anchor node is selected
automatically creates the corresponding Keypress node.
When invoked on a connection node, this shortcut addition-
ally creates a Pin node capturing the node’s current output,



so that a single keypress recalls a specific position along
the interpolation axis or hyperspiral.

2.3 Slider-based interface (baseline)

To analyse the effect of our proposed interface, we de-
signed a baseline interface that exposes the latent space
directly, without any additional tools for exploration such
as sampling a point’s neighbourhood. Notably, all other
exploration tools for high-dimensional spaces known to
us from the literature rely on dimensionality reduction
techniques to make an exploration manageable, which
this paper specifically aims to avoid. As such, the base-
line interface reflects the most common approach to high-
dimensional parameter control for audio equipment: a
dedicated continuous control per dimension. Unlike pa-
rameter control for audio equipment, we are specifically
dealing with an entirely unknown high-dimensional space.
As such, we deliberately avoided any analysis-driven ar-
rangement of the controls or labelling. Instead, sliders are
placed at random positions at initialisation, while the end-
points of each slider can be repositioned freely by the user
(see fig. 3). This allows participants to, for one, organise
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Figure 3: One participant’s completed slider interface pre-
set.

the layout according to their own emerging understanding
of the space, as well as deciding between precision (more
distant slider endpoints) and increased range (closer slider
endpoints) per dimension as required.

Each slider maps linearly to a single dimension of the target
N-dimensional vector. Slider endpoints represent values
from -1 to 1. Sliders can be moved beyond the endpoints,
so that the output values are not constrained to the range
defined by the endpoints.

To support recall of discovered sounds, the interface shares
a subset of the node-based interface’s vocabulary: Pin,
Origin, and Keypress nodes are available via a top drawer.
A Pin node captures the current output vector and can be
dragged onto the canvas; an Origin node holds the zero
vector 0V, Keypress assignment follows the same shortcut
as the node-based interface: pressing an unassigned key
while an unmapped Pin or Origin node is selected binds
that key to the node’s saved vector.

2.4 Neural audio backend

Both interfaces stream their /N-dimensional output vectors
in real time via the Open Sound Control (OSC) proto-
col (Wright and Freed, 1997). An audio backend running

in Max* receives these vectors and routes them to a trained
RAVE (Caillon and Esling, 2021) neural audio decoder run-
ning via the anira~ external® for real-time audio inference.
Continuous, low-latency audio feedback is essential to the
exploratory nature of the task: immediate response of the
audio output as movement occurs supports participants’
navigation of the latent space.

To give participants access to the full 128-dimensional
latent space, the RAVE models were exported without
the PCA reduction layer described in Caillon and Esling
(2021). Only the decoder components are used; the encoder
is discarded for the experiment.

Participants may select between two models trained on
qualitatively distinct datasets. The first was trained on
GTSinger (Zhang et al., 2024), a large multilingual dataset
of singing voices spanning a range of vocal techniques and
styles. The second was trained on a synthetic dataset of
summed sine tones with randomised frequencies and ampli-
tudes®, producing a timbral space of inharmonic, spectrally
varied sounds. Offering a choice of model was motivated
by pilot observations in which participant responses to
a single model varied considerably; providing two con-
trasting timbral worlds reduces the risk that a dispreferred
sound aesthetic distracts from the interface evaluation.

2.5 Participants

We recruited participants from a list of individuals main-
tained by the principal investigator who have previously
expressed interest in study participation.

N = 16 individuals enrolled in our study. Participants
reported their genders as follows: 9 female (56.2%), 6 male
(37.5%), 1 chose not to say (6.2%). Of the 15 who provided
demographic information, participants had a mean age of
3493 (SD = 4.82).

We asked participants to provide scores for the Goldsmiths
Musical Sophistication Index (Gold-MSI), a survey instru-
ment designed to assess “musical skills and behaviours on
multiple dimensions in the general population” (Miillen-
siefen et al., 2014). We used the short-scale version of
the survey available from GMSI Team (2013). Figure 4
summarises the Gold-MSI scores across our participants.
Compared to the reference sample of the general popu-
lation, our participants are up to 1 point higher on the
Gold-MSI subscales on average (7-point scales), while still
showing spread on all subscales other than “Emotions”.

2.6 Task

Our primary interest is in revealing how effectively each in-
terface supports exploration of a high-dimensional space —
specifically, whether participants can surface a structurally
diverse set of points that they judge to be sonically inter-
esting or useful to them. To obtain a concrete, measurable
endpoint, we asked participants to construct a playable

*https://cycling74.com/products/max

Sanira~ (https://github.com/anira-project/anira_
tilde) wraps the anira library (Ackva and Schulz, 2024), a real-
time safe neural network inference library, for processing in Max.

%The summed sine dataset is available from
https://appendix.leoauri.com/ehds/#dataset or
https://doi.org/10.5281/zenodo.22012306 and code to
generate synthetic datasets with similar characteristics from
https://github.com/leocauri/tone-datagen/tree/
publish-EHDS.
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Figure 4: Averaged scores over the Gold-MSI subset ap-
plied. Each scale shows mean and range of participants. In
red the reported population mean and standard deviations
from Miillensiefen et al. (2014).

instrument by assigning discovered sounds to keys of the
computer keyboard. This framing is advantageous because
it requires participants to commit to specific points in the la-
tent space, giving us a well-defined, quantifiable artefact of
exploration. Furthermore it can be specifically motivated
by our asking participants to perform a live demonstra-
tion of their finished instrument mapping using only the
keyboard interface in a second step.

During the study overview participants were given the
following task description alongside background material
introducing the concept of a high-dimensional space and
the specific concepts relevant to the task (see repository).
The task description was also shown during each interface
condition for reference.

Task description:

1. Explore the diversity of possible sounds avail-
able in the sound space.

2. Create an instrument mapping for the keyboard
by assigning sounds you discover to keyboard
keys. Aim to create an instrument that demon-
strates the breadth of sounds available in the
sound space.

3. Record a demonstration — once your mapping
is complete, we will create a short recording in
which you demonstrate the range of sounds you
have discovered using the mapped keyboard
keys.

Referring again to our definitions of “exploration” and
“mapping” from the introduction, our task is directly aimed
at eliciting a search of a high-dimensional space for cre-
atively valuable material. The points surfaced should be
used to create an instrument mapping, which both moti-
vates the search as well as giving us a tangible outcome we
can analyse. The participant’s own valuation of the mate-
rial is intrinsic to the design goal of the tool. Our choice
of a broad task which leaves room for participants’ own
aesthetic opinions is therefore deliberate. A more narrowly
defined task might allow for a more concrete analysis of
outcomes, but would no longer compare the interfaces in
terms of our intent. Our interest is in developing a more
useful interface for surfacing creatively valuable material
in an unknown high-dimensional space.

2.7 Experimental procedure

Each session proceeded through the following steps, with
interface condition order counterbalanced across partici-
pants:

1. Study overview.
2. Tutorial for the first interface condition.

3. Model selection: participants chose between the two
audio-producing models. In order to make participants
aware of the models’ respective sonic characteristics,
random samples were generated by sampling from
[—1,1]" at regular intervals.

4. First interface condition.
5. Demonstration recording for first condition.

6. Creativity Support Index (CSI) agreement statements
(see section 3.1) for first condition.

7. Optional break.

8. Tutorial for the second interface condition.

9. Second interface condition.
10. Demonstration recording for second condition.
11. CSI agreement statements for second condition.
12. CSI paired-factor comparisons.
13. Gold-MSI background questionnaire.

The complete experimental flow was implemented as a
single automated sequence (see footnote 3).

Tutorial. Each interface condition was preceded by a
tutorial during which each element of the respective in-
terface is introduced and explained. The participant was
asked to demonstrate use of the interface elements. In order
not to precede familiarity with the space of sounds gen-
erated by the neural audio synthesizer, during the tutorial
the interface drives an 8 parameter basic synthesizer patch
(oscillator + biquad filter) (see footnote 3).

Figure 5: Unexplored node algorithm visualisations shown
to participants.

In order to scaffold concepts important to the node-based
interface, visualisations depicting hyperspiral trajectories
(see fig. 2) and the operation of the unexplored sampling
algorithm (see fig. 5 and section 2.2) are shown during the
respective tutorial.

Demonstration recording. No time limit was imposed
on participants’ task completion. Once participants indi-
cated they were finished with the task, the experimenter
prompted them to make sure that all desired sounds had
been mapped to keys, as they were only to use the keyboard
interface for the demonstration recording.
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3 RESULTS

We compared our proposed interface with the baseline
interface in a controlled within-subject experiment. We
collected participant usage data including final interface
presets, timing data, and demonstration data, as well as
questionnaire responses. The raw data is available from
our supplementary materials’.

Here we outline the collected metrics and our analyses.
Analysing both users’ objective interface use as well as
their reported subjective experience allows us to finally
synthesise stronger conclusions with regards to the ef-
fectiveness of the proposed interface for making a high-
dimensional space tractable.

3.1 Creativity Support Index

The Creativity Support Index (CSI) is “a psychometric sur-
vey designed for evaluating the ability of a creativity sup-
port tool to assist a user engaged in creative work” (Cherry
and Latulipe, 2014). The instrument comprises two parts:
a set of twelve agreement statements and a paired-factor
comparison section. The agreement statements produce
subscores along 6 dimensions of creativity support for a
given creativity support tool. The paired-factor compar-
isons are administered per-task and produce weightings
for the 6 factors, allowing the calculation of a participant’s
total CSI score out of 100. This weighting makes the index
“more sensitive to the factors that are the most applicable
in a given situation” (Cherry and Latulipe, 2014). Since
we compare a single task over two interfaces, the agree-
ment statements were administered twice, directly after
each condition, and the paired-factor comparisons once in
conclusion.

Figure 6 shows participant ratings on CSI subscales per
condition. Figure 7 summarises participants’ individual
paired-factor comparison counts. Figure 8a shows CSI
scores computed from participants’ subscale scores and
paired-factor comparisons.

Table 1, fig. 9, and fig. 8b show the per condition effect on
CSI scores: significant effects for Expressiveness, Enjoy-
ment, Exploration, and Results Worth Effort subscales, as
well as CSI total.

3.2 Behavioural outcomes

We recorded the duration participants spent on task as well
as the number of nodes with keyboard mappings assigned.
Table 2 and fig. 10 show differences in behaviour between
conditions: a significant effect on number of keyboard
mappings was observed.

3.3 Structural analysis of explored subspace

We collate the complete set of vectors with keyboard map-
pings assigned across all participants for each condition
and analyse the geometric structure of the explored sub-
space. To characterise how far participant explorations
departed from the coordinate axes, we apply two comple-
mentary sparsity measures to each mapped vector.

7All raw data collected from our experiments, including com-
pleted presets, preset screenshots, timing data, experiment meta-
data and questionnaire responses is available from Zenodo at
10.5281/zenodo.22012307.
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Table 1: Condition effects (node vs. slider) on CSI scales. * indicates p < 0.05.

Scale Mean (slider) Mean (node) Mean diff  ¢(15) P d
Expressiveness 10.000 13.188 3.188  3.404 0.004* 0.851
Enjoyment 12.188 15.812 3.625 2497 0.025* 0.624
Exploration 10.500 14.000 3.500 3.530 0.003* 0.882
Immersion 10.562 12.188 1.625 1.516 0.150 0.379
Results Worth Effort 10.688 14.125 3438 2556 0.022*% 0.639
Collaboration 2.000 1.750 -0.250 -0.262 0.797 -0.065
CSI Total 54.292 68.396 14.104  3.512 0.003* 0.878
Table 2: Condition effects (node vs. slider) on behavioural outcomes. * indicates p < 0.05.

Metric Mean (slider) Mean (node) Mean diff  #(15) P d

Duration 808.413 900.436 92.024 0.641 0.531 0.160

Key Mappings 9.500 13.375 3.875 3.139 0.007* 0.785

Expressiveness
t(15)=3.404, p=0.004

Enjoyment
(15)=2.497, p=0.025

Exploration
(15)=3.530, p=0.003
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Figure 9: CSI subscale score differences (node minus
slider) for all six subscales, mean, and 95% CI.
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participant, mean, and 95% CI: a) (left) time spent on task;
b) (right) total keyboard mappings at task completion.

Hoyer sparsity (HS), introduced in Hoyer (2004), is derived
from the ¢1/¢5 ratio:
v — [Ixl /]2

3
Ve 3)
HS equals 1 for a one-hot (coordinate-axis) vector and 0O
for a vector with equal energy in all components.

Participation ratio (PR) (Bell and Dean, 1970; Gao et al.,
2017) quantifies the effective number of active dimensions:

“

PR equals 1 for a one-hot vector and n for a vector with
perfectly uniform energy. Because it weights dimensions
by their squared contribution, it is less sensitive than HS
to components with small magnitude. Figure 11 visualises
both sparsity metrics on 2-dimensional values.

HS(x) =

_ x5
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HS(x) PR(x)
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Figure 11: 2D polar plots comparing Hoyer sparsity (HS)
and participation ratio (PR).
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Figure 12: Sparsity and effective participation ratio of
latent vectors produced by node and slider exploration.

Figure 12 shows the distribution of both measures by con-
dition. Slider-mapped vectors had a median HS of 0.887



Table 3: Ordering effects (first vs. second condition). * indicates p < 0.05.

Scale/Metric Mean (first) Mean (second) Mean diff — #(15) P d
Expressiveness 12.500 10.688 -1.812  -1.569 0.138 -0.392
Enjoyment 15.250 12.750 -2.500 -1.560 0.139 -0.390
Exploration 12.750 11.750 -1.000 -0.760 0.459 -0.190
Immersion 11.438 11.312 -0.125 -0.109 0915 -0.027
Results Worth Effort 13.188 11.625 -1.562  -1.002 0.332 -0.250
Collaboration 2.375 1.375 -1.000 -1.085 0.295 -0.271
CSI Total 64.438 58.250 -6.188 -1.194 0.251 -0.299
Duration 1042.929 665.920 -377.009 -3.484 0.003* -0.871
Key Mappings 12.812 10.062 -27750 -1.934 0.072 -0.484

and a median PR of 2.18, indicating energy concentrated in
very few dimensions. Node-mapped vectors had a median
HS of 0.177 and a median PR of 58.91, indicating energy
spread across a substantial fraction of the 128 dimensions.

4 DISCUSSION

Our experimental results lend strong evidence to our pro-
posed interface offering an effective tool for exploration
of high-dimensional spaces for creative purposes. Partic-
ipants rated the interface significantly higher on the CSI,
addressing RQ2. Participants mapped more points in the
latent space using the proposed interface, adressing RQ3.
While the behavioural measure alone might be explained
by arbitrary differences in interface design, taken together
with the significantly higher CSI ratings, it suggests that
our interface better surfaced points participants deemed in-
teresting or useful, thus offering greater creativity support.

Aside from time spent in condition, no strong ordering
effects were observed (see table 3). No effect of model
choice on CSI difference (see fig. 13) was observed. No
significant correlation of Gold-MSI subscales with CSI per
condition effect was observed (see fig. 14).

Our structural analysis reveals qualitative differences in
how participants explored the latent space across the two
conditions, directly addressing RQ1. The 2D PCA pro-
jection (fig. 15) makes this difference visually apparent:
vectors mapped under the node condition form a com-
pact, distributed cloud, while vectors from the slider con-
dition cluster along narrow corridors or extend to distant
extremes.

The distribution of vector norms (fig. 16) illuminates the
predominant strategy in the slider condition: participants
drive individual sliders to extreme values, producing vec-
tors far from the origin, while the region close to the origin
— where combinations of many dimensions might have
produced interesting sounds — remain comparatively un-
explored. This reflects a natural tendency when working
with independent per-dimension controls: one slider is
turned up to find a sound, then another, without the inter-
face encouraging combinations across many dimensions
simultaneously.

The sparsity measures (fig. 12) clearly quantify the underly-
ing structural difference. Slider-mapped vectors evidence
high sparsity and participation ratios indicating energy
tending to be concentrated in fewer than three dimensions
— vectors lying very close to (on) coordinate axes. Node-
mapped vectors were comparatively less sparse and showed
a participation ratio consistent with energy distributed
across a substantial fraction of the 128-dimensional space.
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Figure 13: CSI difference by model choice subgroup. Con-
fidence interval of each subgroup encompasses the mean
of the other: no evidence for an effect on CSI difference
by model choice.
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Figure 14: Correlations of Gold-MSI scales with CSI per
condition effects, 95% Cls. No significant effects observed.



PCA of keypress vectors by condition

node
250 4 slider
200 A
=< 150 A
R
~
[o)]
=)
S 100 A
o
50 A
01 ’
=501+ T T T T T T T
-50 0 50 100 150 200 250 300
PC1 (34.5%)
Central 90% (zoomed)
node
14 slider
0.
" e
SR e ©
— " i oed
T -1 ST WS ¢
~ ry ':d!
(2] HJ®
-
~ ? 4
g -2
° L J
_3-
—4 4
-5 -4 -3 -2 -1 0 1
PC1 (34.5%)
Central 80% (zoomed)
node
0.0 1 slider
L J
-0.5 . of R
X ) ®) L) .
R -1.01 o g%, 2
~ @
2 o® 8
S -1.51
o
—2.0 A
o
[ )
—2.5 1

=35 -3.0 -2.5 -2.0 -1.5 -1.0 -0.5
PC1 (34.5%)

Figure 15: PCA of keypress vectors by condition.
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Figure 16: L2 norms of mapped vectors. Participants
consistently map vectors far from the origin in the baseline
interface.

Node-mapped vectors resemble typical draws from a multi-
variate distribution, while slider-mapped vectors are largely
restricted to low-dimensional coordinate subspaces.

These results speak directly to the concern raised in sec-
tion 1: the slider interface does not merely lead users to
explore a different region of the latent space, but rather a
fundamentally different structure of it. Because informa-
tion in trained neural representations is not aligned to co-
ordinate axes (Marshall and Kirchner, 2024; Elhage et al.,
2023), axis-aligned exploration will systematically miss
much of the perceptually meaningful variation available in
the full space. The node interface, by encouraging inter-
polation along arbitrary directions between saved points,
steers participants naturally toward the denser, more com-
binatorially rich regions of the latent space. Taken together
with the significant CSI advantage observed in section 3.1,
these findings suggest that the structural richness of ex-
plored subspace and perceived creativity support are mu-
tually reinforcing: delving more deeply into the space led
to explorative experiences which participants found more
expressive, enjoyable, and worth the effort.

4.1 Limitations

We tested nine outcomes for statistical significance at p <
0.05, of which six were significant. Under the Benjamini—
Hochberg framework (Benjamini and Hochberg, 1995), the
estimated false discovery rate among these six results is
9 x 0.05/6 ~ 7.5%, meaning fewer than one of the six
reported effects is expected to be a false positive.

Our sample size of n = 16 limits the possibility to detect
more subtle effects and analyse subgroups. Further, giv-
ing participants more time and situating the tool within a
more realistic setting for their creative work might also
produce different results. Given the short time, the novelty
of the interface may have had an effect on participants’
perception.

5 CONCLUSION AND FUTURE WORK

In this paper, we proposed a user interface for exploring
and mapping high-dimensional spaces. By providing users
with a set of tools in a novel node-based interface, we
enabled their exploration to proceed beyond the space’s
coordinate axes. In a user study, we compared our interface
to a baseline interface that simply provides sliders control-



ling each of the 128 parameters of a real-time neural audio
decoder. We found that users in our interface were more
likely to deviate from the coordinate axes, mapped more
points in the space they deemed interesting, and indicated
a comparatively high creativity support index.

In the future, it would be interesting to repeat our experi-
ment with different models—both other audio models as
well as models for text or image generation. A systematic
ablation of the provided tools should also be undertaken
in order to uncover the effect of individual exploration
strategies. Our interface already provided various ways
for users to interactively “move” through the space using
direct manipulation. Beyond this, it would be interesting to
investigate further ways for users to interactively navigate
high-dimensional spaces, such as through simulated forces
and/or external musical instrument interfaces. This would
allow us to extend our analyses beyond mere static points to
encompass the possibilities of dynamic trajectories moving
through high-dimensional space.
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