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Figure 1: VibeFM’s interface to explore FM synthesis configurations: A) Menu for sampling, exports, and layout & encoding
options. B) Overview visualization with glyphs placed by similarity; here, the mel-spectrogram glyph. C) Provides interaction
with the selected sample and details on meta information (e.g., algorithm) and sound characteristics (e.g., envelope shape).

D) Overview of parameter variety.

Abstract

We propose VibeFM, an interactive visual approach for sampling,
exploring, and identifying novel synthesizer sounds using fre-
quency modulation (FM). Our approach is based on two steps:
First, we systematically sample parameter combinations to create
a set of sound samples. We then provide a visual overview that
shows each sample as a small visualization and orders them spa-
tially by similarity. Our premise is that, by visualizing key audio
features, one can quickly parse a large collection of samples with-
out listening to all of them. Furthermore, the approach supports
serendipitous discovery of new sounds during the creative com-
position process. Using VibeFM, we created a soundtrack faster
than our usual estimated time and also discovered new and in-
teresting sounds. In semi-structured interviews, one professional
composer and two experienced musicians found our approach to
be a convenient complement to synthesizer programming.
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1 Introduction

During the instrumentation phase of a music composer’s work-
flow, they seek suitable instruments and like to experiment with
new sounds [53]. A modern approach widely used by musicians
and composers of all skill levels is using synthesizers and arti-
ficial sounds. One way to synthesize sounds [47] is frequency
modulation (FM) synthesis [7], a modulation technique with mul-
tiple oscillators to shape sound, iconic for its futuristic, electronic
sounds. A famous FM synthesizer is the Yamaha DX7, which
consists of six operators structured by an algorithm, for a total of
144 parameters. For effective use, composers must find a suitable
configuration from a vast space of possible configurations [10].

Currently, composers use fixed presets or manually tune hun-
dreds of synthesizer parameters. Presets are usable but offer
limited flexibility due to subjective needs [53]. In Contrast, man-
ual tuning is flexible but cumbersome [24] even for experts and
necessitates considerable expertise [21]. Our goal is to provide a
new approach that balances this tradeoft.
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We propose a user-centered, visual approach called VibeFM
(Visualization and Interactive Bandwidth Exploration for FM
synthesis) to search for sounds and support creativity [52]. For
this, we systematically sample from the large space of configu-
rations!. To process them, we provide a visual overview of the
samples, similar to visual analytics [22], specifically, visual pa-
rameter space analysis [48]. Visual overviews support systematic
exploration [10] of sampled spaces, and we allow interpolation
between samples to improve navigation compared to previous
trial-and-error methods. At first, composers might not know
where to start exploring, so we provide visual representations
to gain insights into sound characteristics. By using the con-
cept of auditory imaging [20], i.e., imagining sound from visual
representations, similar to notational audiation for notation [4],
we visualize key sound characteristics, such as the envelope or
brightness. Although visualization cannot replace listening to
sounds, showing sound features [42] allows composers to spot
interesting regions to investigate.

We conducted a case study, in which we created a soundtrack
to illustrate a creative workflow and serendipity in exploring
sounds. Compared to our usual workflow, we felt overall faster
and were inspired to use sound variations for stereo effects. In
semi-structured interviews, we received feedback from experts,
who generally liked our approach and saw potential for a useful
complement to programming synthesizers.

In summary, we contribute 1) the design of interactive visual-
izations to explore and select FM synthesizer configurations, 2)
an evaluation through a case study and expert interviews, and 3)
the web-based prototype source code (VibeFM?).

2 Background & Related Work

We cover related work on sound synthesis, synthesizer interfaces,
and visual analytics in related fields.

Frequency Modulation Synthesis: In frequency modula-
tion (FM) synthesis [7], the frequency of a carrier signal is varied
by another frequency or frequency rate (modulator), as shown
in Figure 2. Depending on different modulation levels (modula-
tion index), this process generates additional spectral components
(sidebands) around the carrier frequency. By adjusting these pa-
rameters, the spectral distribution and thus perceived timbre
of a sound can be controlled [38]. Combining multiple modula-
tion operations (algorithm) creates more complex sounds, where
modulators can themselves act as carrier signals. As this topic
extends beyond this work’s scope, we refer to existing literature
for further information [7, 38].

Sound Synthesis: For sound synthesis [47], in particular, FM
synthesis, many commercial emulators (NI FM8, Aparillo, Ble-
ass Omega) for real synthesizers like Yamaha GS-1, DX21, and
Modx+ exist. For our work, we chose Dexed?, which emulates
the Yamaha DX7 and provides all basic functionalities. To convey
parameter complexity, others use sound matching [43] to recre-
ate existing sounds or utilize deep learning techniques [14, 26]
to create sound directly. Because these are hard to control and
focus on recreation, composers have difficulties exploring these
models without appropriate overviews. Instead of directly creat-
ing a sound, other works aim to reconstruct configurations for
a given audio to solve parameter complexity [33, 57, 58]. But to
find sounds that meet a composer’s needs, one has to provide

1144 parameters, each around 100 values, equals around 102%° possible combinations
https://github.com/snrau/VibeFM
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Figure 2: A basic example of frequency modulation.

a similar audio file already. Still, this might not fully satisfy the
composer, whereas we support creativity by focusing on pro-
viding overviews of multiple similar configurations to explore.
Caspe et al. [6] propose a differentiable deep learning approach
that learns to use a portion of parameters, ultimately reducing the
number of controllable parameters. While this supports finding
common configurations, it introduces learned biases and hinders
experts in exploring sounds freely, trading flexibility for usability.
Conversely, we allow full control and provide a visual overview
of alternative configurations to reduce biases.

Interfaces: Instead of automatic ways, research proposed user
interfaces to make sound design more controllable. They often
use an iterative approach, where users sample sounds, select
suitable ones, and continue from there [9, 21]. Their focus lies on
sampling, through chats [3] and machine learning [51], which
might introduce bias and miss the desired output. Instead, Luke
et al. [29] let users vote for 16 candidates, which are used to
sample the next round. Due to missing visual overviews, users
have limited options to choose from and might miss out on other
options, which our work addresses. Easthope’s work [12] uses
a lightweight synthesizer to interpolate between sounds with a
web-based interface, but focuses on direct sound interpolation
rather than configurations. Further, Vaillant et al. [28] use visual-
ization to display preset and found that interpolation between
configurations provides better results than changing parameters.
Similarly, we allow composers to interpolate between samples
for interim sounds, ultimately providing more control and flex-
ibility. AudioStellar [17] and Cosmos® use visualization for a
corpus of sound presets but lack sampling and exploring novel
sounds. While selecting samples based on their visual represen-
tations is hard, we focus on providing information about sound
characteristics directly in the overview.

Visual Analytics: To the best of our knowledge, no prior
research addressed visual analytics for FM synthesis, but used
these concepts in other music domains. For example, Visualiza-
tion is used to analyze song structures [19] or harmonic contexts
in composition corpora [34], often including dimensionality re-
duction [44]. Visual analytics is used for exploring song collec-
tions [18, 36], Al-generated sample collection [41], or organizing
music collections with audio feature extraction [35, 36]. Rau et
al. [40] interactively sample melodies using Al and provide a
visual overview for exploration and selection, a highly subjective
task [5]. Our approach has similar goals for a different scenario,
but focuses on different sampling strategies, audio feature extrac-
tion, and representation.

4www.waves.com/plugins/cosmos-sample-finder
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Figure 3: Our intended workflow starts with sampling configurations (top left), then exploring the visual overview using
similarities and glyphs, picking interesting sounds and analyzing their features in detail, using interpolation, and iteratively

refining sampling again.

3 Design

For VibeFM’s development, we closely followed the design study
methodology [50], in which we worked with one expert, our
second author. He has six years of experience with FM synthesis
and has used and programmed various FM synthesizers, including
Dexed, in two movies and a few smaller projects. In bi-weekly
meetings, we extracted and evaluated user needs, tasks, metrics,
and visual design, and continually refined them over time.

Our target audience is professional composers, sound design-
ers, and musicians who search for instrumentation and exper-
iment with out-of-the-ordinary sounds using FM synthesis in
their artistic works.

We expect the following workflow from our users (Figure 3):
They start with sampling from presets or randomly with varying
degrees of change, depending on their intention. Afterward, they
explore the space using a visual overview with glyphs (small vi-
sualizations), analyze sound characteristics, and select promising
sounds. They might listen to a few sounds, mark their favorites
for later, or use interpolation for novel interim results. Users can
fine-tune favorites by sampling similar ones, repeating previ-
ous steps in the process. In the end, users export their marked
configurations for external use.

With our second author’s expertise, we identify tasks for sam-
pling and discover suitable sounds:

T1) Iteratively sample meaningful configurations,

T2) explore the space of configurations systematically and
select favorites,

T3) discover sound characteristics in sets of configurations,

T4) analyze the influence of parameters on the sound and find
appropriate values for sampling.

3.1 Data & Sampling

Our approach works with DX7 configurations emulated in Dexed.
These configurations consist of six different operators, each com-
bined by the algorithm for a total of 144 parameters. Sampling all

combinations of parameter values from the Cartesian product is
not feasible, so we reduce the number of parameters during sam-
pling. With our expert (second author), we iteratively removed
parameters used only for minor changes, aiming to obtain a small
subset that spans the soundscape well. Finally, we selected the
remaining 38 parameters (see Figure 4c), six for each operator,
including frequencies and rates, and two global ones. Based on
our experience, these have the largest impact on sound and form
and can therefore produce a wide range of sounds.

Similar to user behaviour in other works [40], we expect users
to explore either large subspaces for inspiration or to inspect
similar variations around a sound for fine-tuning. Without a con-
crete idea, composers can sample a wide range of configurations
to find variety and inspiration with reduced bias. For fine-tuning,
they would rather sample a subspace of similar sounds around
the seed by changing single parameters, operators, or all param-
eters in different portions (5%, 10%, 25% ...). In our prototype,
we render the audio by triggering a script on a local server that
uses Dexed to emulate the configuration and Reaper’s® built-in
recording function to store an audio file and calculate metrics for
the visualizations later.

3.2 Metrics

For composers to interpret our visual representations, we need
metrics that describe the nature of the sound for auditive imaging.
To find interesting regions, we need a way to measure the distance
between sounds and visually group similar samples.
Composers are highly interested in the timbre and envelope
of a sound [2, 31]. Based on previous work on timbre descrip-
tors for sounds [39], we chose three characteristics as a starting
point. First, composers must differentiate between harmonic and
percussive sounds based on their needs. To do so, we extract the
harmonic, percussive, and in-between features using harmonic-
percussive source separation [11]. Second, to learn more about

Sreaper.fm


https://www.reaper.fm/

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

>

= @
[} [
c =4
P =
[0 =
% o

Time Time
(a) Envelope. (b) Brightness.

R1 R2 R3 Lvl FC FF

OP1
.. .. High
AN ||
HE EHE o}
o HE "Nl g

o HIll HE
ore I HM

Alg .. Feedback Time

(c) Configuration. (d) Mel spectrogram.
Figure 4: Our different graphs/glyphs represent configura-
tion and sound characteristics: (a) Envelope glyph shows its
shape via rms-energy, (b) brightness glyph shows the cen-
troid frequency over time, (c) configuration glyph displays
values of chosen parameters (rates 1-3, levels, and frequen-
cies per operator, and algorithm and feedback) as color,
and (d) shows sound complexity in a mel-spectrogram.

a sound’s timbre, the perceived timbral brightness is a common
descriptor. We calculate the spectral centroid, which strongly
correlates with this brightness [46]. For later use, we use values
over time or calculate the mean. For composers to identify the
proper use of a sound, the attack (rise) and decay (fall-off) phases,
known as the envelope, are important characteristics. The rms-
energy (root mean square) reveals how a sound rises and decays
and strongly correlates with the envelope’s phases [15].

Composers are mainly interested in a sample’s sound, which
should be reflected in our distance measure. Instead of distances
between configurations, we use distances directly on rendered
audio with commonly used Mel-Frequency Cepstrum Coefficients
(MFCC) and the Euclidean distance [23, 30] This metric captures
timbre [54] and shows characteristic similarities to the composer.
In our prototype, we calculate all metrics using librosa [32] within
a Python script, that runs automatically on our local server.

3.3 Visualization Design

For composers to sample and visually explore a space, VibeFM’s
interface consists of three main parts: A menu to control sam-
pling (T1), visual representations, and exports, and a statistical
overview to display configuration diversity (Figure 1a). Com-
posers can interactively restrict parameters for sampling using
the statistical overview (Figure 1d). The main view in the middle
provides an overview (T2) using a dimensionality-reduced map
(Figure 1b) displaying all configurations using small glyphs (T3,
T4) [56]; small visual representations (Figure 4). Here, composers
browse through space, interpolate configurations, and inspect
single points (T3, T4) for additional details (Figure 1c). Since

Rau et al.

composers need flexible options for listening to and playing with
sounds at any time, we connect configurations to an external
synthesizer through MIDI messages.

Get an overview: Composers want to systematically explore
the space and find interesting samples or whole regions (T2). A
commonly used layout in visual analytics is a two-dimensional
map that groups similar sounds close together and others farther
apart [44], providing information about sound similarity. Using
our distance metric, we create this similarity-based layout by
using dimensionality reduction like t-SNE [55] or MDS [25], im-
plemented with Druid]JS [8]. Because composers focus on regions
of similar sounds, we use t-SNE by default, exploiting its cluster-
ing strength. To help users navigate the space, they add presets
or audio files as visual references for orientation (Figure 6).

Additionally, composers want to identify interesting regions
and hide others efficiently. By encoding our metrics with color,
composers can get information about the algorithm, sound clus-
ters, the presence of harmonic/percussive parts, and brightness.

Find samples: Although colors indicate sound characteristics
(T3), more fine-grained information is needed to imagine audio.
Therefore, we visualize each sample with glyphs (Figure 4), small
visualizations showing complex data [1].

Composers are interested in a sound’s envelope, so we present
a curve of the rms-energy over time. Figure 4a, for example,
shows a slow attack phase and holds the sound without much fall
off. Similarly, we display brightness over time, where Figure 4b
indicates a mostly steady dark sound. Because only hearable ele-
ments are interesting, we smooth the curve with the rms-energy.
To some users, the configurations themselves (T4) are interesting
to learn controlling parameters, so we display the selected 38
parameter values with color in a matrix. For example, Figure 4c
reveals mostly low-frequency settings (frequency coarse (FC) and
fine (FF)) for all operators (R1). For comparing two configurations,
this glyph changes colors and shows value differences, making
large differences easy to spot. Lastly, composers want to get a
sense of a sound’s complexity, as revealed in a mel-frequency
spectrogram, and let experienced users imagine it. Figure 4d
shows a complex sound with many occurring frequencies.

After identifying interesting sounds, composers might want
to refine them by sampling variations or by finding sounds be-
tween them. For the second, they use linear interpolation to
morph favorites and search for a sweet spot (Figure 5). Users can
listen to interpolated configurations live and add them as new
configurations/references to the space.

Investigate details: After finding interesting samples in the
overview, composers want to inspect these further. Similar to our
glyphs, we show the envelope, brightness, and mel spectrogram
in visualizations simultaneously (Figure 1c).

The algorithm heavily influences the sound’s character, so
composers are interested in connections between the operators
and their parameters. Therefore, we intuitively display the al-
gorithm’s structure with its frequency ratios and output levels.
For example, Figure 1c shows a low output level of operator five,
indicating a limited impact on the output. In the end, composers
export favorite samples for later use or sampling variations.

4 Evaluation

As there is no simple quantitative measure of success due to
subjectivity and ill-defined tasks, which are common in visual
analytics [45], we use qualitative feedback and anecdotal evidence
from experts [37]. Therefore, we conducted an exploratory case
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Figure 5: Similarity-based layout using envelope glyphs
and active interpolation. For the latter, two configurations
are linked so the user can drag along to find a sweet spot.
Most samples have similar fast-attack envelopes, while
two at the bottom show wobbly behavior.

study [16, 59], in which we composed a soundtrack to illustrate
VibeFM in practice and highlight interesting observations during
the process. Additionally, we present the feedback from semi-
structured interviews with three experienced artists.

4.1 Case Study

Our second author, who has six years of experience with synthe-
sizers, composed a soundtrack® using VibeFM to explore different
sounds. With the help of VibeFM, he worked for about 180 min-
utes on the soundtrack, created all six sounds and variations
except for drums, and got inspired to use variations for a stereo
effect. Based on previous experience, he felt faster than experi-
menting with sounds the usual way, but also slower than taking
presets without exploration.

Because this case study is based on a single user’s experi-
ence, who was involved in the design, it introduces potential bias
through prior knowledge and personal investment. Therefore,
findings should not be interpreted as an objective evaluation or
validation but rather showcase possible applications and inform
future, more rigorous studies.

At the start, he used a random sampling strategy to get ideas
and foster inspiration. He looked through the samples and found
an interesting sound, but was not fully satisfied. Therefore, he
sampled small adjustments around this as a second sampling
strategy. This allowed him to find the characteristics he imagined
by looking at the color encoding brightness. Throughout the
session, he also found, for example, a bell-like sound he did not
expect and used it at the start of the soundtrack. Figure 6 shows
a screenshot from his session, which shows a reference and some
randomly sampled sounds.

A different approach he used included more manual agency,
by providing a manually created starting point or making adjust-
ments at any time. During visual exploration in VibeFM, he got
inspired to edit a sound and panned generated variations to the
sides for a stereo effect, which was an unexpected use of VibeFM.

6 github.com/snrau/VibeFM/blob/master/VibeFM_soundtrack.mp3

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

In this session, the interpolation and configuration glyphs
were not as beneficial for him.

Concluding, he used VibeFM to create a soundtrack and found
inspiration for a stereo effect and novel sounds that rarely occur
in his usual work style. The visual representations helped him
explore the space of generated variations to refine sounds.

4.2 Interviews

We conducted semi-structured interviews with one professional
composer and two creative artists/musicians, averaging 65 min-
utes. Participants were recruited through convenience sampling
from the researchers’ personal networks to capture diverse back-
grounds. The composer has extensive experience and knowledge
in sound design. The two artists have considerable expertise
as musicians with several instruments, and one of them has an
extensive background in sound engineering.

During the interviews, we showed our prototype, explained
its functionality, and let experts test it for about 45 minutes, and
recorded the screen. We gathered feedback from the observa-
tions, asked questions during the testing stage and asked for
think aloud insights by the participants. We especially focused
on the usefulness of our approach, functions, visual representa-
tions, and potential future improvements, and were interested
in VibeFM’s potential for an artistic workflow and surprising
findings. Because musicians are often unfamiliar with complex
visualizations, we expected an initial learning curve.

Participants generally liked our approach, especially to explore
(P1) and find new sounds (P2) in such “a complex structure like FM
synthesis” (P3), but also mentioned the expected initial learning
curve (P2) associated with learning to interpret the visualiza-
tions and map them to a sound, similar to auditory imaging [20].
With our global overview, which is an “improvement over the
previous editors” (P1) and trial-and-error adjustments (P3), our
approach “complements the problem of programming a synthesizer
in a convenient way, which has been difficult for decades” (P1).
Especially from an artist’s perspective, it is important for P3 that
the “machine” amplifies creativity and does not take over the
process through ratings. According to P3, our approach supports
user creativity and provides full control. On the other hand, P2
had trouble learning the projection’s semantics to make sense
of the overview, due to insufficient sample grouping and felt
limited control over sampling, which resulted in envelopes being
too extreme. Still, participants found several unexpected sounds
they were “not looking for” (P2), and P2 realized that using vi-
sual overviews implies more possibilities than expected before,
underlining the serendipity our visualizations provide.

Especially, our envelope glyph helped most in excluding un-
wanted sounds to organize the space (P2, P3), though for P2, the
map did not cluster similar envelopes well. The other glyphs
helped some participants more than others in different situa-
tions. For example, P2 had experience reading spectrograms and
could imagine their sound (auditive imaging), whereas P1 was
not familiar with it.

P1 was highly interested in the “world of interim results” be-
tween good samples using interpolation, rather than looking
for perfect samples. Most participants found our interpolation
feature useful, despite some unsatisfying results due to discrete
steps, which led to non-smooth interpolation along the line (P2).

In general, all participants mentioned they would like to test
VibeFM further and explore the possibilities, and especially P1
would use it for a composition at a suitable occasion.
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Figure 6: An upscale screenshot taken during our case study. This overview shows a reference preset named "Arp2600"
in the top-left corner, which seems to have more percussive structure indicated by the red color. A sample with similar
brightness is near the preset but shows more harmonic than percussive presence indicated by the blue color. At the bottom,
a cluster of very similar sounds from the same starting point with a bright timbre can be spotted. Therefore, these sounds

are further away from all other randomly sampled sounds.

In conclusion, all participants found our approach and visu-
alizations helpful for exploring and discovering interesting and
out-of-the-ordinary sounds. To improve VibeFM’s effectiveness,
participants suggested a closer connection to digital audio work-
stations, more control during sampling, and direct interaction
with parameters. Additionally, exchanging the synthesizer, ex-
tensions to other devices, and a more polished version would
benefit the approach as well (P1).

5 Discussion

During our evaluation, we found increasing evidence that our vi-
sual approach helps explore sound options and serves as a useful
tool in programming synthesizers. Given the task’s ill-defined
and subjective nature, we found that users want full control over
the creative process. Instead of optimized rankings, users require
flexibility to interactively explore large sets of samples, which is
also one of the goals and strengths of visual analytics [13].

Our evaluation showed that audio features and visual rep-
resentations help users to varying degrees, depending on their
needs and expertise. We learned that glyphs for direct sound or
characteristic display, like the spectrogram and envelope glyph,
perform better (auditive imaging) than statistical representations,
like the configuration glyph. Although we think our metrics and
glyphs cover interesting information for most composers, other

users might need different sound characteristics and visual rep-
resentations. Therefore, there will not be a one-size-fits-all set of
metrics and glyphs.

Although our approach works with the Yamaha DX7 synthe-
sizer, composers might also use other synthesizers. Most of our
metrics and visualizations are based on audio features and, there-
fore, synthesizer-agnostic, working for any sound-generating
model. However, the visualized algorithm, configuration struc-
ture, and connection to external programs need adjustments for
different structured synthesizers.

Limitations: When using external emulators, their limitations
transfer over. For example, missing changes during interpola-
tion reduce creativity with this functionality. Adding an internal
synthesizer would enable smoother interaction and novel effects
such as a low-frequency oscillator (LFO) for interpolation. A fur-
ther limitation is the trade-off between offering many options
and providing an easy start with mostly usable sounds through
fewer parameters. Re-balancing this requires adjustments to our
visual representations. A key limitation is the small number of ex-
perts involved in analyzing requirements, verifying the process,
and evaluating our approach, which may led to overly tailored
designs and limited generalizability. Working with experienced
experts comes with several challenges [49]. However, we believe
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that collaborating with experts like ours is necessary to extract
characteristics and beneficial design concepts. Although we re-
flect on subjective experiences in our case study, which may differ
for other users, this showcases VibeFM’s strengths, as confirmed
by the interviewees.

6 Conclusion

We propose VibeFM, a user-centered, interactive, and visual ap-
proach to explore frequency modulation (FM) synthesis to find
novel sounds. Our design is based on systematically sampling
parameter combinations and providing a visual overview with
glyphs. In our evaluation, we found that a visual approach pro-
vides high flexibility and supports creativity through serendipi-
tous findings. We received overall positive feedback from experts
that our approach supports programming synthesizers, a gener-
ally hard problem.

In the future, we want to conduct a follow-up, longitudinal
study with more experts to examine their workflow and flexibility
using VibeFM. With the results, VibeFM can be extended to im-
prove support for auditory imaging. Adding generative artificial
intelligence [27] could benefit sampling strategies, but should not
replace manual sampling to reduce biases. Furthermore, VibeFM’s
approach could be transferred to other sound-generating tech-
niques in a composer’s instrumentation phase.
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