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Abstract
Interactive machine learning systems are increasingly enabling
new forms of real-time musical collaboration between human
performers and artificial intelligence, transforming how musi-
cians access and manipulate performance data. However, many
existing tools function as black boxes, obscuring the internal
logic of the generative models and limiting the performer’s sense
of agency and trust. This research addresses this challenge by
developing a transparent, web-based interface for an interactive
machine learning system which visualises the state of mixture
density recurrent neural networks (MDRNNs) in real-time. We
present the design and evaluation of this system, detailing how
its architecture and two-way visualisation strategy support mul-
tiple interaction paradigms. An exploratory user study suggests
that while the conceptual complexity of model training presents
a learning curve for novices, the system’s real-time visual feed-
back can support user trust and enable expressive co-creation.
We conclude that exposing the data provenance and generative
processes of AI systems can help transform them from opaque
tools into intelligible musical partners. This work contributes a
framework for human-centered AI interface design in the NIME
community, suggesting that transparency is an important design
factor for creative agency in intelligent instruments.
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1 Introduction
The integration of deep learning into real-time musical systems
offers new possibilities for control and improvisation. In par-
ticular, mixture density recurrent neural networks (MDRNNs)
and recurrent neural networks (RNNs) have proven effective for
modelling continuous, temporal musical interaction from perfor-
mance control data, enabling predictive and improvisational be-
haviours in interactive instruments [16, 24–26]. However, while
the generative capabilities of these models are well-established,
their integration into performance workflows remains techni-
cally demanding. Current approaches often present the machine
learning component as a black box, obscuring the relationship be-
tween a performer’s input and the system’s output, and making
it difficult to develop reliable expectations during live interaction
[9, 13, 20].

In this paper, we present a human-centered system designed
to facilitate transparent, bidirectional interaction between a mu-
sician and a machine learning model. Building upon an existing
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musical AI system that enables call-and-response interaction
with a machine-learning model, we introduce a novel interface
architecture that exposes the internal state of the generative
model in real time. Rather than treating the performer merely
as a data source, our system visualises high-dimensional con-
trol signals and model predictions with low latency, creating a
more transparent environment where the AI’s decision-making
process is visible and intelligible. This transparency is critical
for building trust during live performance, allowing musicians
to anticipate system responses and engage in genuine creative
dialogue [18, 26].

With this background, this work is motivated by the question:
What effects does visualising the interactive machine learning
process have on musicians’ experience of performing with an
intelligent musical instrument?

Our design approach addresses the diversity of the NIME
community by supporting users across varying levels of tech-
nical and musical expertise. Through a rigorous design process
grounded in Human-Computer Interaction (HCI) principles, we
developed a progressive interface that scaffolds complexity. The
system supports novices through guided exploration and imme-
diate feedback, while simultaneously offering expert users deep
control over model hyperparameters and system configuration.
This multi-level accessibility ensures that the tool can serve as
both an entry point for hobbyists and a robust instrument for
professional researchers and performers [6, 11].

The system integrates the entire machine learning lifecycle
into the creative workflow. Effective use of musical AI requires
an iterative loop of recording, curation, and retraining. By unify-
ing data logging, dataset management, and model deployment
within the system, we enable musicians to trace the provenance
of their AI partners, understanding exactly which performance
data shaped a model’s behaviour.

We evaluate these contributions through an exploratory user
study combining usability metrics with qualitative thematic anal-
ysis, suggesting that transparent feedback and integrated data
management can support user engagement and trust. Our contri-
butions could lead to broader participation and inclusion in the
design and performance of intelligent musical instruments.

2 Background
2.1 Interactive Machine Learning for Music
Interactive machine learning (IML) systems enable users to it-
eratively collect data, train models, and experience updated be-
haviour within a single workflow, making model development
experientially accessible [12, 14]. In music, this supports rapid
exploration of mappings and performance styles, but it also in-
creases the need for interfaces that render concepts such as data
quality, coverage, and generalisation legible to performers rather
than remaining abstract [17].

https://orcid.org/0000-0001-5683-7529
https://creativecommons.org/licenses/by/4.0/legalcode
https://creativecommons.org/licenses/by/4.0/legalcode
https://creativecommons.org/licenses/by/4.0/legalcode


NIME ’26, June 23–26, 2026, London, UK Hongzhe Kevin Zhu and Charles Patrick Martin

The interactive musical predictive system (IMPSY1) [26] exem-
plifies IML for music performance. It uses mixture density recur-
rent neural networks (MDRNNs) to predict continuous control
streams (e.g., sensor values with explicit time deltas) rather than
discrete MIDI notes, modelling inputs with multi-modal prob-
abilistic outputs grounded in recurrent sequence learning [15].
IMPSY is focused on a call-and-response interaction paradigm,
where both a humanmusician and theMDRNNmodel can control
an instrument with the MDRNN listening to human interactions
and respondingwhen the human stops playing. In the scenario ex-
amined here, a performer plays short gestural phrases on a MIDI
controller, IMPSY records these interactions as training data, and
the trained MDRNN later generates call-and-response continua-
tions when the performer pauses, similar to the interaction style
in the Continuator [29]. IMPSY provides core functionality for
logging interactions, constructing datasets, training personalised
models, and auditioning predictions in real time. In this paper,
IMPSY serves as the foundational system and interaction model;
our work builds on this prior platform by designing a web-based
interface layer intended to improve workflow continuity and
support more interpretable, performer-facing feedback during
use.

2.2 Music, Machine Learning Interfaces, and
Workflow Continuity

Machine-learning musical instruments often unfold as an itera-
tive loop: musicians record performance data, curate or segment
it into datasets, train or select models, and then return to perfor-
mance. When these stages are distributed across disconnected
views and representations, systems can make it difficult for users
to understand how changes in one phase (e.g., data selection
or training settings) manifest as changes in another (e.g., real-
time system behaviour) [16, 24–26]. This fragmentation weakens
attribution: musicians may struggle to identify whether an un-
expected output is caused by their input, the training data used,
or an implicit model/configuration change, reducing confidence
and interrupting creative flow.

IMPSY concretises this challenge because it exposes multiple
necessary capabilities (e.g., logging, dataset construction, model
training/selection, and configuration), but still offers limited feed-
back that helps performers interpret system behaviour during
creative use. While manageable for technically proficient users,
coordinating a UI client and model server as separate processes
adds configuration steps that may interrupt creative flow, partic-
ularly for musicians with limited technical backgrounds. [26].

As a contrasting baseline from general-purpose IML, Teachable
Machine foregrounds workflow continuity by keeping example
capture, training, and testing within an approachable browser-
based pipeline; however, it primarily targets static classification
tasks and does not address continuous, low-latency musical con-
trol interaction [14].

Related music systems provide partial interface solutions with-
out fully closing this end-to-end loop. NexusUI offers reusable
control widgets that speed the construction of browser instru-
ments, but it typically leaves the surrounding workflow (data
management, training iteration, and reflective feedback) to the
designer [31]. Webmapper makes mapping relationships legible
and editable, yet it primarily supports configuration and routing
rather than sustained performer-facing learning over time [33].
Algorithmic Power Ballads supports human–AI improvisation

1https://github.com/cpmpercussion/impsy

via interface-level steering of a generative model, but provides a
comparatively narrow feedback loop around the learning process
itself and limited visibility into how training data and model
updates shape behaviour [22].

2.3 Musical Visualisation and Interpretability
in IML

Music information visualisation provides established representa-
tional strategies for making temporal structure and musical detail
inspectable. Piano-roll views in digital audio workstations map
pitch against time, revealing timing patterns and harmonic den-
sity at a glance [1, 2, 23], while spectrograms visualise frequency
energy over time to support inspection of timbre [23]. Beyond
these foundations, augmented scores and enriched notations link
performance to representation through interactive annotations,
and pedagogical systems use immediate visual feedback to guide
practice and improve retention and execution accuracy [28, 34].
Across these contexts, prior work also cautions that visual aids
must complement rather than replace listening, particularly when
interfaces become central during music-making [19].

For musician-facing IML, visualisation additionally functions
as a transparency mechanism: it can connect live performer ac-
tion towhat the system records, learns from, and predicts, thereby
improving attribution and trust during iterative use. However,
many web-based musical interfaces and IML tools still address
only fragments of the creative loop (e.g., control widgets, map-
ping configuration, or limited AI “steering”) rather than integrat-
ing capture, curation, training, and performance into a single in-
terpretable workflow [14, 31, 33]. This motivates instruments that
treat the interface itself as part of the musical instrument [8, 11],
using visualisation not only to show musical signals but also to
expose the learning process and its consequences in real time, so
musicians can relate system behaviour to their actions and data.

3 System Design
3.1 Interface Design and Visualisation
The interface design follows the double diamond framework
[10], evolving from initial persona definition (novice to expert)
to high-fidelity prototyping. Following an initial persona-based
design process spanning novice hobbyists to expert creators,
we adopted a philosophy of progressive disclosure. The goal
was to demystify the MDRNN without overwhelming users or
compromising musical accessibility.

The user journey is structured around three views supporting
the machine learning lifecycle (Figure 1).

Project and Data Management. To address the opacity often as-
sociated with neural networks, the system exposes the lineage of
the AI model. The Project Dashboard abstracts the underlying file
system, allowing users to organise performance logs and model
checkpoints. Crucially, this view enables collaborative prove-
nance, where users can curate datasets from previous sessions
and explicitly link them to new training jobs. This transforms
the training process from a hidden backend task into a visible,
auditable component of the creative workflow.

Training Configuration. The Training View (Figure 2) displays
live training metrics, allowing users to monitor model conver-
gence as it occurs. Rather than a static progress indicator, the
interface visualises training loss and convergence metrics in real
time. This pedagogical scaffolding helps users understand the
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Figure 1: Interaction flow showing navigation between improvisation, log management, model training, project configura-
tion, and supplementary information.

Figure 2: Training View showing model parameters and
live training feedback.

relationship between their dataset and the resulting model perfor-
mance, bridging the gap between musical intent and algorithmic
outcome.

Performance and Real-Time Visualisation. The central contribu-
tion of the interface is the Performance View, which implements
a dual-path visualisation strategy to support agency during im-
provisation.

First, to support precise control, the InputVis and OutputVis
components utilise D3.js to render instantaneous control values
as dynamic bar graphs. This allows for analytical verification of
the musical interaction, ensuring that specific inputs are correctly
mapped and received by the system.

Second, the BackgroundVis component renders an immersive,
canvas-based particle system (Figure 3). Using flow field dynam-
ics, this system responds to musical features such as note density
and amplitude. Human inputs are rendered in cool tones (blue
and teal), while the AI’s generative predictions appear in warm

Figure 3: Improvisation Page with I/O Visualisation.

tones (red and orange). This colour scheme enables performers to
instantly distinguish their own contributions from the machine’s
stochastic responses. By rendering the MDRNN model’s output
as a tangible visual element, the interface shifts the user’s role
from a passive operator to an active partner in the generative
loop.

3.2 Real-Time Data Flow
As illustrated in Figure 4, the architecture bifurcates data streams
to ensure that visual feedback remains synchronised with audi-
tory output, which is a critical requirement for perceiving causal-
ity in digital instruments.

Upon reception by the backend MIDI server, each incoming
hardware MIDI message is processed through a single callback.
This callback logs the interaction to a timestamped file on disk,
recording raw material for future dataset curation and model
training, and enqueues the data into the interface input queue
for MDRNN processing. Separately, when the OSC server archi-
tecture is active, an intermediary OSC bridge receives device
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Figure 4: Data flow diagram illustrating the interaction between hardware MIDI devices, the IMPSY backend core, and the
frontend visualisation components.

messages and forwards them to the frontend over WebSocket
for output visualisation. For input visualisation, the frontend in-
dependently accesses the hardware MIDI controller directly via
the browser’s Web MIDI API, rather than relying on data routed
back through the backend. This avoids coupling the input display
to the backend’s processing pipeline and ensures the frontend
can visualise performer input regardless of which backend IO
configuration is active.

The generative loop monitors the input queue and feeds data
to the MDRNN model. Model outputs are buffered and consumed
by a dedicated playback thread that schedules events accord-
ing to the model’s predicted time deltas. These predictions are
converted back into standard MIDI messages for synthesis and si-
multaneously transmitted to the frontend’s particle system. This
architecture ensures that the AI-associated visual elements ap-
pear on screen at the exact moment the corresponding sound is
triggered, reinforcing the perception of the AI as a co-present
musical entity.

3.3 Backend Architecture
The system implements a decoupled client-server architecture
composed of two primary layers: a Python-based backend encap-
sulating the machine learning logic, and a React-based frontend
handling interaction.

The backend (Python 3.11) is organised into modular compo-
nents to support extensibility. The core generative logic imple-
ments mixture density recurrent neural networks using Keras
and TensorFlow. Separate modules manage interaction state ma-
chines and multi-protocol input and output, orchestrated by a
central interaction server. To prevent the time-delayed playback
of MDRNN outputs from blocking the main prediction and IO

loop, the playback scheduling executes as a separate thread, de-
coupling the output timing from the inference and input-handling
cycle.

Communication employs a polyglot strategy: raw MIDI han-
dles hardware control signals with high precision; WebSockets
provide persistent bidirectional state synchronisation for the
UI; and standard HTTP/REST endpoints manage non-real-time
configuration tasks. This hybrid approach allows the system to
deliver the rich user experience of a modern web application
without sacrificing the timing stability required for musical per-
formance.

A demo video is provided as supplementary material.

4 Evaluation
4.1 Study Design
For the evaluation study, an Arturia Minilab 3 keyboard was
connected via USB to a laptop running the IMPSY web interface.
This compact setup approximated a home-studio environment
while minimising technical barriers for participants (Figure 5).

Our approach is guided by standard HCI usability frameworks
(e.g., think-aloud protocols and post-task interviews) often used
in creativemusical interface research, such as those demonstrated
in [21] and [32]. In these studies, users perform specified musical
tasks with a prototype, while researchers observe their workflow
and gather qualitative feedback to identify interface strengths
and weaknesses.

Further, the user study has been designed following examples
from NIME-based evaluations of interactive musical systems
[e.g., 30], where short improvisational tasks and post-session
interviews offer both quantitative and qualitative insights on
usability. The study involved interviews with individuals [21]
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Figure 5: Study Setup

and thematic analysis of qualitative data [3, 4, 27], providing
a clear framework for interpreting user experiences with the
interface.

We recruited five participants from a university campus, with
different levels of musical proficiency and technical knowledge
(Table 1). Due to the study’s exploratory nature, a small sample
size of five participants was chosen and we focussed on inter-
preting qualitative data. While the most common sample size at
CHI is 12, studies with small qualitative samples remain within
the documented range of accepted practice in HCI research [7].

Table 1: Participant Profiles

ID Musical Background Technical Background

P1 Hobbyist (Moderate) Minimal technical exp.
P2 Music Student (Expert) Limited computing knowl-

edge
P3 Hobbyist (Little knowledge) No ML experience
P4 Hobbyist (Limited knowl-

edge)
Studying Machine Learning

P5 Hobbyist (No experience) Limited computing knowl-
edge

Each session lasted approximately 40 minutes and followed
a structured protocol designed to guide users through the full
machine learning lifecycle, rather than just performance. The
sessions followed this procedure:

(1) Tutorial & Familiarisation: A brief tutorial to intro-
duce participants to the web application, its controls, data
visualisations, and AI-driven feedback, as well as the elec-
tronic music controller. We take cues from prior musical
HCI evaluations in which an initial guided session helps
users understand basic functionality [21].

(2) Live Musical Interaction Task: Participants engaged in
short improvisations on the keyboard controller with the
system acting as a real-time predictive partner, inspired
by best practices from creative AI user studies [32]. Par-
ticipants used our system to create a small AI model and
interact with that model. Participants were observed to
understand the interface’s feedback, to transition between
user-driven and AI-driven performance, and to identify
any usability obstacles.

(3) Survey & Semi-Structured Interview: After the impro-
visation, participants completed a survey (adapted from

Figure 6: Participant Interacting with the system during
Improvisation

standard usability scales) and a semi-structured interview.
The interview focused on eliciting feedback regarding
interface design and its impact on creativity, following
approaches used in prior musical interface research [30].

4.2 Quantitative Results
The System Usability Scale (SUS) [5] yielded a mean score of
62.50 (𝑆𝐷 = 11.9), within the “Marginal” to “OK” range. While
slightly below the industry average of 68, given the small sample
size and single-session format, this score should be treated as
indicative rather than representative, and read alongside the
qualitative findings. This interpretation is supported by P4, the
only participant with ML experience, who scored substantially
higher at 81.25, suggesting that prior domain knowledge may
have reduced perceived interface friction.

Table 2: System Usability Scale (SUS) Results

ID Score Interpretation

P1 56.25 OK
P2 64.58 OK
P3 58.33 OK
P4 81.25 Excellent
P5 52.08 OK

Mean 62.50 Marginal / OK

4.2.1 Analysis of Usability Facets. A breakdown of the SUS item
scores reveals a distinct dichotomy between the interface’s per-
formance features and its configuration features.

• Visual Clarity (High): Question 11 (“Real-time Feedback
Clarity”) received the highest consensus (Mean 4.0/5), with
participants confirming that the particle systems and bar
graphs made the AI’s status immediately intelligible.

• Learnability (Low): Question 10 (“I needed to learn a
lot of things before I could get going”) indicated friction
(Mean 2.6/5 inverted), suggesting that while the interface
was clean, the concept of training an MDRNN remained
cognitively demanding for P1 and P5.

P4 (Studying Machine Learning) rated the system as “Excel-
lent” (81.25), substantially higher than P5 (52.08). This contrast
may be consistent with the wider variability observed in SUS
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items related to complexity, need for support, and learning curve.
P4’s familiarity with concepts such as model training, data selec-
tion, and system state may have reduced the perceived cognitive
load of IMPSY’s end-to-end pipeline, allowing them to treat con-
figuration, logging, and model control as expected parts of an
interactive ML workflow rather than as sources of friction. Con-
versely, P5 may have had to infer these abstractions from the
interface alone, which could have amplified uncertainty around
whether the AI was “learning correctly” and how their actions
shaped the resulting models, contributing to lower confidence
(Q9) and a more modest overall SUS score. However, this compar-
ison involves individual cases rather than evidence of a general
trend. We therefore treat it as a hypothesis for future study: users
with prior ML familiarity may require less scaffolding, while
novice users may benefit from clearer explanations of training,
data provenance, and model state.

4.3 Qualitative Findings
Thematic analysis [3, 4] of the semi-structured interviews pro-
vided critical context for the usability scores, revealing that while
the learning curve was steep, the depth of engagement was high.
We identified four key themes that explain how transparency
facilitates co-creativity.

Theme 1: Empowerment through Flexibility. Participants de-
scribed the system as enabling a new mode of creative discovery
that felt distinct from traditional composition. P1 characterised
the session as a “brand new experience,” while P3 highlighted the
enjoyment of “watching the colours and how they respond.” This
sense of empowerment was closely linked to the Call-Response
mode, which fostered a sense of partnership rather than mere
control. P5 remarked, “I felt connected to the music... I got good
feedback,” indicating that the system’s ability to "listen" and "re-
ply" created a feedback loop that validated their musical agency.

Theme 2: Trust-Building through Transparent Feedback. Trans-
parency emerged as a prominent factor for user engagement.
The real-time visualisations allowed participants to verify the
AI’s contributions, bridging the trust gap often associated with
“black box” generative systems. P4 noted, “The visualisations are
very helpful... I understand what’s happening,” and P2 specifi-
cally pointed to the retrospective tools, stating, “The logs are the
clearest part.” By visually clarifying the human (cold coloured par-
ticles) and MDRNN (warm coloured particles) actions on a shared
canvas, the interface allowed performers to instantly distinguish
their agency from the machine’s. This operational transparency
demystified the AI’s behaviour, transforming it from an erratic
generator into a verifiable instrument.

Theme 3: Positive Experience via Engaging Design. Despite the
moderate usability scores, the interface’s aesthetic and functional
design was frequently praised for lowering the barrier to entry.
P2 (an expert music software user) commented, “The interface
is beautifully made... Very clean,” contrasting it favourably with
the cluttered, text-heavy interfaces often found in research pro-
totypes. P4 observed that the workflow was “pretty clear and
straightforward,” taking only “five minutes to figure out.” This
suggests that the moderate SUS scores may reflect both the con-
ceptual demands of ML training and remaining interface learn-
ability friction, rather than either factor alone. The React-based
interface leveraged familiar web UI conventions to reduce the
“intimidation factor” of the underlying neural network.

Theme 4: Emotional Resonance and Immersion. Perhaps most
importantly, users reported high levels of affective engagement
that transcended functional utility. P1 described the interaction
as “immersive,” and P5 expressed a strong desire to “show an
audience how AI works with my creation.” This finding is signifi-
cant for NIME design: it demonstrates that an interface can be
challenging to learn (low learnability) yet still highly successful
as an expressive instrument (high engagement). The disconnect
between the “Marginal” usability scores and the high emotional
investment suggests that for creative AI tools, the primary value
proposition is not efficiency, but the ability to foster a compelling,
transparent dialogue with the machine.

Observational Insights. Direct observations during the study
sessions complemented the interview data, revealing interaction
patterns that illuminated users’ real-time engagement with the
system. A consistent finding was participants’ high reliance on
the real-time visualisations to guide their improvisation, with
all five users frequently glancing at the particle canvas to assess
the AI’s responsiveness before adjusting their input—indicating
that the dual-path visualisation strategy successfully anchored
their musical decisions. Differences emerged in model training
approaches: technically proficient users (e.g., P4) methodically
curated inputs over multiple iterations, while novices (e.g., P5)
adopted exploratory styles, generating diverse but unstructured
data that influenced subsequent AI behaviour. Non-verbal cues
further underscored theme cohesion—focused concentration dur-
ing performance views contrasted with brief hesitations at config
controls, affirming the engaging design’s role in immersion while
highlighting minor learnability friction. These observations sup-
port the themes of empowerment and transparency, demonstrat-
ing how visual feedback fostered intuitive co-creativity across
varying expertise levels.

5 Discussion & Conclusion
This exploratory study examined how visualising an interactive
machine learning process shaped musicians’ experiences of per-
forming with an intelligent instrument. Our findings suggest that
transparency appears to be one important factor in supporting
creative agency. By rendering the performer-facing state of the
MDRNN and the provenance of its training data as real-time
visual elements, the interface helped make the otherwise opaque
behaviour of the neural network more intelligible as a musical
partner. Qualitative feedback suggested that this visualisation
allowed performers to distinguish their own controls from the
machine’s responses, supporting a sense of dialogue where the
AI could be viewed as an active agent rather than a passive tool.

However, the quantitative results highlight the challenge of
evaluating such systems in short-term studies. The moderate
System Usability Scale (SUS) score (62.5) may reflect a conflation
between the usability of the interface and the musical quality of
the AI output. The study protocol, limited to a single 40-minute
session, meant that participants generated relatively small train-
ing datasets. Since MDRNNs require sufficient data density to
learn robust stylistic patterns, the resulting models often lacked
the depth required for satisfying personalisation. This may have
contributed to a mismatch in expectations, particularly for par-
ticipants with limited musical backgrounds: they anticipated
structured “melodies,” but often received chaotic control inputs
due to the sparse training data. Rather than providing a defini-
tive explanation of the SUS results, this interpretation suggests a
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design tension between interface clarity, model behaviour, and
users’ expectations of musical output.

Despite these constraints, the core contribution of this work re-
mains the evidence from this study that exposing data provenance
and generative processes can support co-creative engagement
among participants, suggesting that it merits further investiga-
tion as a design principle for intelligent musical instruments.
Even when the musical output was imperfect, the transparent
visualisation allowed users to develop some understanding of
why, shifting the user’s role from a passive consumer to an ac-
tive curator of the system’s learning. Directly addressing the
RQ, visualisation of the interactive ML process appeared to sup-
port performers’ experience by contributing to trust, agency, and
immersion, and by rendering the MDRNN more verifiable as a
musical partner rather than an opaque tool. This aligns with
the NIME 2026 theme of Communities by bridging the gap be-
tween technical logic and musical intuition, allowing diverse
stakeholders to engage with AI as a shared creative medium.

Futureworkmust address the data scarcity issue through longi-
tudinal studies, allowing musicians to curate extensive personal
datasets over weeks or months. Ultimately, we conclude that
while interface transparency cannot compensate for insufficient
training data, it can help musicians perceive, trust, and gradually
learn to shape intelligent instruments.

6 Ethical Standards
This research applies a small-data machine learning approach
emphasising sustainability. The ethical aspects of this study were
approved by the ANU Human Research Ethics Committee (Pro-
tocol H/2025/0134). Participants were fully informed of the im-
plications of their engagement.
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