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Abstract

In this paper, we introduce a real-time MIDI transformer generative system implemented as a Pure
Data external. The system balances the computational demands of transformer inference with
the latency constraints of live performance through a multi-threaded architecture, a dual-buffer
management system with adaptive sliding window mechanisms, and immediate generation triggering
that avoids the delays built into polling-based approaches. In practice, it reaches 361ms average (CPU)
end-to-end latency while maintaining 82% harmonic correlation between live input and generated
output (4.2x above the random baseline), which appears sufficient for textural and call-and-response
playing contexts even if it falls above tight-coupling thresholds. Cross-platform support is handled
through ONNX Runtime. On the evaluation side, we introduce input-output correlation analysis
across pitch, rhythm, and dynamics as a way of asking what musical intelligence the system is actually
demonstrating. The implementation is released as open source and we hope it offers a useful starting
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point for others working at the intersection of generative Al and real-time music-making.

1 INTRODUCTION

Generative Al has entered music research and practice
largely through transformer-based architectures (Huang
et al., 2018; Payne, 2019), as they are well-suited to captur-
ing long-term musical dependencies, harmony, temporal
relationships and expressive timing in MIDI data. Within
the AI Music Creativity (AIMC) community, Transformer-
based systems often appear as creative instruments, com-
positional partners or interactive agents embedded in per-
formative contexts, as seen in work Haki et al. (2022) on
real-time transformer-based accompaniment, neural net-
work tooling for visual programming environments in Dry-
monitis (2023), phrase-level symbolic generation in Feng
et al. (2024). In parallel, broader questions have emerged
about what transformer and LLM-based systems can actu-
ally offer to musical co-creation (Casini et al., 2024). The
expressive potential of Al in music has clearly grown; how-
ever, much of the existing work is largely concerned with
technical execution quality. The transition from offline
Al music generation to real-time interactive systems still
presents fundamental challenges.

Computational efficiency within the interaction is only part
of the problem here. The harder questions are about how
musical expressiveness, temporal precision, and creative
accessibility can be achieved in practice when a musician
is interacting with an Al system in real time. Most of these
systems operate in batch processing modes in which infer-
ence relies on generating entire sequences at once (Dong
et al., 2023; Wu et al., 2025), which makes the kind of
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responsiveness expected in live performance difficult to
achieve. Most of current systems also run as standalone ap-
plications that do not connect easily with environments
where real-time music-making actually happens. Pure
Data, Max/MSP, and SuperCollider have become central
to how many musicians and researchers build interactive
systems and work with real-time MIDI and audio, yet most
Al frameworks are simply not designed to operate within
them.

In this paper, we introduce a real-time MIDI transformer
generative system implemented as a Pure Data external
[midi_transformer]. The system is designed to balance
the computational demands of transformer inference with
the latency constraints of live performance while maintain-
ing temporal precision, musical coherence, and interactive
responsiveness. On the technical side, our implementa-
tion brings together several contributions. First, a multi-
threaded architecture that separates real-time input process-
ing from model inference, so neither blocks the other. Sec-
ond, a dual-buffer management system with adaptive slid-
ing window mechanisms that tries to balance musical con-
text preservation with system responsiveness. And third,
immediate generation triggering on input, which elimi-
nates the systematic latencies inherent in polling-based
approaches. In practice, the system reaches 361ms average
(CPU) end-to-end latency, maintaining 82% harmonic cor-
relation between live input and generated output, which is
4.2x above the expected random baseline, suggesting the
Al responds to musical input with learned tonal structure
rather than coincidental pitch proximity. These metrics
are likely above the tight-coupling threshold that direct



performative interaction typically requires and thus afford
a certain style of play, but it is sufficient for rather textural,
call-and-response kinds of playing. Cross-platform sup-
port is handled through ONNX Runtime, which keeps the
external accessible without tying it to a specific OS setup.

2 RELATED WORK

Early explorations of generative systems focused on al-
gorithmic composition and rule-based processes (Roads,
1996; Rowe, 1992), and recent advances in deep learn-
ing have introduced models capable of learning complex
musical structures directly from datasets (Mitra and Zualk-
ernan, 2025; Shih et al., 2022; Qin et al., 2023). Genera-
tive models such as Differentiable Digital Signal Process-
ing (DDSP) (Engel et al., 2020), GANSynth (Engel et al.,
2019) and diffusion-based systems (Huang et al., 2023;
Agostinelli et al., 2023) have opened up new directions for
interactive performance systems. In parallel with advances
in sequence-based generative models, the exploration of
latent spaces has received significant attention within the
AIMC community as a means of expressive control of ma-
chine learning systems (Zheng et al., 2025; Tahiroglu and
Wyse, 2024). Models such as Variational Autoencoders
(VAESs) have been adopted in musical contexts for their ca-
pacity to encode high-dimensional audio or symbolic data
into continuous, navigable representations. VAEs allow
performers and composers to explore timbre, gesture, and
structure through interpolation and transformation (Bryan-
Kinns et al., 2024). These works suggest that generative
models can be repurposed as creative tools through careful
attention to representation, interaction design, and perfor-
mative constraints.

To bring these models to the stage, researchers have in-
creasingly focused on real-time, interactive Al systems.
Traditional interactive systems, such as IRCAM’s Somax?2
(Bigo et al., 2022), offer a well-established approach to
reactive co-improvisation, relying on corpus-based and
Markovian statistical methods. More recently, deep learn-
ing models specifically designed for live MIDI interaction
have emerged, most notably Notochord Karystinaios and
Widmer (2023), which allows for real-time predictive con-
trol of MIDI events. These systems address live interaction
convincingly at a musical level, but they typically exist
as standalone software ecosystems or Python-dependent
environments that sit at some distance from the modular
real-time programming environments that many musicians
already use.

Pure Data and MaxMSP are two environments where this
gap is particularly visible. Significant work has gone into
embedding Al directly within them, most notably through
frameworks like FluCoMa (Tremblay et al., 2021) and IR-
CAM’s nn~ (Caillon and Esling, 2022, 2021), which have
shown that deep learning inference can run natively within
C++ externals. These tools are almost exclusively focused
on the audio domain, utilising libraries like LibTorch for
audio synthesis or descriptor analysis. An earlier line of
work explored Python-based approaches to bridge deep
learning models and Pd through [pyext~], originally de-
veloped by Thomas Grill, which we extended to support
Python 3 as part of audio domain integration of GAN-based
generative models (Tahiroglu et al., 2021; Tahiroglu and
Kastemaa, 2022). While that approach allowed relatively
flexible experimentation with latent space manipulation
and synthesis, it introduced its own dependencies and per-

formance constraints that a native C external can largely
avoid.

For symbolic MIDI Al generation in Pd or Max, a common
approach relies on Inter-Process Communication (IPC).
Musicians typically send MIDI data out of Pd via Open
Sound Control (OSC) to an external Python server running
TensorFlow or PyTorch, which performs the inference and
sends MIDI back. OSC-Python bridges enable prototyping,
but they also introduce limitations for live performance,
including network latency, desynchronisation with Pd’s
internal scheduler, and complex dependency management
for the musician. To our knowledge, no native C-based
tools currently exist for transformer-based MIDI inference
within Pure Data. By running ONNX Runtime inside a cus-
tom multi-threaded C external, our implementation elimi-
nates the need for external Python servers, bringing low-
latency transformer inference directly into Pd’s memory
space for real-time musical interaction.

3 SYSTEM ARCHITECTURE

Our system brings a Transformer-XL model (Dai et al.,
2019) into a low-latency musical environment through a
native Pure Data external, while staying within the accessi-
ble, flexible environment that visual programming offers !.
The core processing layer uses a multi-threaded design that
separates real-time input capture, model inference, and out-
put scheduling, keeping data flow and timing coordination
stable across threads. Cross-platform support is handled
through an ONNX Runtime integration layer, which allows
the transformer model to run with optimised inference per-
formance across different hardware and operating system
setups. The MIDI Transformer ? used in this system was
trained on the ADL Piano MIDI dataset (Ferreira et al.,
2020) and MAESTRO dataset (Hawthorne et al., 2019),
which provided the musical material the model learned its
generative behaviour from.

3.1 Pure Data External Framework

The system is implemented as a native Pure Data exter-
nal in C, keeping runtime overhead low and maintaining
precise control over timing-critical operations. The ex-
ternal follows Pure Data’s standard object lifecycle for
instantiation, cleanup, and message processing, and uses
zero-copy data structures for MIDI event handling along
with direct access to high-resolution timing functions for
latency measurement and musical synchronisation (Figure
1). Custom buffer management avoids garbage collection
overhead that could otherwise introduce timing jitter dur-
ing extended performance sessions.

The external connects to Pure Data’s dataflow structure
through standard inlet and outlet mechanisms. Numerical
parameters such as note, velocity, and channel are han-
dled through floatinlet_new (), with symbolic message
routing available for configuration commands. Message
dispatching utilises Pure Data’s system to register handlers
for control messages. The external uses typed outlets to
carry both structured note list data and metronome timing

'"Pd MIDI Transformer external is available at
https://version.aalto.fi/gitlab/sopi/
pd-midi-transformer-external

“The link to the midi-transformer repository is
https://version.aalto.fi/gitlab/sopi/
midi-transformer
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signals, allowing it to sit inside existing Pd patches without
additional routing work.

3.2 Multi-Threaded Design

The system uses a four-thread architecture that separates
time-critical operations across independent execution con-
texts. The primary thread handles MIDI input cap-
ture through the midi_transformer_bang() callback,
operating with minimal latency and using microsecond-
precision timestamping via get_time_in_seconds().
Lock-free input buffering handles note-on events, while
note state tracking through indexed data structures
(input_note_indexes) enables O(1) note-off event
matching. The flush thread runs at 100ms intervals, trans-
ferring completed musical events from the real-time input
buffer to the model preparation pipeline. It identifies com-
pleted events and handles format conversion through the
REMI (Representing Musical Events with Intervals) to-
kenisation protocol. This separation of concerns keeps
complex event processing from blocking real-time input
capture, which is the central design principle of the archi-
tecture

The generation thread runs at 500ms intervals, handling
model input preparation, ONNX Runtime inference, and
output post-processing. Adaptive parameter modulation,
including temperature, repetition penalty, and top-k sam-
pling, introduces controlled variation in the generated out-
put. The player thread manages temporal scheduling and
playback of generated musical sequences, using musical
tempo and beat division parameters so that generated notes
align with the musical timeline. Output buffering prevents
timing jitter, while rate limiting at 10ms intervals prevents
the outlet from flooding downstream Pd objects.

Inter-thread coordination uses mutex synchronisation with
minimal critical section design. Mutex operations consis-
tently achieve sub-millisecond overhead, approximately
0.001ms on average, by placing locks only around essential
data modifications. The synchronisation strategy prioritises
real-time input processing, with mutex acquisition order
designed to prevent priority inversion that could disrupt
musical timing.

3.3 ONNX Runtime Integration

The system runs transformer models through ONNX Run-
time, enabling consistent inference behaviour across dif-
ferent hardware and operating system setups. ONNX in-
tegration handles model loading, memory management,
and inference execution, taking care of platform-specific
optimisation automatically. Dynamic model architecture
discovery through ONNX metadata inspection allows the
system to adapt to different transformer configurations
without requiring code changes. In practice, this means
different model variants can be loaded and evaluated within
the same performance setup, which is beneficial for proto-

typing purposes.

The ONNX Runtime session is configured for low-latency
inference. It uses single-threaded execution to minimise
context switching overhead and pre-allocated tensors to
avoid runtime memory allocation delays. Input tensor
preparation uses zero-copy operations where possible, con-
structing ONNX tensors directly from tokenised musical
sequences without intermediate buffer allocation. Together
these choices keep inference preparation overhead low
enough for real-time musical use. The system supports

runtime model replacement through the Pd interface, al-
lowing different AI models to be compared within an active
musical session. Model loading includes error handling
for file system access, ONNX format validation, and mem-
ory allocation failures. Configuration management covers
both model file specification and tokeniser customisation.
This provides us possibilities to explore different musical
representation strategies without changing the interface
or measurement setup. This means future model archi-
tectures can be dropped in and evaluated within the same
performance framework.

4 BUFFER MANAGEMENT SYSTEM

The real-time constraints of interactive Al music gener-
ation requires a set of memory management strategies
that balance immediate responsiveness with musical coher-
ence. Our system implements a dual-buffer architecture
that decouples real-time MIDI input capture from Al model
processing. This makes it possible to have a continuous
musical interaction without sacrificing temporal accuracy.

4.1 Dual-Buffer Architecture

We implemented a two-stage buffering strategy designed
to address the critical tension between real-time respon-
siveness and musical completeness in AI music generation.
This architecture recognises that raw MIDI events require
temporal aggregation to form musically meaningful input
for transformer-based models, at the same time making
sure that incoming performance data is never lost or de-
layed due to processing bottlenecks.

The first stage implements a real-time capture buffer using
an array of custom note structures. Each structure stores
complete musical event metadata including pitch, velocity,
channel, temporal positioning, and duration state. This
buffer operates as a sliding window with configurable ca-
pacity (default 64 notes), processing incoming events in
first in, first out (FIFO) order to maintain chronological
sequence and prevent memory overflow during extended
performance sessions. The buffer accepts incomplete mu-
sical events immediately upon MIDI note-on reception,
storing them with high-precision timestamps while wait-
ing for corresponding note-off events to complete duration
calculation.

The secondary buffer implements a tokenised sequence
container for transformer model input, storing only com-
pleted musical events that have been processed through the
REMI tokenisation protocol (Huang and Yang, 2020). It
converts raw MIDI event data into the token format the
model expects, maintaining both event strings and cor-
responding token IDs with separate length tracking that
allows model input length to be adjusted independently for
events and tokens.

Data migration between buffers occurs through the flush
thread running at 100ms intervals. The flush thread iden-
tifies completed musical events in the primary buffer, per-
forms format conversion, and inserts them into the model
input buffer. This asynchronous design keeps real-time
input capture unblocked while tokenisation and model
preparation occur in parallel. The dual-buffer system uses
mutex synchronisation for data consistency during buffer
operations while minimising lock contention. Critical sec-
tions cover only the minimal necessary operations, such as
buffer reads, writes, and structural modifications. The in-
put capture thread holds mutex locks only briefly, typically
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Figure 1: Pure Data patch including the midi transformer external and its control parameters

completing buffer insertion within microseconds, with an
average buffer management overhead of 0.006ms.

4.2 Sliding Window Implementation

The primary input buffer implements a sliding window
mechanism that adjusts musical context while maintain-
ing real-time responsiveness (Figure 2). What makes this
design particularly interesting for live musical interaction
is how it balances the preservation of sufficient musical
context for coherent Al generation against the need for
immediate response to new input events. Sliding window
buffering is not something new, it is a well known tech-
nique in signal processing and streaming data systems and
our implementation adapts it specifically for the constraints
of live musical interaction. We bring together a specific
combination here: immediate space reallocation through
left-shift on overflow, musical event completeness as an
removal condition (only removing notes with known dura-
tions), and the adaptive sizing range tuned specifically for
musical interaction contexts. That combination, applied to
real-time transformer-based MIDI generation inside a Pd
external, may represent a meaningful contribution in this
specific context

The sliding window supports runtime reconfiguration of
buffer capacity, allowing context window sizing from 1 to
128 notes. This flexibility allows the system to be tuned for
different musical contexts; smaller windows of 1 to 8 notes
suit rapid call-and-response interaction, medium windows
of 8 to 32 notes support phrase-level continuity, and larger
windows of 32 to 128 notes allow for extended musical de-
velopment. Buffer resizing uses safe memory reallocation
that preserves existing content through selective copying. It
maintains musical continuity during reconfiguration while
avoiding memory leaks or data corruption.

When the buffer reaches capacity, the sliding window re-
moves the oldest musical events through a left-shift oper-
ation, keeping chronological order. New musical input is
never rejected due to buffer overflow, and a rolling window
of the most recent context is maintained. The system si-

Doonnene

State 1: filling

capacity: 64
notes accumulated in order
N1 moved (oldest, duration known)
N1 N2 N3 N4

N63 ‘ N64 —_— new

State 2: capacity reached
oldest note reallocated through left-shift, new note enters

8 to 32 notes
Phrase-level continuity

32 to 128 notes
Extended development

1 to 8 notes
Call and response

Adaptive window sizing
context size tuned to musical context

Figure 2: Sliding window buffer management including
normal filling in chronological order, oldest-event eviction
via left-shift when capacity is reached, and adaptive siz-
ing tuned to different musical contexts ranging from 1 to
128 notes. Only notes with known durations are removed,
preserving musical event completeness. Measured buffer
management overhead remains consistently below 1ms at
0.006ms on average.

multaneously rebuilds the pitch-based index structure to
support efficient note-off event processing. The sliding
window design reflects a carefully calibrated balance be-
tween musical memory and system responsiveness. Larger
windows keep extended musical phrases that may inform
more coherent Al generation but increase processing over-
head and potential latency. Smaller windows prioritise
immediate responsiveness but may lose relevant musical
context by discarding recent material too quickly.

Our implementation addresses this tradeoff through three
mechanisms; a) temporal prioritisation where recently
played notes take precedence during capacity management,
b) musical event completeness,in which only notes with
known durations are removed, and c) adaptive window be-
haviour, where the effective context size adjusts based on



note density and timing characteristics. Our measurement
data shows consistent sub-millisecond buffer management
overhead at 0.006ms average, even during intensive musi-
cal input. This performance characteristic suggests that the
system handles rapid musical passages, dense polyphonic
textures, and extended performance sessions without dis-
ruption in responsiveness.

4.3 Immediate Generation Triggering

Most Al music systems typically use periodic polling strate-
gies that query input buffers at fixed intervals, introducing
latency equal to the polling interval and creating percep-
tible delays that disrupt natural musical interaction. Our
system takes a different approach, initiating model infer-
ence immediately upon detection of significant musical
input. This cuts response latency considerably, leaving it
bounded only by model inference time.

Figure 3 shows how the triggering mechanism works by
placing generation initiation calls within note-on event pro-
cessing. When new musical input arrives and generation
is enabled, the system immediately triggers a generation
thread if none is currently active. The system does not gen-
erate output for every individual note. Instead, it analyses
incoming events to identify natural musical breakpoints
that suggest completion of a musical gesture, distinguish-
ing between isolated note events and phrases that are likely
to call for an Al response.

The triggering logic considers multiple musical factors:
note density patterns that suggest phrase boundaries, tem-
poral gaps that indicate musical pauses, and harmonic con-
tent that signals phrase endings. The system relies on the
sliding window buffer to determine when enough musical
context has accumulated to trigger generation. Triggering
sensitivity also adapts to musical tempo and playing style.
During rapid passages, temporal debouncing prevents ex-
cessive generation requests, while in slower musical con-
texts the system responds more immediately to individual
musical gestures.

Immediate triggering maintains both musical quality and
system stability. Generation requests are serialised to pre-
vent concurrent model execution that could overload sys-
tem resources, while the multi-threaded design ensures
trigger processing never blocks real-time input capture.
Completed generation threads are cleaned up automatically,
keeping resource use stable across extended performance
sessions. Our performance analysis suggests that imme-
diate triggering meaningfully reduces overall response la-
tency. While model inference time remains constant at
234ms on average, eliminating polling delays enables the
system to approach the lowest latency the model inference
will allow. Our results suggest that event-driven architec-
tures can preserve musical spontaneity while still meeting
the computational requirements that transformer models
bring.

5 PERFORMANCE EVALUATION

Evaluating a real-time AI music system of this kind
presents some particular challenges. Unlike offline genera-
tive models where output quality can be assessed against
a reference or perceptual metrics, the value of a system
designed for live musical interaction is harder to highlight
with these metrics. The evaluation presented here does not
attempt a direct comparison with other interactive systems,
since differences in architecture, musical context, and inter-

Polling-based approach
every 500 to 1000ms regardless of input

polling delay ~500 ms |
inference 234 ms output

note-on

time —

Event-driven approach
immediately on note-on detection

Enference 234 ms} —[ output ]

note-on

time —

Figure 3: Comparison of polling-based and event-driven
generation triggering. In polling-based approaches, gen-
eration is checked at fixed intervals of 500 to 1000ms
regardless of musical input, adding systematic latency on
top of model inference time. Event-driven triggering initi-
ates inference immediately on note-on detection, reducing
total latency to model inference time alone, measured at
361ms end-to-end average.

action design make such comparisons difficult to interpret
meaningfully. Instead, the focus is on understanding the
real-time behaviour of our own system: how it performs
under live conditions, where the latency is coming from,
and whether the musical output shows any meaningful re-
lationship to the input it receives. The goal is to build a
clearer picture of what the system is actually doing and to
identify where development effort is most likely to have an
impact.

5.1 Latency Analysis

Our latency measurement framework captured perfor-
mance characteristics across 16 complete generation cy-
cles, providing a timing breakdown of the multi-threaded
architecture.

5.1.1 End-to-End Performance

The system reached an average end-to-end latency of
361.7ms from MIDI input reception to audio output across
16 generation cycles. This sits above the 100ms thresh-
old typically associated with real-time musical interaction,
though as discussed earlier it appears sufficient for more
textural, call-and-response kinds of playing. End-to-end
latency was measured by recording timestamps at MIDI in-
put reception and at final audio output in the player thread,
using the high-resolution get _time_in_seconds () func-
tion for microsecond precision. Running averages were
maintained across all measurement cycles using thread-
safe accumulation.

5.1.2 Component-Level Timing Breakdown

Component-level measurements used times-
tamps placed at key points across the process-
ing pipeline. Model inference timing captured
the period between generation_start_time and
generation_complete_time in the generation thread.
Buffer management overhead was measured by recording
mutex lock duration. Thread synchronisation costs were
assessed through the measure_thread_overhead()
function.



Fine-grained analysis revealed distinct timing characteris-
tics across system components:

Al Model Inference: 234.2ms average (65% of total
processing time)

* Buffer Management: 0.006ms average (negligible
overhead)

* Thread Synchronization: <0.001ms (efficient mutex
implementation)

e Output Pipeline: 10,076.9ms (primary bottleneck
identified; reflects cumulative scheduled playback tim-
ing across the session)

The buffer management and threading overhead is negli-
gible at the microsecond level, which appears consistent
with the design goals of the multi-threaded architecture.
The output pipeline figure of 10,076.9ms calls for some
clarification, this reflects cumulative scheduled playback
timing across the measurement session rather than per-
cycle latency, and represents the primary area for further
optimisation.

5.1.3 Thread Architecture Efficiency

Thread efficiency was assessed through the
measure_thread_overhead () function, which
performed minimal operations within mutex-protected
critical sections during active system operation. Timing
was recorded immediately before and after each mutex
lock and unlock cycle using get_time_in_seconds (),
giving a direct measure of synchronisation overhead under
realistic conditions.

Mutex operations remained consistently below 1 ms, with
average overhead approaching 0.001 ms. This is consistent
with the design goal of keeping synchronisation costs low
enough that input capture, model inference, and output
generation can run in independent threads without timing
interference.

5.2 Musical Intelligence Evaluation
5.2.1 Input-Output Correlation Analysis

Musical correlation analysis uses an input-output pair-
ing system in which musician inputs are stored in a
sliding window buffer (recent_inputs[]) with 20-note
capacity via store_input_for_correlation(). Al-
generated outputs are matched with recent inputs using
temporal proximity in match_output_with_input(),
identifying the closest input within a 10-second win-
dow. Correlation calculations are performed in
calculate_continuity_metrics(): pitch correlation
assesses semitone differences (£12 semitones = corre-
lated), rhythm correlation evaluates timing alignment
(£4 ticks = correlated), and velocity correlation mea-
sures dynamic similarity (£20 MIDI units = correlated).
The system maintains an array of 100 input-output pairs
(correlation_pairs[]), enabling statistical analysis
across the full measurement session.

Across those 100 pairs, analysis revealed distinct correla-
tion patterns across the three musical dimensions:

Harmonic Coherence: Pitch correlation reached 82.0%
at the +12-semitone threshold (82 of 100 pairs). To con-
textualise this against chance performance, the expected
random baseline for a uniform pitch distribution across 128
MIDI values at this threshold is 19.5% (25/128), yielding a

4.2x lift above chance (y? = 248.8, p < 0.001, n = 100,
goodness-of-fit test (Yang and Lerch, 2020)). This con-
sistent above-chance performance suggests the observed
harmonic proximity reflects model-learned tonal structure
rather than coincidental pitch proximity.

Temporal Continuity: Rhythm correlation reached 52.0%,
with Al outputs maintaining rhythmic relationships within
4-tick temporal windows in just over half of all pairs. This
may suggest some degree of temporal pattern recognition,
though the lower figure relative to pitch correlation leaves
room for creative rhythmic variation or may reflect limita-
tions in the current temporal matching threshold.

Dynamic Responsiveness: Velocity correlation reached
47.0%, with Al outputs tracking input velocity within 20
MIDI units in nearly half of all interactions. This is the
weakest of the three dimensions and likely represents the
most significant area for further development.

With n=100 input-output pairs, these correlation figures
achieve statistical significance at p<0.01 for musical re-
lationship assessment, providing a reasonable basis for
quantitative comparison across system configurations or
model variants.

5.3 Model adaptation

Since the output of the model is a MIDI file, there is no
single standard way of assessing prediction accuracy, and
so we began with a subjective approach. By listening to
the generated results, we assessed whether they sounded
completely random or exhibited well-defined behaviours
learned from the dataset. This gave us a first sense of which
model configurations were worth pursuing further using
quantitative methods. Following the evaluation approach
of Yang and Lerch (2020) for generative models, we then
selected a set of musically relevant characteristics that al-
lowed us to quantify the model’s performance. We worked
with eight metrics:

* note count : total number of notes in the song

* pitch range : the difference in pitch between the higher
and lower notes

« average pitch interval : average interval between two
consecutive notes

+ average note length : average duration of a note

* pitch transition matrix : counts of transitions from
one pitch to another

* note length transition matrix : counts of transitions
from one note length to another

« pitch class histogram : counts of occurrences of each
pitch class in the song

* note length histogram : counts of occurrences of each
note duration in the song

These metrics also can be used to produce graphical rep-
resentations of the music under analysis. Figure 4 shows
the most frequent pitch transitions. Consistent patterns
emerge across the visualisation, which may suggest that
the training data has distinctive melodic tendencies that the
model could in principle learn to reproduce 3.

The goal of the model is to replicate these patterns closely
enough that its output can be recognised as belonging to the

3evaluation module is available at https://tinyurl.com/
5n6u7vip
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Figure 4: Visualization of frequent pitch transitions in Note
length Transition Matrix.

same musical world, which would suggest the model has
learned something of the dataset’s musical character. To
assess how well this is happening, we compute the distance
between the metrics measured on the source material and
on the generated continuation, arriving at a single distance
value per metric. This makes it relatively easy to see where
the model performs better or worse in structural terms.

These eight distances do not convey much about musical
performance on their own. They are too granular and
too abstract. To address this, we introduced a secondary
layer of interpretation that groups metrics into higher level,
musically meaningful categories, which we refer to as the
"meaning" version of the assessment:

* Melodic fidelity: sum of distances for pitch class his-
togram, pitch range, average pitch interval and pitch
transition matrix

* Rhythmic fidelity: sum of distances for note length
histogram, note length transition matrix and average
note length

* Stability: sum of distances for pitch range and average
pitch interval

* Global performance: sum of all distances

The raw numbers from these assessments do not carry
much meaning on their own. A single distance value does
not tell us whether a piece is "good" or "bad." Their main
purpose is to provide a basis for comparison between two
model variants and to complement listening-based evalua-
tion rather than replace it.

These evaluation steps shaped which model configuration
was carried forward into the real-time implementation. The
latency and input-output correlation analysis in the follow-
ing sections then assess how the integrated system performs
under live performance conditions.

6 PERFORMANCE DISCUSSION AND FUTURE
WORK

Our results point to both the potential and the current lim-
itations of real-time Al music generation within a visual
programming environment. The 82% harmonic correla-
tion (4.2x above the 19.5% random baseline) suggests

the system has developed a meaningful degree of musi-
cal awareness, responding to pitch content in ways that
go beyond random output. The 361ms end-to-end latency
places the system above the threshold for tightly coupled
interaction, though as discussed earlier it appears workable
for more textural and call-and-response kinds of playing.
The measurement framework usefully identified the output
pipeline as the primary area for optimisation, which gives
future development a concrete starting point rather than a
general target.

The combination of quantitative metrics, latency figures
and correlation analysis, with the subjective listening eval-
uation described in the model adaptation section, appears
to offer a more complete picture of system behaviour than
either approach alone. Quantitative measures provide a
stable basis for comparison across configurations, while
listening evaluation remains the most direct way to assess
whether the system is actually doing something musically
meaningful in practice.

Situating these results alongside comparable interactive
MIDI systems helps clarify what our implementation ap-
pears to offer and where it still falls short. Systems like
IRCAM’s Somax2 (Bigo et al., 2022), Notochord (Karysti-
naios and Widmer, 2023), and more recent transformer-
based approaches such as Real.Jam (Scarlatos et al.,
2025) and SongDriver (Wang et al., 2022) represent well-
developed approaches to real-time human-Al musical in-
teraction. Notochord reports sub-10ms latency for predic-
tive MIDI control, and Real.Jam introduces anticipation
mechanisms that allow the system to plan ahead rather
than simply react. SongDriver addresses logical latency
directly through a two-phase arrangement and prediction
strategy. By comparison, our 361ms end-to-end latency is
considerably higher. Our system’s most meaningful struc-
tural contribution is more about where the generation hap-
pens natively inside Pure Data, without an external Python
server or OSC bridge. That architectural decision reduces
a category of latency and dependency overhead that even
the most capable of these systems still carry in practice.
In terms of harmonic coherence, an 82% pitch correla-
tion, 4.2 x above the 19.5% random baseline, (X2 = 248.8,
p < 0.001, n = 100) is a reasonable result for a system
running under these constraints, though direct numerical
comparison with other systems is difficult since none re-
port equivalent correlation metrics. What the figure does
suggest is that the transformer has learned something of
the musical material it was trained on and can respond to
live input in ways that are at least harmonically grounded,
rather than producing output that merely falls within a
wide pitch window by chance. Our system trades some
CPU latency headroom for architectural accessibility, and
whether that decision is worthwhile will depend on the
musical context and the performer’s priorities.

One of the more direct artistic uses of the system took
place in a live performance context. Jukka Nykinen com-
posed three short pieces, Clair de Lune, Ocean Music in
Gm9, and Burden of Dreams and performed live using this
system on 22nd May 2026 at Aalto University, Marsui Cin-
ema. The performance setup used a MIDI piano keyboard
as the primary instrument, with the live input feeding di-
rectly into the multi-threaded architecture described in this
paper. The Al-generated responses were heard alongside
Nykénen’s playing in real time, functioning as a generative
accompaniment responding to the unfolding musical ma-
terial. This performance provided the first artistic test of



Figure 5: Jukka Nykénen performing with the MIDI Trans-
former system at Aalto University, Maarisali Cinema, 22nd
May 2026. The short video recordings of this performance
are available at https://vimeo.com/1196228952

the system outside a research or rehearsal context, raising
practical questions about musical control, timing feel, and
performer experience that measurement data alone cannot
capture (Figure 5).

At the same time, the current implementation carries a
number of limitations that should be acknowledged. The
361ms latency, while manageable for certain musical con-
texts, remains above what tightly coupled interactive per-
formance typically requires. The output pipeline has been
identified as the primary bottleneck and has not yet been
fully optimised. The model itself was trained on a rela-
tively narrow corpus of piano music, which likely shapes
and limits the stylistic range of its generative output. The
correlation evaluation, based on 16 generation cycles and
100 input-output pairs, is a reasonable starting point but a
larger measurement dataset would strengthen the statistical
claims.

Several future directions for this work are already tak-
ing shape. On the technical side, optimising the output
pipeline is our most immediate priority, since this is where
the largest latency gains are likely to come from. Run-
ning multiple simultaneous instances of the external would
allow more complex polyphonic textures and open up en-
semble performance scenarios. Model fine-tuning on more
diverse musical material, or experimenting with alternative
transformer architectures, may also broaden the system’s
musical range.

On the research side, the input-output correlation frame-
work introduced here could be developed further as a gen-
eral evaluation tool for interactive Al music systems. The
three musical dimensions assessed here, pitch, rhythm,
and dynamics, are a starting point rather than a complete
picture. For pitch correlation in particular, the current
evaluation uses a single +12-semitone threshold against a
19.5% random baseline; future work could report at mul-
tiple thresholds simultaneously (£2, +5, 7 semitones),
corresponding to musically meaningful intervals such as
chromatic neighbours, perfect fourths, and perfect fifths,
each with their own analytically derived baselines (3.9%,
8.6%, and 11.7% respectively). This multi-threshold ap-
proach would give a more granular picture of harmonic
coherence and make lift ratios comparable across differ-
ent thresholds and interaction styles. Beyond pitch, future
work might extend the framework to phrase-level struc-
ture, assessing whether the Al responds to melodic contour
or cadential patterns rather than individual notes and to
timbral response for setups involving synthesis or sound

design parameters. Expanding the dataset across multiple
performers and musical styles would also strengthen the
statistical claims and assess how correlation characteristics
vary with different playing contexts.

7 CONCLUSION

In this paper, we introduced a real-time MIDI transformer
generative system implemented as a Pure Data external,
designed to bring transformer-based Al music generation
into the dataflow programming environments that many
musicians already work in. The system addresses an ongo-
ing gap between the computational demands of transformer
inference and the low-latency requirements of live musi-
cal performance, through a multi-threaded architecture,
a dual-buffer management system, and immediate event-
driven generation triggering. To our knowledge, this repre-
sents the first implementation of a real-time ONNX-based
transformer model running natively inside Pure Data. The
architectural approach appears to offer several practical
advantages for live musical interaction: temporal preci-
sion through immediate input capture, musical coherence
through complete event processing before model input,
and stable asynchronous operation that keeps the real-time
input thread unblocked during inference.

The open-source release gives future work in Al and music
creativity something concrete to build on, and we hope it
demonstrates that this kind of transformer-based genera-
tion can work within accessible open-source programming
environments that musicians already use.
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