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Abstract

There have been many permutations in methods to train mu-
sicians in the performance technique and the technical skills
required for an instrument. Among these, many modern com-
putational approaches have been developed which incorporate
some level of feedback from the student. These often assess mas-
tery based on a response, dynamic or learned, to the practiced
result. This research presents an interface expanding these con-
cepts, which guides the performer to novel improvisation through
punitive techniques. As opposed to models using prior compo-
sition or predetermined reference points, it live-learns in situ
to assess predictability without pretraining. It provides a frame-
work and interface which seeks to be implementable for a variety
instruments and styles analyses of sound and pose.

CCS Concepts

« Human-centered computing — Interaction devices; « Ap-
plied computing — Performing arts; - Computing method-
ologies — Machine learning approaches; « Computer sys-
tems organization — Real-time systems.
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1 Introduction

While punitive measures are neither useful, nor ethical in the ed-
ucation of children[10] they might still be have a place in playful
contexts of music. The use of antagonism can be recontextual-
ized as less the direct educational tool, and more an interfer-
ence strategy to overcome. One can already look to works such
as The Sabotaging Piano[7], in which the pitches of performed
keys are shifted, for inspiration on how the implementation of
adversity can be a tool for novel musical output. Rather than
that work’s randomized variation, one might consider an inter-
face that makes performance difficult using predictive modeling.
While not broadly applicable to composed works, this has po-
tential to push improvised performance in unexpected directions.
The live-learning antagonist approach here provided expands
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on ideas such as the prior piano’s forced variation, by providing
an performance-learning algorithm. It thus creates an interac-
tion in which the performer must learn to compete against a
rigged game, while the algorithm itself forever adjusts to any
such learned adjustment. Instead of learning what to do, the musi-
cian must instead devise how to adjust. This interactive machine
learning (IML) technique might then produce a mutual relation-
ship of training, torture and inspired improvisation.

1.1 Prior Computer-Aided Learning and
Instruction

Computation has regularly been used as a tool in music education
and one can readily find examples of such NIMEs. PianoTouch
[16] provides a haptic interface to guide the student’s knowledge
of which finger should be used. MoveMe [12] takes takes the
approach of physically positioning the performer’s hands, while
Zhang, et al propose physical guidance of individual digits to
respective keys[26]. Machine learning has quite expectably been
incorporated in the role of tutor to both detect performance
error and provide live feedback [4]. These approaches are thus-
far based on preprogrammed compositions, and have no basis
to intervene in any improvisational context. Neither do they
incorporate responses learned from the performer to affect the
instruction given.

1.2 Learning Through Vague Antagonism

These prior teaching strategies attempt a fairly direct feedback
in order that the musician understand requirements to better
perform. This research attempts instead to give an undefined
punishment to the performer. It seeks only to inform the per-
former that their behavior is predictable, but not how; neither
hinting to changes to make it less so. This can lead to a cycli-
cal tension, as the performer attempts to please the algorithm,
which is meanwhile learning the musician’s new strategy, and
all the while in an attempt to please an audience. One must as
well include in this mix that the algorithm is fully capable of,
and with some regularity, predicting correctly only by chance,
rather than algorithmic robustness, and thus push to change,
even when unwarranted. In an inversion to NIMEs designed to
improvise with a computer analysis[6] or a co-creative AI [25],
the musician here improvises against the NIME.

2 Development

This research began with an analysis of the various methods of
performance and the physicalities for an array of instruments,
then applied to potential algorithmic and hardware approaches.
Many of those hardware approaches involved functional ma-
nipulation of specific instruments. with interventions including
blocking keys, pitch shifting strings or muting drums. These pre-
sented significant difficulties for realization in that, not only is
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there a wide array of instruments from which to start, but the
list of potential modifications available to many instruments can
become quickly daunting. Instead, it was decided to produce an
interface capable of learning directly from the performance and
guide the performer via simple punitive measures should the
result register as too predictable. This approach is thus simple to
implement and less restricted in instrument selection.

The proposed solution analyzed both audio output and per-
former movement for prediction followed by punitive electro-
shock in the case of performance-prediction matching. Heavier
processing is handled by laptop processor, while the motion
and punishment interface manifests as a discrete wearable us-
ing wireless data transmission. This allows low-latency of the
training/prediction models with freedom of movement for the
performer and required circuit isolation discussed in section 4.
The software selected to handle predictions was MaxMSP [5], due
to the availability of a variety of packages capable of handling
the analysis and prediction algorithms. Within these, the primary
driver for analysis was the Fluid Corpus Manipulation(FluCoMa)
toolkit [9], which features an array of nodes capable of handling
the spectral analysis, onset detection, dimensional reduction and
clustering addressed below. Markov and regression models were
also used for training and predictions [3, 24]. A simplified dia-
gram of the software’s prediction strategies is shown in figure
1.

3 Software Design

3.1 Audio Analysis and Prediction

3.1.1  Rhythm. This section predicts the likelihood of something
that might count as a new event. This is accomplished using
FluCoMa’s fluid.onsetslice with the energy metric as detector.
Rather than amplitude thresholding, it responds to spectral vari-
ation and phase deviation to determine relative entropy [14]. An
auto-threshold function is included to minimize the need for
calibration to on-site volume levels or energy variation between
musical styles. The time differences between each new beat are
collated into a sequence used to train a Markov model (5th order)
to determine the likely onset timing of the next event. To com-
pensate for the possibility of very slow/fast tempos, the sequence
treats the time logarithmically rather than linearly. A prediction
is deemed accurate if three sequential predictions are within a
ten percent time difference to the result.

3.1.2  Pitch. Upon detection of onsets via Modified Kullback-
Leibler metric[1], this chain makes a pitch detection using Flu-
CoMa’s fluid.pitch with the YinFFT3 algorithm[2], with the MIDI
note integer output simplified to pitch class. The pitch algorithm,
while not designed for polyphonic interpretation, was still reason-
ably reliable in prediction, even with complex sounds as demon-
strated via predictive result analysis (see Methods). Each new
note is added to a sequential queue of pitches. The determined
sequence then trains three Markov models (1st, 4th and 8th or-
der) alongside one regression model based on the latest 32 pitch
sequence. With each new pitch, predictions are made by each
model and a consensus from their collected results determines if
a prediction matches that which was performed via 3:4 predicted
results matching current pitch.

3.1.3  Novelty. The prior techniques are poorly suited for ambi-
ent or slow-variation music, and would require long time-frames
to train models. In order to compensate, a general novelty analy-
sis is included, determining whether there exists a general change
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in sonic character within a variable time-frame. It uses a sliding
window approach of recent input that determines not specific
onsets, but longer period variation using FluCoMa’s novelty re-
source with the spectrum algorithm option - combining spectral
domain analysis and self-similarity matrices [11]. Intended to
allow for longer period slicing of audio into similar regions, it is
here used to determine sufficient general variation. The resulting
value is compared against a self-calibrating threshold which re-
sets a slow timer if exceeded. Should the time run out, it indicates
insufficient novelty and punishment is triggered.

3.2 Pose Analysis and Prediction

3.2.1 Planning. In addition to sound analysis, the interface at-
tempts to surmise variation in performer motion. There exist
several techniques to obtain positional information. Video-based
pose estimation [15], while minimally cumbersome for perfor-
mance was ruled out as models were untrained for the possible
visual interferences of a variety of musical instruments. While
worn gyroscopic sensors were a potential solution, electromyog-
raphy (EMG) inference was instead selected, for it’s physiological
relation to the punitive electroshock, and it’s potential to, with
few signals, infer poses (potentially including digital motion) in
a low profile. Such interfaces have been incorporated into per-
formance such as in Xth Sense [8], although usually as signal
for direct audio interpretation. Prior literature has demonstrated
the possibility of EMG signal in determining such gestures [22]
and have been effective in defining up to seventeen pose clas-
sifications using only two or three signals [17, 19]. Pre-trained
EMG placement techniques such as SparseEMG [18] could not be
implemented as relevant poses change between different instru-
ments and this system uses no pre-training, allowing gestural
coupling to a performed instrument in situ via frequency analy-
sis, dimensional reduction and clustering; followed by a training
and prediction approach similar to that used for pitch predic-
tion. Experimental result demonstrated sufficient correlation of
prediction to suggest the suitability of this approach.

3.2.2  Implementation. The EMG signals are sent as open sound
control (OSC) packets via WiFi to the computer. Beyond the na-
tive filtering built into the AD8232s, they are additionally filtered
in software to remove the signals below 20Hz known to be a
principle source of EMG amplitude noise [23]. The signals are
then analyzed using seven band mel-frequency cepstrum coef-
ficients (MFCC) with the first coefficient removed to exclude
amplitude interference from the spectral variation. Detection of
motion through onset features (using spectral flux metric) sample
current MFCC values after a brief (20 ms) signal clarity delay.
Those values are then reduced to two dimensions using principle
component analysis (PCA). K-means clustering is applied with a
set cluster number of 10. Once sufficient points (n=100) have been
collected to maintain stability in the results, the cluster of each
new point is added to a sequence which is sent to three Markov
models (1st, 4th and 8th order). The predictions are deemed to
match here if greater than three accurate predictions are made in
the sum of the three models over two sequential predictions. The
clustering caps the number of data points to 750 after which any
new data points overwrite the oldest to prevent observed pro-
cessing lag of larger data sets after lengthy performance, while
maintaining a balance between older and more recently observed
data for prediction.
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3.3 Prediction and Assessment

The models made predictions from the above four analysis with
reasonable quality. Unsurprisingly, across musical genres the
lowest accuracy tended to be in experimental noise and highest
in clear, repetitive music. Statistical comparisons were performed
with results averaging 1.5-2.5x accuracy over chance. For pitch
class and clustering predictors, this compared resulting match
percentages to those predicted by chance (see methods). While
there was no data analysis to verify that resulting clusters corre-
sponded to poses, that the predictions performed well suggests
this to be the case. Assessing the accuracy of the beat prediction
was more difficult as the time between any two onsets was not
discrete and could have infinite range. A better implementation
might take into account a beat estimation and meter as discussed
in future planning.

The prior mentioned consensus models and requirements of
consecutive results minimize the likelihood of false positives. If
a majority of the models predicted correctly, this was considered
a match event and an electric shock was triggered to punish the
performer. As these sequences would sometimes be predicted in
series, a lock-out timer was added for performance adjustments
before any next prediction could trigger punishment (usually 10
seconds).

4 Hardware Design

The worn hardware consisted primarily of an ESP-32 to wirelessly
send EMG signals and receive shock triggers activating an off-the-
shelf transcutaneous electrical nerve stimulation (TENS) device.
These were packaged in a worn vest with elastic armbands to
hold the electrodes (figure 4).

Figure 2: The sensor and control board.

The EMG-based pose detection evaluates only muscle move-
ments of one arm with electrode placements at positions of mid-
arm, elbow, and wrist as suggested by the prior referenced liter-
ature in section 3.2.1. This single-arm approach was primarily
to keep the electro-shock components safely on the other arm,
away from the highly sensitive EMG pre-amps. For this applica-
tion, two (later three) EMG project boards were used (AD8232
module) featuring signal processing, ground reference and fil-
tering to the typical range of EMG signal (5-450Hz) [20]. The
resulting data is then ingested by a battery-powered ESP32 and
transmitted as OSC. Since little processing power was needed,
the ESP32 was selected for it’s low cost and wireless transmission,
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Figure 3: [Above] The vest interface. Interior breast pockets
left and right hold pre-amp/transceiver module and the
TENS device. Electrodes for TENS (left) and EMG (right)
are held by elastic straps. [Below] Video still of the vest in
use. (from video: https://www.dorftv.at/video/45716).

permitting freedom of movement and preventing interference
from connection to other equipment.

The TENS device operates in a always-active state and is con-
trolled by in-line relay located between itself and electrodes via a
break in the transmission cable. Thus, the ESP32 could effectively
control release of voltage without concern for cross-talk to the
low power EMG amplification boards. The TENS electrodes were
kept to a single arm for the reasons above as well as preventing
dangerous current-flow crossing through the heart. For aesthetic
reasons and to minimize waste, it was decided to use hardware-
based electrodes rather than medical pads for this design. This
provides a replicable system for future development and permits
easy on-site repair if needed. A simple system of elastic straps fea-
turing electrodes made of commonly available nut/bolt/washer
combinations was used with crimp leads soldered to the preamp
input cables. These electrodes’ signals are often unstable when
dry, but use of electro-conductive gel resulted in consistent and
reliable performance, lasting for over forty minutes in practice.

5 Results

This work has now been presented in several performances, in-
cluded its premiere as part of Tangible Music Club, STWST, Linz
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and the opening night of the International Computer Music Con-
ference (ICMC, 2025), Boston. These performances involved elec-
tronic instrumentation, primarily in the form of a sequencing
drum machine with additional instruments or noise generators
changing per-performance. The drum machine was prepared
with six to ten channels, each with an array of sequenced loops,
or sound triggers. In additional to triggering, stopping, and lay-
ering these loops, variation was achieved through manipulation
of tempo and filters. As such, many of the musical elements fol-
lowed certain patterns more-so than what might be expected of
single-instrument improvisation. The additional instrumentation
would thus aid when primary manipulations felt too simplistic.
Rehearsals were implemented without the use of the interface in
order to avoid excessive awareness of algorithmic response or
punishment acclimation.

In addition to personal observations, audience feedback was
collected in the form of intentional, albeit informal conversa-
tions with those present at performances This included both
unguided general inquiry about audience impressions as well
as a few guided questions - most commonly along the lines of,
"How clear were the moments of punishment?", "Were improvi-
sational variations apparent?" and "If apparent, were variations
interesting?".

e Personal observations

— In practice, the interface could be worn with minimal
physical interference to the performance, with the con-
necting wires as only mildly invasive. For some instru-
ments, these wires might be prove more cumbersome.

— Even at the lowest setting, the TENS device’s shocks
were readily apparent.

— The shocks felt to result in significant jerking motions.

— Shocks had a performance affect frequently resulting
in a moment of psychological and physical recovery to
perform following actions.

— The above performance lag diminished over the perfor-
mance even with intentional increase in voltage over
time.

- Early and end-performance attempts to create change
resulted from shocks, rather than attempting to prevent
the shocks. Mid-performance tended towards attempted
evasion.

— The punishments resulted in an impetus to manipulate
these patterns to a much greater extent than typical.

— It has been very difficult to implement any rehearsed
plan for progression or evasion once in performance
with the interface.

— The added pressure to please the algorithm resulted in
a lack of awareness in regards to audience response.

— After performances there were sensations of phantom
shocks for the next hour.

— Performance of this acoustically complex music made
it difficult to assess quality of prediction or avoid pun-
ishment with clarity, however it was clear that there
were false positives in prediction, including a punish-
ment received after a musical equipment failure and
corresponding reset.

o Audience responses

— The jerking motions I felt did not readily translate visu-
ally. Co-triggered strobes and/or glitched visuals cues
aided, but were not always clear. This has been largely
mitigated through brief explanation before performance.
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- A general response to the performance was that it was
fairly chaotic and thus difficult to surmise actual per-
formance improvisations, however some moments of
larger change were clear.

— Audiences largely did not care about the quality of pre-
diction, but acknowledged the likely difficulty in avoid-
ing predictability in a quasi-structured and beat-driven
improvisation style.

— Most of those spoken to considered the performance
to be musically interesting, beyond the elements of the
interface.

— In general, audience members responded very positive
afterwards from a musical/sonic perspective.

— The idea of live performance punishment was univer-
sally amusing amongst all respondents.

In general, it can be summarized that, from a performative
side, the interface was not cumbersome physically but did affect
the performance in several ways beyond the intent. This included
focus on rapid variation as strategy for prevention as opposed to
hoped strategic evasive learning. As above, the focus on shaping
performance to algorithmic response unfortunately resulted in a
lack of focus towards the live audience. While the responses of
the audience were nonetheless positive, this is something to con-
sider. Somewhat surprisingly, both of the last points on strategy
and attentiveness to the audience have not changed in spite of
repeated performances and awareness of these issues. Although
difficult to state definitively, it seems there has been a greater
result in personal performative variation to those occurring with-
out the interface, but since its repeated use - the personal results
being broader consideration to alternative variation even in non-
improvised performance. So while this work is intended to be
rather antithetical to a teaching interface, it yet seemed to train
my performative direction. This may suggest that performative
adjustments after use may be more interesting than performative
result, and may connect with the practice-led methods of Green
[13].

From the audience perspective, these concerns were of limited
relevance. Their responses can can be summarized to suggest
that this interface, no matter the quality of prediction, proved
entertaining and garnered interest in further research in the
topic, with several instrumentalists having expressed interest in
attempting performance thus encumbered.

6 Conclusion

This research has been undertaken to consider unique explo-
rations in interactive machine learning, improvisation and per-
formative autonomy in the face of the technosphere’s growing
influence in both learning and control. It is hoped that this inves-
tigation into the use of IML against the performer can provide not
only a novel framework for exploring originality and creativity
in musical performance, but can also work to draw attention to
the metaphorical connections of algorithmic control structures
in regards to machine learning and its influences on our lives
and behaviors.

One of the interesting components of this project is its cyclic
feedback nature which, when taken to its logical conclusion,
suggests that nothing designed here could ever be allowed to be
fully accurate. It pits the human mental prediction of musical
progression as discussed by Pearce [21] against an algorithmic
one. The closer any predictive model gets to perfection, the less
performance is possible, as a perfect model would not only predict
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Figure 4: Performance at Red Room, Baltimore. Data visu-
alization behind performance gives the audience a peak
at predictor function, while feed disturbance signals elec-
troshock.

the performed, but infer the next attempts to circumvent the
prediction. Should a model work this well, it collapses, as the
performer can play nothing (or is under constant pain in the
current production). Fortunately, no such predictive algorithm is
so perfect and part of calibration is tuning exactly what threshold
requires a performer’s efforts of avoidance, without prevention of
execution. In this way it echos many of the predictive algorithms
of punitive systems, in that the behavioral manipulation occurs
as much, if not more-so in the threat of the punishment, than the
accuracy of the prediction.

6.1 Further Development

This interface is under constant refinement. The techniques used
for EMG clustering and prediction are ever-shifting to provide
improved response. In consideration of the ethical standards,
the performances thus far been limited to myself, and using the
collection electronic instruments and sequencers familiar to me,
rather than any singular instrument (such as piano or guitar)
for which the interface was ostensibly designed. As such, more
experimentation is required with instrumentalists to determine
its performance on any other styles and individual instruments.

Among recent algorithmic improvements, addition of peak
frequencies to MFCC data for dimensional reduction seems to
help with more natural cluster formation, while clustering to
three dimensions is being explored to improve definition. Beat
prediction is currently the least stable (compensated for by re-
quiring sequential prediction stability) of the predictors and may
be significantly improved with the inclusion of beat estimation
but, as it behaves sufficiently well in its current state, this has
not yet been implemented.

While focused on singular performance, many of these tech-
nique could be expanded to multi-performer interaction. This
research could lend itself, in the vein of motion prediction, to
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other movement-based performative art forms such as dance as
well.

7 Ethical Standards

The used administration of electroshock vie the TENS device
for the production of this work was primarily upon only the
author. Limited exposure to the device was granted colleagues
only upon their request and with informed consent. Any attempt
to replicate this research should take into consideration all safety
precautions when dealing with the application of high voltage to
the skin.
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A Research Methods
A.1 Algorithm Selection and Testing

Onset threshold algorithms used for determination of new beats,
notes and poses, while originally attempted through research of
algorithms [1], the most effective option was better found via
trial and error. Similarly, the delay between onset and determina-
tion of new stable pose state was based on observed maximum
durations of unstable low-frequency or clipped data. PCA dimen-
sional reduction was selected due to computational simplicity
and stability of resulting plots compared to other options. K-
means clustering with a set cluster number was selected as well
for it’s consistency in resulting clusters.

Validation of predictive quality was achieved via comparison
of resultant true vs false positives against expectation in random
chance. In the case of pitch class determination this is expected
to be 1 in 12 (8.3%) and for the clustered bio-signals 1 in 10 (10%)
success rates for random chance. The algorithms both separately
and as a whole tended to approximately 1.5 to 2.5 times this
expectation from chance. While this still implies very regular
false positives, the consensus approach from before reasonably
diminishes their impact. Exceeding these accuracy values proved
difficult in production with higher accuracy results often result-
ing from anomalous data, such as when sequential points fell
excessively or redundantly into specific pitches or clusters.

The cluster count (n=10) was determined based on experimen-
tal result, with the count needing to be high enough to minimize
regular false positives, but low enough to differentiation pose.
Clusters could roughly be assumed to represent a certain pose of
the arm and hand, but are difficult to prove, as there is no data
to correspond specific poses to specific clusters. That the pre-
dicted results were consistently above chance thresholds suggests
cluster-pose correlation.

B Online Resources

Files used in the production of this work are available online at
github.com/blackistone/Improvisational Antagonist.
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