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ABSTRACT

This paper presents a data-driven calibration framework
for robotic musical instruments based on a hybrid ensem-
ble model that combines K-nearest neighbors (KNN) and a
multi-layer perceptron (MLP). KNN anchors predictions to
recorded acoustic measurements, while the MLP enables
nonlinear generalization and smooth interpolation across
the instrument’s playable range. A distance-dependent
blending strategy integrates the two models, improving
consistency across sparse and dense data.

The proposed approach produces stable and repeatable
calibration estimates for both pitched and non-pitched
instruments, outperforming standalone models across a
range of sampling conditions. This work establishes a
scalable foundation for automated calibration in robotic
musical systems.

1. INTRODUCTION

The California Institute of the Arts (CalArts) maintains
a collection of robotic instruments that require regular
calibration to preserve consistent timbre, dynamic re-
sponse, and overall performance quality. Over time, me-
chanical drift and component wear introduce nonlinear
changes that alter each instrument’s acoustic behavior, a
well-documented issue in mechatronic systems. As these
changes accumulate, the instruments no longer respond as
originally intended by composers or performers.

To address this issue, we introduce a machine learning
calibration framework that combines a K-nearest neigh-
bors (KNN) with a multi-layer perceptron (MLP) to predict
calibration adjustments across the instrument’s playable
range. By combining these complementary strengths, the
system produces consistent predictions across different
data densities. The remainder of this paper is organized
as follows: Section 2 reviews related work on mechani-
cal drift and data-driven calibration; Section 3 describes
the proposed system and modeling framework; Section 4
presents the evaluation; and Section 5 concludes with dis-
cussion and future directions.
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2. BACKGROUND AND RELATED WORK
2.1 CalArts Machine Lab

The CalArts Machine Lab [1] hosts a collection of custom-
designed robotic musical instruments [2] developed over
the past fifteen years, including BreakBot, GanaPati, Ly-
dia, MahaDeviBot [3, 4], MalletOTon [5], RattleTron, and
Tammy. Most recently, an 8x8 grid of Modulets [5] has
been added to the lab. As shown in Figure 1, these in-
struments vary significantly in construction, actuation, and
acoustic behavior, requiring individualized calibration pro-
cedures to maintain consistent performance.

Figure 1. From bottom left clockwise: BreakBot, MalletOTon, Lydia,
and GanaPati.

2.2 Mechanical Drift

Mechanical drift is a persistent challenge in robotic musi-
cal instruments. Over time, actuators loosen, mallets shift,
and hardware components wear, leading to changes in tim-
bre and dynamic output. As a result, an instrument’s re-
sponse can diverge from its calibrated state, introducing in-
consistencies in both composition and performance. Tradi-
tional calibration methods rely on manual adjustment and
subjective listening, which are time-consuming and diffi-
cult to reproduce [6, 7]. Because drift progresses slowly,
these changes may remain unnoticed until performance be-
comes unreliable. This motivates the need for systematic,
repeatable, data-driven calibration methods.

2.3 Data-Driven Calibration Methods

Sensor-driven and machine learning methods have been
increasingly used to characterize and correct the acous-
tic behavior of robotic instruments. Spectral features such
as MFCCs, combined with dimensionality reduction, have
been applied to model loudness variation in robotic percus-
sion, improving dynamic stability [8].
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Subsequent work extended these ideas through closed-
loop control, using audio feedback to automatically correct
deviations in pitch, dynamics, and timing [6, 9]. These sys-
tems demonstrate that algorithmic calibration can maintain
stable performance over extended periods while reducing
reliance on manual adjustment.

More recent work focuses on learning richer, instrument-
specific response models. Self-supervised exploration en-
ables robots to infer geometric and acoustic properties di-
rectly from interaction data [10], while large-scale learn-
ing frameworks for robotic piano performance show that
modern models can compensate for nonlinear mechanical
variation through data-driven policy learning [11, 12].

Collectively, these approaches demonstrate that data-
driven modeling can capture complex acoustic behavior,
detect drift earlier than human perception, and improve
calibration consistency over time. In this work, we intro-
duce a hybrid KNN-MLP framework that integrates data-
driven and nonlinear modeling to achieve stable and re-
peatable calibration.

3. SYSTEM OVERVIEW
3.1 System Architecture

The calibration framework uses an ensemble learning ap-
proach [13] that integrates a KNN model with an MLP.
A single model often exhibits higher prediction variance,
particularly when datasets are sparse. By combining the
complementary strengths of both models, the system pro-
duces more stable and accurate calibration predictions.
The workflow consists of three stages:

1. Constructing an instrument-specific dataset,

2. Training the MLP on the recorded samples, and

3. Generating and blending predictions from both the

KNN and MLP.

The system is implemented using ChucK’s [14] artificial
intelligence library, ChAi [15], enabling direct integration
with the Machine Lab code-base and real-time execution.

3.2 Dataset Construction

In the Machine Lab, each instrument requires its own
dataset due to differences in actuator design, mechanical
layout, and acoustic behavior. Training samples consist of
(note, velocity) pairs with corresponding RMS values that
capture the dynamic response of each strike. For each note,
strikes are recorded across the full playable velocity range
(60—127), with a 1.5-second delay to avoid acoustic over-
lap. Each strike is stored as a JSON record containing the
note, velocity, and RMS value. The overall data collection
workflow is summarized in Figure 2.

3.2.1 Pitched Instruments

For pitched instruments such as the MalletOTon [5], notes
are sampled across the playable range at configurable in-
tervals, along with all playable velocities. Sampling at
different intervals controls dataset density: wider spac-
ing reduces collection time and avoiding redundancy from
acoustically similar notes, such as those with similar over-
tone structure and microphone response, while denser sam-
pling provides more detailed coverage of the instrument’s
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Figure 2. For each note and velocity, the system performs strikes, records
RMS values, and iterates until all notes and velocities are sampled.
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response. The interval is chosen per instrument to balance
collection efficiency and prediction accuracy.

3.2.2 Non-pitched Instruments

For non-pitched instruments, such as GanaPati, each drum
is treated as an independent acoustic source and requires a
separate dataset. Individual drum differ in tuning, strike
position, and timbral response, making a shared dataset
across drums insufficient to capture their distinct charac-
teristics. For each drum, a single mallet or beater is used
to maintain consistency, and strikes are recorded using the
same procedure as for pitched instruments.

3.3 K-Nearest Neighbors

The KNN [16] model provides predictions grounded in
recorded data. By identifying nearest neighbors and in-
terpolating between them, it preserves the instrument’s
measured acoustic behavior and avoids overfitting in well-
sampled regions. However, its utility for full-range cal-
ibration is limited by its locality. When data is sparse,
linear interpolation cannot capture the underlying nonlin-
ear acoustic variation between notes or velocities. Without
smoothing, KNN predictions reflect dataset noise, such as
room acoustics and microphone response. This limits its
ability to generalize beyond the observed samples.

3.4 Multilayer Perceptron

The MLP [17] complements the KNN model by learn-
ing nonlinear relationships beyond local interpolation. By
modeling a continuous function, it captures smooth acous-
tic behavior across the instrument’s playable range and re-
duces the impact of noise present in the dataset. However,
these advantages come with limitations. When trained on
sparse datasets, an MLP can extrapolate poorly, produc-
ing unrealistic RMS estimates near the boundaries of the
training set. Its performance also depends on appropri-
ate normalization and sufficient training data, with smaller
datasets yielding less reliable behavior.

3.5 Hybrid Ensemble Model

The hybrid model combines the complementary strengths
of KNN and MLP by blending their RMS predictions into
a single output, as illustrated in Figure 3. The final calibra-
tion value is computed as:
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Figure 3. The system computes KNN and MLP predictions, measures the average RMS response, evaluates deviation from the predicted value, and

determines whether mechanical adjustment is required.

where, vy, and vk, denote the RMS predictions of the
MLP and KNN models, respectively. The blending weight
o is defined as a function of the distance between test
sample and nearby training samples, allowing the model
to balance local interpolation and nonlinear generaliza-
tion. When a test sample coincides with a training sample,
a = 0, relying entirely on KNN. As the distance increases,
o increases, progressively incorporating the MLP predic-
tion. This weighting enables a smooth transition between
data-driven interpolation and learned generalization.

4. EXPERIMENT
4.1 Experimental Setup

To evaluate the hybrid model, we use four dataset config-
urations across the playable range of MalletOTon. Specif-
ically, 9, 13, 22, and 26 notes are sampled, correspond-
ing to intervals of 5, 3, 2 semitones, and full coverage,
respectively. These configurations simulate different lev-
els of data availability, from sparse to dense sampling of
the instrument. All experiments use 5-fold GroupKFold
cross-validation, where folds are partitioned by note such
that all velocity samples of a given note are assigned to the
same fold. This ensures that no (note, velocity) samples
from the same note appear in both training and validation
sets, and that all predictions are made on unseen notes, re-
quiring interpolation across notes.

4.2 Ensemble Weight Evaluation

We first examine the peak value of «, which controls the
maximum contribution of the MLP. Peak values are var-
ied from 0.15 to 0.85, with the optimal value found at
amax = 0.60, yielding the lowest average Mean Absolute
Error (MAE) of 1.3853 across all dataset configurations.

Building on this result, we evaluate 61 weighting func-
tions across five function families under the same cross-
validation protocol. Table 1 presents the best-performing
function from each family. The top-performing functions
cluster within 0.006 MAE and consistently share the same
peak value, indicating that performance is primarily gov-
erned by the maximum weighting rather than the specific
functional form. Among the evaluated functions, the flat-
top (trapezoidal) function achieves the lowest overall MAE
by maintaining the peak across a wider portion of the in-
terpolation range, resulting in a more consistent balance
between MLP and KNN contributions.

Model Parameters Avg MAE
KNN - 1.5251
MLP - 1.4706
Hybrid (Flat)  amax = 0.60 1.3798
Hybrid (Para)  amax = 0.60 1.3853
Hybrid (Gauss) amax = 0.60, 0 = 0.4 1.3880
Hybrid (Tri) Qmax = 0.60 1.4003
Hybrid (Sine) Qmax = 1.00 1.4664

Table 1. Average MAE across all dataset configurations.
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Figure 4. Performance of the hybrid model (flat-top weighting, dmax =
0.60) across dataset densities, compared with KNN and MLP using
RMSE (left) and MAE (right).

4.3 Model Evaluation

Averaged across all dataset configurations, the hybrid
model with flat-top weighting achieves the lowest MAE,
outperforming both KNN and MLP (see Table 1). Individ-
ually, KNN performs best on densely sampled data (22-
note), while MLP performs best under sparse sampling
(9-note). However, neither model generalizes consistently
across configurations. The hybrid model maintains stable
performance without prior knowledge of dataset density.
By preserving a KNN contribution in the weighting, it an-
chors predictions to recorded acoustic measurements while
leveraging the MLP for smooth generalization and noise
reduction. A tradeoff is observed in variance: sinusoidal
weighting yields lower fold-to-fold variance in some cases,
while capped functions achieve 5-6% lower MAE. In this
context, lower error is prioritized for calibration accuracy.

5. CONCLUSIONS AND FUTURE WORK

This paper introduces a data-driven calibration framework
for robotic instruments using a hybrid of KNN and MLP.
By combining data-grounded interpolation with nonlinear
approximation, the system produces accurate and repeat-
able predictions for pitched and non-pitched instruments.



Evaluation across multiple dataset densities shows that
the hybrid model consistently outperforms standalone ap-
proaches, achieving the lowest average MAE. The results
further indicate that calibration performance is primarily
governed by the maximum blending weight rather than the
functional form, providing a simple and robust design prin-
ciple for balancing interpolation and generalization.

Beyond performance, the system provides a modular cal-
ibration pipeline. Its dataset design supports diverse instru-
ments, while adaptive weighting enables stable predictions
without requiring prior knowledge of data density. These
properties make the framework suitable for long-term de-
ployment where mechanical drift is unavoidable.

Future work will extend the model in several directions.
Incorporating additional acoustic features may improve
calibration fidelity beyond RMS. Integrating closed-loop
feedback could enable continuous adjustment during per-
formance, rather than relying on offline calibration. Fi-
nally, exploring more expressive models may improve be-
havior in sparse or rapidly changing conditions.
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