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Learning to imitate nuanced motor behaviour by perceiving someone’s
actions is a human ability central to non-verbal communication, interaction
and collaboration. Despite extensive psychophysics research, robotic
systems do not yet seamlessly bridge the gap between perception and
action. We demonstrate a perceptual learning algorithm that can replicate a
melody after hearing it once by using a physical robotic hand on a keyboard.
Importantly, this system (the Musician Hand) can do this after only 2
min of random ‘motor babbling’, and driven only by its own experience,
with minimal pre-defined features of musical notes. Experiments with three
melodies showed that our system can play-by-ear at a level comparable with
four trained pianists, and better than five novices. This demonstrates how
perception can seamlessly drive nuanced robotic action based only on its
own limited experience. This demonstration of a perception-driven system
paves the way for human-friendly and intuitive systems for entertainment,
collaboration and physical assistance/augmentation.

1. Introduction

Traditional robotics relies on control theory, pre-programmed actions, trial-
and-error reinforcement learning or precise models of the physical system,
task and/or environment. Alternatively, data-driven or empirical approaches
often use imitation/demonstration of a task, trial-and-error in hardware or ex-
tensive training in simulation [1-10]. By contrast, animals are the best exam-
ples we have of motor performance. In them, motor learning, behaviour and
adaptation are intricately intertwined with perception, and are the founda-
tion of human development and artistic expression. This fundamental notion is
well-established in psychological and psycho-physical studies in humans and
animals [11-17]. Thus, we and others have argued that advances in machine
learning should be complemented by biological strategies to achieve effective
learning, performance and adaptation in the physical world [18,19].

Perception, in particular, plays a critical role in shaping the coordination, sta-
bility and organization of motor actions [15,20-31]. Perception fundamentally
contextualizes and attributes meaning to sensations to produce meaningful ac-
tions. It is a process built upon experience and interactions with the physical
world that creates a Sensorimotor Gestalt (an organized whole that is perceived
as being more than the sum of its individual components) of compatible sensory
sets and motor actions (i.e. the perception—action link) [32-36]. These ideas have
been proposed as potential foundations of identity, agency and self for robots
[37]. Therefore, we developed a perceptual learning algorithm that imitates the
psychophysical ability of humans to convert sounds into actions, and tested it
on a Musician Hand.

While traditional engineering methods, including reinforcement learning,
have demonstrated success in piano playing [38—40], our approach focuses on
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Figure 1. Overview of the Musician Hand. (a) The perception—action loop is a fundamental principle of biological behaviour, especially in artistic expression. (b) Our
algorithm takes a melody (sensed as a spectrogram) and extracts batches of ‘percepts’ (sequences of notes and their intensity) on the basis of prior ‘motor babbling’
experience (see figure 2). (c) The melody is replicated by playing the notes on an actual keyboard by the four fingers of a tendon-driven robotic hand.

using perceptual representations to reproduce melodies with nuanced timing and dynamics after exposure to a single example
(a version of one-shot learning [41]). Unlike traditional robotics approaches that rely on error signals (e.g. trial-and-error learning
or error-driven control [10,42-47]), the perceptual learning algorithm melodiously replicates melodies in a feed-forward way by
leveraging knowledge acquired solely during its own ‘motor babbling’ phase.

We show the performance of the Musician Hand (i.e. our perceptual learning algorithm coupled to a robotic hand) to be bet-
ter than human novice players, and comparable with trained pianists who were asked to play the same melodies by ear—as per
quantitative measures of precision and recall, and qualitative scores and rankings by blinded musical experts. This demonstrates
that our perceptual end-to-end pipeline (the Musician Hand) succeeds at emulating the human ability to play-by-ear.

2. Methods

The Musician Hand consists of a perceptual learning algorithm coupled to a robotic hand, as described below.

2.1. Hardware

The tendon-driven, four-finger hand (figure 1) was designed with a lightweight architecture optimized for additive manufactur-
ing (three-dimensional printing). The modular fingers and the hand palm were engineered for easy interchangeability, a critical
feature given the potential for part failures. Failures arose when mechanical stresses surpassed the tensile strength of components
or when motor temperatures exceeded the glass transition point of poly-lactic acid, causing the three-dimensional-printed motor
mounts to warp under load. To ensure stability, hard stops at the palm restricted joint angles, preventing the collapse of the end
effectors’ feasible force spaces [48]. This design helps in avoiding singularities in the cost landscape, ensuring continuous func-
tionality. We utilized four identical springs to passively return the fingers to a neutral position once the DC motor returned to its
minimum activation level, inspired by muscle tone to improve responsiveness to sudden force changes. The electromechanical
system for sensing and tendon actuation leveraged extensive prior work on locomotion and movement in tendon-driven systems
[10,49]. Each finger’s inelastic nylon tendon was actuated by Faulhaber® 2342-S024-CR gear-free brushed DC motors. The gear-
free design, coupled with a small tendon coil on each motor shaft, ensured back-drivability. Motor torque was modulated using
voltage commands sent to Western Servo Design LDU-S1 linear current amplifiers, which controlled the DC current.

2.2. Dynamic control of tendon-driven fingers

Our system controls four tendon-driven fingers to play piano keys using four DC motors. Each motor pulls a tendon, adjusting
the corresponding finger’s position and velocity. The control strategy dynamically activates the motors based on the output of an
artificial neural network (ANN) that classifies musical notes and their intensities at different time points. Each finger F; is modelled
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Figure 2. Motor babbling and how it is used to play a melody ‘by ear.’ (a) The algorithm starts from a naive state and, like a novice human, randomly explores the map-
ping from finger actions to percepts (i.e. note sequences and intensities). We implemented the motor babbling by recording 2 min of random sequences of individual
finger actions, each lasting 500 ms. We used these input—output pairings to train artificial neural networks (ANNs) to detect percepts, to then produce finger actions that
replicate the melody. (b) This allows the Musician Hand to play any arbitrary melody that includes the notes experienced on the keyboard.

as a second-order system:
4i = =10~ eqi. 4:) + b + 1(g) 7' T, 2.1

where g;, 4; and §; are the joint angle and its first and second derivatives, respectively, in finger i, I is the inertia, c is the Coriolis
and centripetal force, b is the joint friction coefficient, k is the stiffness and T;(t) is the torque in finger i generated by M;. The mus-
culotendon forces (represented here as cables pulled by the motors) are subsequently correlated with the vector of applied joint
torques:

T;(t) = r(g;)Foa;, (22)

where r is the moment arm of each finger, Fj is the maximal force exerted by each motor and a is the normalized actuation of
the motor. In order to predict the actuation values of each motor to play the melody, we use a mapping that connects a melody’s
spectrogram to actuation time series:

A(t) = [a1(D), ax (), a3 (), ag ()] = P[X(£, )], (2.3)

where 9 is a mapping consisting of an energy function, a convolutional neural network (CNN), a multi-layer perceptron (MLP)
and a motor activation generator that uses X(t, f), the short-time Fourier transform (STFT) of the input audio signal:

[x,(t.0, | = EX(E. P, (2.4)
N, =CNN [x,(t.)], 2.5)
I,=MLP [xp(t, f)] , (2.6)
AB =GN, 1.1, 2.7)

where E is the energy function that extracts the timestamps for the note onsets (#,) and batches of spectrograms that start from the
timestamps (x;). The CNN and MLP then use these batches to extract notes and their intensities (N,,I,) and the motor function
(G) uses an exponential approximation to muscle activation—contraction dynamics [50-52] (see figure 3) to generate a motor acti-
vation sequence that leads the Musician Hand to better approximate melodious playing as a human hand would. We used four
different intensity plateaus, Kj_4, and time constants, 71_4. This produced four different key-press mechanics leading to different
note onset, loudness and decay. The mapping adjusts the voltage applied to each motor, ensuring the fingers achieve the desired
movements and note intensities in real time, as dictated by the percepts from the ANN.

2.3. Time—frequency representation of melodies

We employed the STFT to extract spectrograms from the audio signals of the melodies under investigation. The STFT is a widely
utilized signal processing technique for analysing the frequency content of non-stationary signals over short time intervals. First,
each audio signal x(t) was divided into short overlapping segments. Let x,,(t) represent the nth segment of the audio signal. The
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Figure 3. (a) The four motor activation profiles used by the Musician Hand: we pre-programmed four activation profiles to replay the melodies. The motor function uses
an exponential approximation to muscle activation—contraction dynamics [50—52]. Each profile started at 5% of the maximum activation (to replicate muscle tone, and
maintain posture and readiness for action) and reached four different intensity plateaus, K;_,, and time constants, 7,_,. This produced four different key-press mechanics
leading to different note onset, loudness and decay. (b) Motor activation sequences: in this figure, we see an example of the activation sequence sent to the motors to
pull the tendons and press the keys.
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Figure 4. Signal processing transforms the percept of a melody into signals that can train the ANNs. As shown in figure 1b, we extract the time—frequency represen-
tation (spectrogram) of the audio signals using sliding windows that compute the Fourier transform of the signal in short overlapping time intervals. As STFT computes
the signal’s power in different frequencies for short time intervals, we integrate the spectrogram on the frequency axis to compute the short-time energy of the audio
signals that represent the notes onsets as their peaks (the red windows that cover the second and the third note’s onsets are the second and third peaks in the short-time
energy).

Fourier transform was then applied to each segment to transform it from the time domain to the frequency domain. This process
is mathematically defined as:

STFT{x(H)}(t,H = X(t,H = / x(2) w(t — 1) e 27T dr, (2.8)

where w(t) is a window function that is non-zero for a short duration and X(t,/) represents the STFT of the signal x(#), giving
the frequency content of the signal at time t. Repeating this process for all segments and stacking the resulting frequency spectra
over time, we extracted a time—frequency representation of the melody’s audio signal, commonly known as a spectrogram. The
spectrogram S(t,f) is given by:

stp=|xct.nl - 2.9)

This spectrogram provided valuable insight into the distribution of frequencies present in the melody at different points in time.
We used the spectrogram to extract the notes and their intensities to automate the Musician Hand (figure 4).

2.4. Energy function of melodies

We integrated the spectrograms along the frequency axis to derive the energy function of each melody. Let S(¢,f) represent the
spectrogram of the audio signal, where t denotes time and f denotes frequency. The energy function E(t) at time ¢ is obtained by
integrating S(t, /) over all frequencies:

E(t)= S(t,f) df. (2.10)
Jfinin

This integration process aggregates the spectral energy across different frequency bands, providing a comprehensive measure of

the overall energy content of the audio signal at each time step t. By finding the peaks of these energy functions [53], we identified

significant increases in energy corresponding to the onsets of musical notes within the melody. Importantly, this is not a note on-

set detection process manufactured by us, but rather a direct analogy to the auditory temporal processing system that dissociates
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sound-onset versus sound-offset (gap-detection) in mammals [54]. Let & be the set of time indices where E(t) has local maxima.
These peaks served as reliable indicators of note onsets, allowing for precise localization of the timing at which each note began:

P ={t; | E(t) > E(t) for all t € (; — €, £; + €), € > O}, @.11)

where ¢ is a small positive value used to define the neighbourhood around each peak. Thus, the times t; € P indicate the note
onsets within the melody (figure 4).

2.5. Babbling and training the inverse mapping

Since the system has no prior information on its dynamics, the physics of the environment, topology or structure, it begins by
exploring in a general sense through the execution of random control sequences to the motors, a process we refer to as mo-
tor babbling. To train the Musician Hand to replay a melody from scratch, we employed motor babbling to learn how to map
sensory information (sound) to motor actions (notes played). A run from a naive state started with 2 min of babbling, where
a sequence of pseudo-random motor activations (using activation profiles that use an exponential approximation to muscle
activation—-contraction dynamics, figure 3) were distributed across the four motors controlling the tendons. Each motor action
lasted 500 ms and pressed keys at random with varying forces to produce notes of different intensities, figure 2a.

2.6. Motor babbling

During this phase, the system executes random control sequences and collects the resulting melody played by the Musician Hand.
The MLP and CNN used in the inverse mapping are then trained with this input—output pair to create an inverse map between
the system inputs (motor activation levels) and desired system outputs (melody’s spectrogram).

2.7. Random activation values for motor babbling

The motor activations (control sequences) during motor babbling were generated by employing two pseudo-random number
generators with a uniform distribution. The first generator randomly determines the activation order for each of the four motors
(and, consequently, the keys). By contrast, the second generator selects the activation level between 75% and 100%.

2.8. Structure of the artificial neural network

Two neural network architectures were developed to extract the musical percepts from the spectrogram of the melodies: a CNN
and an MLP. The CNN architecture consists of two convolutional layers with 32 and 64 filters, each followed by a max-pooling
layer for downsampling. Subsequently, the flattened data are passed through two dense layers, each with 64 neurons and recti-
fied linear unit (ReLU) activation functions, before reaching the output layer with four neurons and a softmax activation function.
By contrast, the MLP architecture comprises a single dense layer with 32 neurons and ReLU activation functions, followed by
the output layer with four neurons and softmax activation. Both models were compiled using the Adam optimizer and categor-
ical cross-entropy loss function. The CNN model was trained for five epochs, while the MLP model was trained for 20 epochs,
with validation data used to monitor accuracy. The architectures were implemented using the TensorFlow and Keras libraries
in Python. In addition, before training, the spectrogram data were normalized by dividing by the maximum absolute value us-
ing NumPy. We used ANNs (CNNs used in parallel with MLPs in this study) to detect musical notes and their intensities from
spectrograms, as they offer a powerful approach even in challenging conditions involving noise and artefacts [55,56]. Real-world
audio often contains background noise, recording flaws and overlapping harmonics, which can complicate accurate frequency de-
tection. ANNs distinguish signals from noise by learning spatial and temporal patterns in spectrograms, such as harmonics and
overtones, that are not explicitly addressed in frequency-based analyses [57,58]. They are also more robust to timbre and dynamic
articulation variations, enabling effective note detection across diverse instruments and playing styles [59]. They use harmonic
content, combining data across multiple frequencies to emulate human auditory perception.

2.9. Motor activation profile

We pre-programmed four activation profiles to replay the melodies. The motor function uses an exponential approximation to
muscle activation—contraction dynamics. Each profile started at 5% of the maximum activation (to replicate muscle tone, and
maintain posture and readiness for action) and reached four different intensity plateaus, K;_4, and time constants, 7y_4. This pro-
duced four different key-press mechanics leading to different note onset, loudness and decay. In figure 3, we see an example of
the activation sequence sent to the motors to pull the tendons and press the keys.
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Figure 5. Quantitative results: (a) Note detection (F1 score for the notes played versus the notes in the score): while five human novices stumbled to play melody 1 (M1)
by ear (red bars), four human pianists performed well (green bars), and our Musician Hand had perfect note detection for a total of three melodies (blue bars, M1-M3).
(b) Intensity estimation (F1 score for the key-press intensity): it was scoreless for the human novices (i.e. they failed to replicate the melody). Human pianists scored
between 78% and 100%, while the Musician Hand scored between 68% and 84%. (c) Onset time lag (smaller is better) quantifies the replication of note onset and
reflected rhythm across the melody. Human pianists scored best at below 120 ms. The Musician Hand scored between 120 and 170 ms depending on the melody.

2.10. Evaluation metric

To evaluate the accuracy of note detection and intensity estimation, we used the F1 score, a standard metric in machine learning
that balances precision and recall in classification tasks. The F1 score is defined as

_ 2 x Precision X Recall

F1
Precision + Recall

(2.12)

where Precision represents the proportion of correctly identified notes among all detected notes, and Recall represents the propor-
tion of correctly identified notes among all target notes. This metric quantifies both the correctness of replayed notes and their
proximity in intensity to the original target notes. In addition, we measured the time difference of each note, which captures the
temporal lag or advance relative to the onset of the target notes. These measures together provide a comprehensive assessment of
performance, as illustrated in figure 5.

2.11. Similarity measurement

We evaluated the similarity of the recordings in two dimensions. First, perceptual similarity was measured using the structural
similarity index metric (SS5IM) of the spectrograms. SSIM is defined as

(zlux,uy + Cl)(zaxy + C2)

SSIM(x, y) = ,
(/.t,% + /.l; + Cl)(a)% + oﬁ +Cy)

(2.13)

where 1, and 1, are the mean values, o2 and cr§ are the variances and o, is the covariance of the spectrograms x and y. Constants
C1 and C, are used to stabilize the division. The SSIM of the spectrogram serves as a perception-based measurement, assessing
the perceived alteration in structural data. It integrates critical perceptual factors like luminance and contrast masking to measure
the similarity between the time—frequency representations of melodies derived from their spectrograms [60].

Second, aural similarity was evaluated through mel-frequency cepstral coefficients (MFCCs) cosine similarity. The MFCCs are
computed by first taking the discrete cosine transform of the log power spectrum on a nonlinear mel scale of frequency. The kth
MFCC is given by:

N
MFCCi = Y log(X,,) cos [k(n - 0.5)%] ,

n=1

(2.14)

where X, is the power spectrum of the nth mel-frequency band, and N is the total number of mel-frequency bands. The cosine
similarity between two MFCC vectors A and B is then given by:

A-B Yy AiBi
IANBI -~ [57n 2 [57 m2
\/Zizl Ai\/zi=1 B;

Cosine similarity(A, B) = (2.15)
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where A - B is the dot product of vectors A and B, and ||A|| and ||B|| are the magnitudes of the vectors. We extracted 25 MFCCs as
all performance metrics in the study by Hasan et al. which gave the best score [61].

Finally, the rthythmic similarity metric which focuses on the presence and timing of onsets [62] was calculated. Onsets repre-
sent abrupt changes or transients in the audio waveform corresponding to beats or rhythmic events. Onsets are extracted from
the audio signals using the energy function. Let the onset times for the original and generated signals be denoted as:

Toriginal =[t1.t, ., tN0]9 Tgenerated =t t2, s N, |,

8

where t; and # are the onset times in seconds. The rhythmic similarity is measured using cross-correlation to account for timing
differences between the two signals. The cross-correlation is defined as:

No Ng

Cr)=), 2 8t -t — 1),

i=1j=1
where 7 is the time lag, and &(-) is the Dirac delta function. The rhythmic similarity score is the maximum cross-correlation:

Rhythmic similarity = max C(7).
T

2.12. Blind ranking by human critics

To evaluate the melodic replications, two professional composers (RT and TKM) independently conducted a blind assessment.
They ranked the replications according to their perceived similarity to the target melody 1, without access to any identifying labels.

2.13. Study participants

We recruited nine participants for the study, including four trained pianists and five novices. All participants gave their informed
written consent to participate in this study. The procedures were approved by the USC IRB protocol USC IRB: HS-17-00304. The
five novices had no prior experience with piano playing. They were confirmed to have normal pitch perception through a tone-
deafness screening, which involved identifying differences in notes played on piano keys. The group of four pianists consisted of
three professionals and one amateur, all with prior training and experience in piano performance.

2.14. Experimental set-up

In this study, we used a four-finger tendon-driven hand, and a DC motor akin to a muscle which provided the mechanical power
to the joints. Each finger is driven by an individual tendon actuated by a DC brushless motor. The tendons are designed to pas-
sively return to their initial positions with the aid of springs. At the same time, the connection between the muscles and joints,
analogous to the tendons in biological systems, is represented by a string referred to as a tendon within our robotic hand. Our
modular tendon-driven robotic hand, equipped with DC motors, was managed by a custom data acquisition (DAQ) and control
programme on a DAQ-capable computer with the NI-DAQmx driver. Operating on a machine learning-capable computer, our
perceptual learning pipeline utilized RT-Bridge over ethernet to transmit commands and receive sensory data from the DAQ
programme with a sub-millisecond round-trip latency. To play and record the melodies, we used a musical instrument digital
interface (MIDI) device connected to a computer that runs GarageBand, and then the recorded files were exported as wave files
to be used by the algorithm in Python.

2.15. Human experiments

Human participants were allowed to babble for 5 min on the relevant keys (without shifting their fingers) and had 3 min to practice
melody 1 before being given 1 min to play the 29 s melody (i.e. ’final performance’). To eliminate the need to memorize melody
1, they could navigate melody 1 forward and backward during the practice and performance periods.

2.16. Melodies

For our study, three original melodies were meticulously composed for this research (figure 6). These melodies were deliberately
crafted to utilize only four distinct keys: C4, D4, E4 and F4. Each melody was performed at a consistent tempo of 90 beats per
minute, executed by our two skilled composers on a Steinway grand piano. This selection of keys and tempo ensured a controlled
and uniform musical environment, facilitating precise analysis and comparison within our experimental framework.

3. Results

We demonstrate that the Musician Hand can replay any arbitrary four-note melody without (i) closed-loop error correction, or
(ii) an explicit model of the dynamics of the tendon-driven fingers, task or the physical environment (e.g. keyboard inertia or
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Figure 6. Scores for all three melodies: melody 1: Robot Algo, melody 2: Sleepless Nights and melody 3: Frog and Snail.

Table 1. Validation accuracy of networks on babbling data: we validated the accuracy of the ANNs for detecting correct notes and estimation of their intensities after the
babbling phase.

network cross-validated accuracy (%)

note detector network 98.4

intensity estimator network 86.2

contact dynamics). We also show how the Musician Hand outperforms novice participants as it replays a melody at a level com-
parable with that of trained human pianists. This system is inspired by a fundamental principle in sensorimotor neuroscience:
the perception-action loop [15,20,32]. To implement the perception—action loop, the system receives continuous sensations (audio
signal) and converts them to spectrograms (percepts) that are associated with percepts generated by its prior motor-actions. It then
uses those percepts to create a set of motor actions that replicate the audio signal (musical sounds to a listener) of that particular
melody.

3.1. Performance of perceptual networks

The validation results of the networks to detect notes and their intensity trained on babbling data (figure 1b) are listed in table 1.
The detection of note onset was automated via identification of peaks in the short-time energy function of the spectrogram (similar
to gap detection in mammals [54]).

3.2. Comparison of musical performance of melody 1 between the Musician Hand and human participants

We evaluated the performance of both the Musician Hand and human participants (novice and pianists) when replicating melody
1 (which has 37 notes). We did this in both quantitative and qualitative ways to establish a baseline performance for the Musician
Hand. In the next section, we used this baseline performance metrics on melody 1 to test for generalization of our results to two
additional melodies—melody 2 and 3, with 28 and 24 notes each, respectively, which were not played by humans.

3.2.1. Quantitative comparison

We compared the performance of both the Musician Hand and human participants in replicating melody 1 by the F1 score. Recall
that the F1 score quantifies both Precision and Recall of the notes played, equation (2.12). For note detection, the five novice human
participants could only repeat the first two or three notes correctly. That is, none succeeded in playing the melody beyond the third
note in the 1 min provided. This provides an F1 score between 6% and 9%, figure 5. Because they did not complete the melody, the
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Figure 7. Qualitative results: we algorithmically assessed the similarity of the recorded melodies and the original melody along three qualitative dimensions: (a) per-
ceptual, as per the SSIM between the spectrogram images [60]; (b) aural, as per similarity of MFCCs (approximating the human auditory system'’s response [63]); and (c)
rhythmic, as per the alignment of rhythmic patterns between the original audio and the generated audio signals, focusing on the presence and timing of onsets [62].
For all three metrics, a value of 0.5 indicates a moderate similarity, implying that the melodies share some features but have significant differences in their spectrograms
(perceptually on y-axis) and short-term power spectrum (aurally on x-axis). A value of 1 signifies complete similarity, meaning the melodies are identical in their mea-
sured characteristics. We found that the Musician Hand performed comparably with the four human pianists, all of whom scored greatly above the control case, which is
amelody with random notes and the same length as M1.

novice humans had null results for intensity estimation and time difference (i.e. missing red bars for these two metrics in figure
5b,¢).

By contrast, all human pianists successfully reproduced the entire melody (one played flawlessly, while the others made be-
tween one and four mistakes when performing the 37 notes). For note detection, this awarded them an F1 score between 92 and
100% figure 5a. As they were able to complete the melody 1, we were able to calculate their intensity estimation’s F1 score, which
fell in the range between 78% and 100%, figure 5b. Their average time difference was below 120 ms (i.e. the gap between notes
was an average of 120 ms shorter or longer than the target melody 1, figure 5c).

The Musician Hand, also shown in figure 5a—c, was able to complete the playback of melody 1 (all 37 notes), which resulted in
an F1 score of 100%. The intensity estimation F1 score was 68%; its time difference averaged 150 ms.

3.2.2. Qualitative comparison

We measured the similarity of the audio signals generated by the Musician Hand and the human participants to the target audio
signals from the composer’s (RT or TKM) own performance of each melody 2. This was done only for the human pianists (i.e.
the novice humans did not complete melody 1) by using perceptual similarity (measured by the SSIM of spectrograms), aural
similarity (cosine similarity of MFCCs) and rhythmic similarity (normalized cross-correlation of note onsets), as shown in figure
7. We consider these three numerical metrics as ‘qualitative’” because they quantify the overall resemblance between the entire
target and performed audio signals. For all three metrics, a score of zero reflects no similarity (entirely different characteristics),
0.5 reflects moderate similarity (some shared features with major differences in spectrograms and short-term power spectra), and
1 reflects complete similarity (identical characteristics). To establish a baseline for melody 1, we included a control case in which
the Musician Hand played 37 random notes.

For melody 1, the Musician Hand achieved similarity scores comparable with the four human pianists across all three metrics,
with both consistently performing in the 0.9+ range, which was far above the control case which scored below 0.25 for all metrics
figure 7a.

Table 2 lists the results for the blinded evaluation of the human pianists and the Musician Hand by two professional composers
(RT and TKM). They independently ranked the melodic replication of the target melody 1 as per their professional experience,
similar to how they rank competitors by hearing them play behind a curtain. Their rankings were in full agreement: the three
professional pianists were ranked first and in the same order (B, C, D), followed by the Musician Hand ranked fourth and the least
experienced pianist (A) ranked fifth. Recall that it was not possible to rank the novice pianists as they did not complete melody 1.

3.3. Generalization of performance to melodies 2 and 3

Having established the comparison of the human participants (trained and novice) versus the Musician Hand, we also evaluated
the ability of the Musician Hand to replicate two additional melodies: melody 2 and melody 3 (figure 6), without providing any
additional babbling or training beyond what was used for melody 1. Note that the performance of melody 1 did not provide any
additional training. The Musician Hand successfully reproduced the full sequence of notes in melodies 2 and 3.
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Table 2. The ranking by human expert critics: for each melody, two professional composers (i.e. expert critics) blindly evaluated how melodious the replication was by
rank-ordering the recorded performances from best to worst. In particular, they evaluated the musical similarity to the target melody 1 (played by a professional pianist)
as per the melodious and musical reproduction. Both expert critics unanimously agreed on the ranking order, ranking the Musician Hand fourth out of five and the only
amateur fifth out of five.

1 human pianist B
2 human pianist C
3 human pianist D

4 M‘usiciah Hand
5 human pianist A

Quantitatively, the Musician Hand achieved an F1 score of 100% across both melodies (i.e. detected all notes as for melody 1).
For intensity estimation, its F1 score was 84% on melody 2 and 70% on melody 3. Finally, its time difference averaged 135 ms for
melody 2 and 150 ms for melody 3. These results are shown as the two rightmost blue bars in figure 5.

Qualitatively, the Musician Hand performed well, as for melody 1, as shown in figure 7. Both the spectrogram-based perceptual
similarity and the MFCC-based aural similarity were in line with the values achieved for melody 1. The rhythmic similarity, based
on note onset correlations, similarly demonstrated that the Musician Hand reproduced the temporal structure of the additional
melodies.

Together, these quantitative and qualitative results highlight the Musician Hand’s ability to replicate melodies comparably
with human pianists, and its ability to generalize across different melodies.

4. Discussion

Our study demonstrates a novel end-to-end perceptual and experience-driven approach to melodious music reproduction by a
robotic hand. The Musician Hand leverages perceptual learning to play-by-ear driven only by its own experience, with minimal
pre-defined features of musical notes. This allows it, like a novice learning the piano by ear, to generalize to play any melody that
uses the fingers and notes experienced in the past. This enabled our robotic hand to artistically perform a sensorimotor skill. As
such, it serves as a proof-of-principle of an engineered implementation of an autonomous perception-driven system.

Perception fundamentally contextualizes the sensations created by one’s own motor actions, and attributes meaning to them,
driving subsequent relevant actions [64,65]. This process fundamentally builds upon experience and interactions with the physical
world, creating a Sensorimotor Gestalt [37], an organized whole of compatible sensations and motor actions [15,17,32]. By lever-
aging the perception—action link built through this experience-driven process, the Musician Hand (a tendon-driven robotic hand
that is activated by an exponential approximation to muscle activation—contraction dynamics) learns to translate audio signals of
a melody directly into the motor outputs required for its melodious musical reproduction. This methodology, therefore, echoes
foundational ideas of self-agency and self in a robotic system, where a self-taught perception-action system results from its own
limited experience [25,32,37,66]. This proof-of-principle implementation unveils new possibilities for bridging the gap between
human psychophysics and robotic autonomy for artistic and physical performance.

The Musician Hand can—after only a brief period of motor babbling—interpret the continuous sound signals of a melody into
a sequence of musical percepts (i.e. sequences of notes of varying intensities) that it then executes to replicate the melody. Our
algorithm indeed depends on the minimal pre-defined features of a melody being a sequence of musical notes. Thus our musically
relevant algorithm is justifiably localized to this type of time-varying sequences of spectral peaks (otherwise known as notes strung
into melodies in music). This enabled the Musician Hand to artistically reproduce arbitrary melodies of any duration that use the
notes experienced during babbling—in a single attempt and after hearing them only once. Importantly, the algorithm’s ability
to ‘play-by-ear’ was comparable with trained human pianists and better than human novices as per quantitative and qualitative
metrics (figures 5 and 7). The Musician Hand was outscored by three of the four trained pianists (the professional pianists), but
outperformed an amateur pianist, table 2. We did not expect that two professional composers serving as critics would rank our
first implementation of the Musician Hand higher than the performance of professional pianists with years of experience, table
2. But we were pleasantly surprised that the Musician Hand outranked an amateur pianist, and that our system’s quantitative
and qualitative metrics of performance (figures 5 and 7) were comparable with those of all human pianists —and better than the
novices.

One difference between the Musician Hand and human participants is access to memory. The Musician Hand has access to an
external representation of the melody (the spectrogram), whereas humans rely on short-term and working memory to reproduce
the 29 s sequence. Musical training often enhances working memory and in this case a 29-note melody can be considered short.
Nevertheless, this may have contributed to the better performance of trained pianists relative to novices—but is less of an issue
when comparing the trained pianists to the Musician Hand. Our results should therefore emphasize comparison of perception-
driven reproduction assuming memory resources available to trained pianists, rather than an equivalence of robotic and human
musicianship.

We translate end-to-end autonomous learning architectures to the perceptual domain of experience-driven artistic performance.
The value of sequences of physical actions lies in their melodic nuance. As a first example, we used piano playing as it involves
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Figure 8. Atendon-driven robotic hand uses four fingers to perform motor babbling to then play melodies by ear. (a) Overview: 1. Flexor tendons pulled by DC motors. 2.
Musician Hand structure. 3. Keyboard. (b) Top view of the system: 4—7. The four DC motors (Motor 0-3) used to pull the tendons. (c) Musician Hand: 8. Spring to passively
extend finger. 9. Flexor tendon attachment. (d) Side view of the hand: 10. Flexor tendon attachment 11. Flexor tendon routing.

note sequences and intensities that are woven together via delicate control of the timing and dynamics of finger actions to elicit a
melodious experience in the listener. Compared with the state-of-the-art in robotic piano playing, our approach is clearly different
from ninteenth—twenty-first century pre-programmed pianolas that play melodies in their repertoire by activating keys according
to perforated paper or metal rolls, or MIDI [67-71]. Instead, our approach is to derive melodious performance from the perception
of the sound signals from unknown melodies themselves—as human pianists can. That is, as mentioned before, our approach
(figures 1 and 2) is inspired by the foundations of the biological perception—action loop. Note that, as per the critical brain-body
collaboration in organisms (between controller and plant in engineering terms) [19,72], we strove to make the physical properties
of our Musician Hand begin to approximate the actuation and soft-tissue mechanics of the fingertips like those of the human
pianists. We did this, respectively, by using a tendon-driven finger design actuated with DC motors emulating muscle contraction
(figure 8) [51], and foam-covered fingertips to approximate the compression of the finger pads of human pianists [73] (figure 8).
We believe that they probably contributed to the nuance of the music played by the Musician Hand. This is because they provided
built-in bio-mimetic time constants of movement and impact mechanics on the velocity-sensitive keyboard we used. In addition,
a foundation of perception—action is the need for a stable relationship between action and the resulting percept. Therefore, we
implemented stability of input (finger action) and output (perception of music) by each finger corresponding precisely to a note.
Adding a layer of learning to move the hand over the keyboard to achieve the appropriate location for the perception—action stabil-
ity across octaves is not needed to provide proof-of-principle of perceptual learning. A trumpet, where each finger is obligatorily
tied to a valve, is no less musical because of this mechanical limitation.

Note that the Musician Hand successfully replayed target melodies after limited prior experience (2 min of motor babbling) and
after hearing them only once. This is an example of one-shot learning (by not requiring or allowing refinements as defined in the
field [41]). By contrast, state-of-the-art robotic systems typically rely on extensive models, pre-programmed knowledge and feed-
back mechanisms during repeated attempts to refine a pre-defined known task [1,3-8,74]. Our approach extends our prior work
on learning with limited experience [10] by demonstrating the utility in the perception-action loop to achieve one-shot nuanced
musical performance using minimal prior information and training.

This first implementation of the Musician Hand naturally has limitations that, nevertheless, do not eclipse our proof-of-
principle demonstration of perceptual learning in the physical world. First and foremost, the performance of the Musician Hand
is—as in biological motor learning—a product of its own limited experience with a finite set of notes and intensities (figure 3).
The experience of the Musician Hand is, by definition, a smaller set of musical perception and motor actions than the trained hu-
man pianists. This limited repertoire of experience, as in biology, naturally limits how the melodies were perceived and interpreted
(i.e. heard and reproduced, respectively). Thus, the Musician Hand does not benefit from the sophisticated system humans have
evolved to—during critical periods in typically developing children—create perceptual attractors to convert sound signals into
phonemes or pitch [75,76]. Which, as an interesting aside, has the downside of some people having strong accents in a second
language learnt later in life as they simply ‘cannot hear’ those new phonemes, or acquire perfect pitch.

More generally, perception—action is naturally limited by experience and the statistical priors it builds, as is emphasized in the
Bayesian approach to sensorimotor function [77,78]. Thus, one source of inaccuracy in the Musician Hand could be the paucity of
its musical experience during its limited motor babbling.
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Regardless of these limitations, this demonstration of perceptual learning represents a departure from traditional robotics,
which emphasize state-dependent control theory with specialized goals, pre-programmed behaviours or laborious construc-
tions of internal models via extensive trial-and-error techniques. By going back to the perceptual roots of biological learning
and behaviour, we demonstrate a novel end-to-end perceptual experience-driven approach for nuanced motor behaviour, with
autonomous piano playing as a first demonstration.

This demonstration of the perceptual learning algorithm suggests future work can develop robotic systems that can replicate
human artistic behaviour that inspires new forms of human-robot interaction and collaboration that approximate perception-
driven (and at times emotionally driven [79]) strategies that humans depend on [15,20-30]. Integrating advancements in artificial
intelligence and biological principles could facilitate even more seamless human-robot collaboration, driving innovation in var-
ious domains [18,19]. In addition, incorporating real-time error correction, feedback mechanisms and adaptive learning could
further improve the precision and expressiveness of robotic performance. Extending perceptual learning to integrate tactile and
proprioceptive inputs, for example, may enable precision tasks like surgery or craftsmanship, expanding the effect of cognitive
robotic autonomy for physical function. Future work could also explore the adaptation of our perceptual learning algorithm to two
movable hands that can roam across the keyboard, or its application to different types of musical instruments and performance
styles to demonstrate its generalizability.

Regarding generalizability, a key element of musical performance in humans is our ability to listen to a piece of music played
on one instrument and replicate it on a different one. This is a form of biological transfer learning (based on compositionality)
that ANNSs currently lack [18]; This is, in fact, a use of compositionality — the ability to decompose complex tasks (e.g. music from
one instrument) into more elementary components that can be reused for related tasks (e.g. from another instrument) [18] —that
would be particularly useful as an extension of our perceptual learning algorithm for musical performance. This fundamentally
limited generalizability of ANNs comes from the fact that the training set has an inordinate influence on the setting of weights that
somehow reduces the neural network’s capacity to generalize across varying instrumental styles [80]. Future work could improve
the generalizability of transfer learning techniques, potentially by using perception to help bridge the gap between contexts.

Finally, the perceptual learning framework introduced here, by insisting on interactions with the physical world, opens the
door to other applications. For example, help an agent physically create time-varying signals that closely reproduce those of a
source by maximizing perceptual similarity —such as using a generator other than a hand/keyboard (e.g. anthropomorphic robot)
to match a visual signature (e.g. video).
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