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Abstract—After COVID-19, remote education has
emerged as a new pedagogical paradigm. How-
ever, traditional teacher-to-many-students instruc-
tional systems remain ill-equipped to deliver person-
alized guidance and granular feedback, thus online
teaching quality needs to be enhanced urgently.
To overcome this limitation, we propose an Al-
powered personalized remote education framework
that leverages artificial intelligence’s generalization
capabilities and adaptability to achieve large-scale
personalized instruction. Within our proposed two-
stage teacher-Al-student paradigm, the teacher first
instructs a general Al agent, which is subsequently
specialized to tutor individual students. We vali-
date this framework through a personalized remote
piano instruction case: A Transformer-based mu-
sic transcription model converts performance audio
into symbolic MIDI sequences, while the teacher-
instructed AI agent refines these sequences into ex-
pressive performance versions. The resulting teacher-
student performance comparison data provides stu-
dents with personalized feedback on note onset tim-
ing and dynamics. To assess the effectiveness of the
proposed framework, we collected piano proficiency
examination data encompassing approximately 30
distinct pieces by different composers. Each piece’s
performance is treated as an independent student,
thereby allowing us to analyze and evaluate the
effectiveness of our proposed framework in provid-
ing personalized feedback to students. Experimental
results across multiple piano pieces demonstrate
that this framework effectively captures performance
variations, delivers explainable feedback, and bal-
ances efficiency with personalized needs in remote
learning environments.

Index Terms—Remote education, Artificial Intel-
ligence (AI), personalized instruction.

I. INTRODUCTION

The rapid digital transformation of society
has fundamentally reshaped how knowledge is
disseminated and acquired. While traditional
face-to-face education achieves teaching out-
comes, it remains constrained by geographical
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limitations and infrastructure. The COVID-19
pandemic further exposed the vulnerability of
traditional classrooms [1], [2]. Notably, re-
mote education effectively safeguards learn-
ing continuity, equity, and accessibility, par-
ticularly benefiting learners in educationally
underserved or geographically isolated regions
[3], [4]. Consequently, remote education has
become an indispensable component of the
modern educational ecosystem.

Despite the promise of remote education,
most current remote education systems still
follow the conventional one-teacher-to-many-
students paradigm (based on 18th century
Prussian education system), merely transfer-
ring traditional classroom models into virtual
platforms [5], [6]. This learning paradigm
overlooks the inherent diversity of learners,
where different students might possess dif-
ferent knowledge backgrounds, learning pace,
and cognitive preferences, leading to disen-
gagement and uneven learning outcomes [7].
Moreover, there lacks of interactive feedbacks
for online teaching. In contrast, personalized
remote education seeks to tailor the learning
experience to each student’s profile—enabling
differentiated guidance, adaptive content de-
livery, and dynamic progress tracking [8]. To
this end, we intend to propose a personalized
remote education framework to advance the
learning efficiency of students.

Artificial intelligence (AI) has exhibited
exceptional capabilities in learning complex
representations, adapting to dynamic environ-
ments, and generalizing across diverse tasks
[9]-[11]. Such abilities make AI particularly
suitable for modeling heterogeneous learner
behaviors and tailoring instructional responses.
By integrating these capabilities into remote



education, Al can enable concurrent personal-
ization, where each student’s learning trajec-
tory is treated as an individual yet interrelated
task. This allows teaching content, pace, and
feedback to evolve dynamically with learners’
cognitive states and engagement patterns. Mo-
tivated by this potential, this paper aims to ex-
plore how Al can be systematically leveraged
to construct a personalized remote education
framework that achieves scalable, adaptive,
and equitable personalization across diverse
learners and learning scenarios.

We present our proposed Al-driven person-
alized remote education framework in Fig. 1,
which illustrates a teacher-to-Al-to-student in-
teraction process. In the first stage, the teacher
instructs a general Al agent by providing cu-
rated instructional content and guidance. The
Al agent then serves as an intelligent interme-
diary capable of generating diverse, context-
aware instructions for individual students. In
the second stage, each student engages in an
independent study session while interacting
with the Al agent. When students encounter
any questions regarding the study materials
that they are learning, the Al agent will provide
feedback (answer) to students. With our pro-
posed framework, a single teacher can simulta-
neously supervise and personalize the learning
experiences of multiple students. In summary,
the contributions of this paper are:

1. We propose an Al-driven personalized
remote education framework. We treat
each student’s instruction as an individ-
ual Al task and utilize the generalizabil-
ity of Al on diverse tasks to achieve
personalized remote education.

2. We demonstrate the proposed framework
via a personalized remote piano educa-
tion case. In this case, we enable students
learning different piano pieces, and the
Al agent instructed by the teacher can
provide personalized feedback to stu-
dents for improvement.

3. We assess our proposed framework from
the two perspectives of effectiveness and
personalization. Our proposed frame-
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Fig. 1: Illustration of our proposed Al-driven
personalized remote education framework. In
our proposed framework, the instruction for
students is not directly given by the teacher.
Instead, the teacher will instruct Al agents at
first. Subsequently, the Al agent will provide
personalized instruction for each student as per
their learning status based on the individual
background and feedback.

work can provide feedback in terms of
the onset timing and velocity of each
note for students. Moreover, the feed-
back is personalized according to the pi-
ano pieces selected by different students.

We organize the remainder of this paper as
follows: Section II presents the details of our
proposed framework, key roles, and workflow.
We illustrate the personalized remote piano
education case in Section III, and assess the
proposed framework in Section IV. Finally, we
conclude the paper in Section V.

II. PERSONALIZED REMOTE EDUCATION
FRAMEWORK

In this section, we first introduce key roles
in our proposed framework in Section II-A.
Subsequently, we delineate the workflow of
our proposed method in Section II-B.

A. Framework Key Roles

According to the framework depicted in Fig.
1, we consider one teacher and N students.
In order to provide personalized instruction

26



for NV students, the teacher needs to instruct
a general Al agent that can handle different
learning trajectories of students. In the student
instruction stage, the teacher will instantiate
N Al agents to instruct each student, and
therefore provide personalized education. To
this end, in our proposed framework, three key
roles exist, teacher, Al agent, and student.

Teacher: In our proposed framework, the
teacher will not directly interact with the stu-
dents but with the AI agent. In other words,
the teacher will convey all of their teaching
experience and knowledge to a general Al
agent, i.e., training an Al agent.

Al Agent: The AI agent is responsible
for interacting with students and solving the
questions posed by students in our proposed
framework. In particular, the teacher will cre-
ate NV Al agents and assign to each student
an Al agent. With this setting, the Al agent
can provide personalized instruction to the
students.

Students: The students in our proposed
framework can select any study material that
they are interested in, instead of all students
taking the same class together. Moreover, the
students can interact and ask the assigned Al
agent any questions during the study.

B. Framework Workflow

We present the workflow diagram of our
proposed Al-driven personalized remote edu-
cation framework in Fig. 1, which includes the
teacher instructing a general Al agent and the
student learn from the Al agent in two stages.

« At the first stage, the teacher will instruct
a general Al agent (train a general Al
model) that can handle multiple tasks. In
our proposed framework, we consider the
learning session between a student and an
Al agent as an Al task. Therefore, the
general Al agent instructed by the teacher
needs to handle at least N different Al
tasks.

At the second stage, students select the
topics that they are interested in studying.
The student can ask the Al agent any
questions encountered during the study,

27

and the AI agent gives the solution to
the student as feedback. Notably, at the
second stage, we can deem the Al agent
assigned to each student as a personalized
teacher.

III. P1ANO EDUCATION CASE STUDY

In this section, we demonstrate the feasibil-
ity of our proposed framework via a personal-
ized remote piano education case. Specifically,
we introduce the workflow of the personalized
remote piano education in Section III-A. In
Section III-B, we present the technical details
that are utilized in our proposed framework.

A. Personalized Remote Piano Education

The personalized remote piano education
framework includes two stages. In the first
stage, the teacher will train a general Al agent
that can transform the ordinary Musical In-
strument Digital Interface (MIDI) ! file into
a professional one. In this way, the Al agent
can help students improve their piano playing.
Subsequently, in the second stage, the student
will study piano playing via interaction with
the personalized Al agent as follows.

1. Students will select any piano piece that
they are interested in and obtain the
audio-form performance.

We utilize a music transcription Al
model to transcribe the audio-form per-
formance into the MIDI file, which is the
cornerstone for providing precise feed-
back to students.

The teacher instructed the Al agent will
improve the transcribed student MIDI
file into a professional one.

Upon the comparison and analysis be-
tween the transcribed student MIDI file
and the improved MIDI file, we can
derive precise feedback for students on
onset timing and press velocity per note
to augment the students’ piano playing
proficiency.

'MIDI is a standardized communication protocol that allows
electronic musical instruments, computers, and other devices
to exchange performance data such as pitch, velocity, and
control signals.



In the next subsection, we will delineate the
technical details regarding the music transcrip-
tion Al model, Al agent training, and Al agent-
aided personalized instruction.

B. Technical Details

In this subsection, we first introduce the
music transcription Al model, which converts
students’ performances from audio recordings
into MIDI representations. Next, we present
the technical details of how the teacher trains
a general Al agent to provide performance
guidance to students. Finally, we describe the
design of personalized instructional strategies
generated by the teacher-instructed Al agent.

1) Music Transcription AI Model: To con-
vert a student’s piano performance from au-
dio into a symbolic form for feedback, we
employ a sequence-to-sequence Transformer-
based music transcription model [12]. The
model directly maps spectrogram frames X €
RT*F to MIDI-like event sequences Y
(y1,--- ,yr), where each token y; represents
a musical event such as Note, Velocity, Time,
or end of sequence (EOS). Formally, the model
learns the conditional probability

L
P(Y | X) =[] Py | y<1, X 6),

t=1

ey

where 6 denotes the Transformer parameters.
Each MIDI-like vocabulary token follows
the structure proposed in [13]:

« Note(pitch): 128 discrete pitch values,
Velocity(v): 128 levels representing key
press intensity,

Time(t): absolute time quantized in 10 ms
bins,

« EOS: end-of-sequence indicator.

During training, the objective is to minimize
the cross-entropy loss between the predicted
and ground-truth sequences:

L

Ly==) log P(y; | yes, X;0).

t=1

2)
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2) Al Agent Training: Based on the tran-
scribed MIDI sequence Y = (y1, - ,Yyr)
obtained from the student’s performance, the
Al agent is trained to generate an expres-
sive and pedagogically enhanced performance
for feedback and demonstration. Following
the ScorePerformer framework [14], the agent
adopts a Transformer-based encoder—decoder
architecture with hierarchical variational style
modeling. It learns multi-level latent embed-
dings {zq, 2B, 2, 2o} that capture performance
nuances at the global, bar, beat, and onset
levels.

To ensure smooth and interpretable latent
representations, the model minimizes the max-
imum mean discrepancy (MMD) [15] between
the learned posterior distribution ¢(z) and a
prior Gaussian p(z):

Lyvp =Ep() e[k (2, 2)] + Egz) q0) [R(2, 2)]
—2Bp(2) q() [k (2, 2)],
(3)

where k(z,2') = exp(—||z — 2/||*/20?) is the
Gaussian kernel function.

Conditioned on Y and the learned hierar-
chical style embeddings, the performance de-
coder predicts expressive control tokens Y =
(91, ,yr) that refine timing, dynamics, and
articulation for personalized learning feedback:

L

Lot = — Zlogpe(ﬁt | Gats Y<t, 2<1). (4)

t=1

The total training loss combines reconstruction
and regularization terms:

Ly = Lpers + Laivp- (5)

Through this training process, the Al agent
learns to enhance the student’s transcribed per-
formance into a more expressive and stylis-
tically accurate rendition, forming the basis
for adaptive and personalized piano feedback
within the remote education framework.

3) Al Agent-Aided Personalized Instruction:
After obtaining the transcribed MIDI sequence

Y = (y1, - ,yr) from the student’sAper-
formance and the Al-refined version Y =
(01, ,yr) generated by the trained agent,
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Fig. 2: MIDI visualization of three different students’ performance and the associated personal-
ized augment version via Al agents. Here, (a) and (b) are Curious Story, Op. 138 No. 9, which
was composed by Heller. (c) and (d) are Fugue in B, BWV 866, which was composed by Bach.
(e) and (f) are Gymnopédie No. 1, which was composed by Satie.

a personalized instruction module is imple-
mented to analyze the performance differences
between the two sequences. Specifically, each
MIDI file is first converted into a set of note
events (ton, tof, P, V), Where t,, and t.¢ denote
the onset and offset times, p is the MIDI pitch,
and v is the key velocity.

A greedy pairing procedure aligns the stu-
dent and AI notes by pitch and onset time
within a tolerance 7:

6 — 0] <

on

(6)

thereby ensuring that only musically corre-
sponding notes are compared. For each paired
note, the module computes two expressive di-
mensions:

Aty = tAD — ¢t (7)
Av = A — st ()

Here, At,, measures timing deviation and Av
represents velocity (dynamics) difference be-
tween the student and Al performances.

The calculated differences are visualized as
personalized feedback, enabling learners to un-
derstand how the Al model refines their play-
ing in terms of timing precision and expressive
control. Consequently, the Al agent not only
generates an enhanced rendition Y, but also
serves as an interactive instructor that guides
students toward expressive and technically ac-
curate performance within the proposed remote
education framework.

IV. EXPERIMENTAL EVALUATION

We state the experimental configurations re-
garding the personalized remote piano educa-
tion framework in Section IV-A. Subsequently,
in Section IV-B, we assess our proposed frame-
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Fig. 3: Feedback on the onset timing via com-
parison between the Al agent’s improved per-
formance and the student played performance.
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Fig. 4: Feedback on the note press velocity via
comparison between the Al agent’s improved
performance and the student played perfor-
mance.

work from the effectiveness and personaliza-
tion perspectives.

A. Experimental Configurations

To simulate that different students possess
distinct preferences and proficiency in piano
playing study, we collect almost 30 student
performances with different proficiency levels.
Concretely, we collected data from three stu-
dents’ piano proficiency examinations. Each
examination lasted for more than one hour and
included performances of over ten piano pieces
composed by different composers. Regarding
the music transcription Al model, we load
the model weights from [12]. Analogously, we
load the model weights from [14] to repre-
sent the Al agent model that is already well-
instructed by the teacher. Lastly, we consider
the onset time tolerance 7 = 0.5 seconds in
the note pairing procedure by default.

B. Effectiveness of Proposed Framework

To demonstrate the effectiveness of the
teacher-instructed Al agent model, we ran-
domly select three different student perfor-
mances to visualize the MIDI comparison be-
tween the transcribed student performance and
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TABLE 1I: Statistical Feedback Results for
three different students in Terms of Onset
Timing

Mean  Median Std MAE
Heller 0.0800 0.0429 0.1761 0.1386
Batch 0.0244  0.0252 0.2090 0.1575
Satie  0.0579 0.2021 0.2889 0.2641

the Al agent-generated performance in Fig. 2.
Generally, observing Fig. 2, the MIDI visu-
alization between the student performance and
Al agent improved performance is similar, with
a slight difference in onset timing and note
press velocity. We present the numerical com-
parison regarding the onset timing and note
press velocity of Curious Story, Op. 138 No. 9
between the student and the AI agent in Figs.
3 and 4, respectively. Observing Fig. 3, we
can conclude that the onset timing is precise at
the first 5 seconds; However, after the first 5
seconds, the onset timing of the student perfor-
mance is slightly slow. Analogously, observing
Fig. 4, the note press velocity of the student
is maintained well at the first 10 seconds.
However, the note press velocity of student
does not sufficiently stabilize after the first
10 seconds. Therefore, we can conclude that
our proposed framework is indeed effective in
giving feedback to students for piano playing
improvement.

Observing Tables I and II, we can conclude
that the Al agent provides distinct and person-
alized feedback to students for piano playing
improvement. Specifically, as per the results
depicted in Table I, the onset timing of student
2 in playing the Bach composed Fugue in
B, BWYV 866 is excellent. However, the re-
sults depicted in Table II indicate that Student
2 needs to pay more attention to the note
press velocity. Student 3 cannot control well
in both onset timing and note press velocity
when playing Satie’s composed Gymnopédie
No. 1. Therefore, our proposed framework can
provide personalized feedback to students for
piano playing.

V. CONCLUSION AND FUTURE WORK

In this paper, we introduced an Al-driven
personalized remote education framework that



TABLE II: Statistical Feedback Results for
three different students in Terms of Note Press
Velocity

Mean  Median Std MAE

Heller 1.5251 0 12.1961  7.744
Batch  1.0876 0 11.2046  7.023
Satie  0.0967 1 14.0602  9.5806

enables scalable, adaptive, and student-specific
instruction. By modeling each student—Al in-
teraction as an independent learning task, the
framework harnesses the cross-task general-
ization power of Al to provide customized
educational experiences. Through a remote pi-
ano education case, we demonstrated the end-
to-end pipeline—from music transcription and
Al-based expressive performance rendering to
note-level feedback analysis. Experimental re-
sults confirmed that the AI agent can gen-
erate refined MIDI outputs closely aligned
with professional interpretations and produce
personalized feedback on timing and dynamics
for different students. These findings verify
that the proposed framework not only supports
individualized improvement, but also enhances
overall engagement and learning efficiency.

In future work, we plan to expand the
dataset to include a larger and more diverse
group of students, as well as a broader range
of musical pieces and styles, to enhance the
generalizability and robustness of the findings.
We will also implement comparative studies
by benchmarking the Al-generated feedback
against human expert evaluations and existing
intelligent tutoring systems to better contextu-
alize the system’s performance. Furthermore,
we aim to conduct a comprehensive user study
or pilot experiment with real students to eval-
uate educational outcomes, including learning
improvement, engagement, and usability in
real-world settings. In addition, we plan to an-
alyze potential limitations such as model bias,
scalability, generalization to other instruments
or subjects, and computational requirements.
These efforts will provide a more complete as-
sessment of the system’s educational effective-
ness, fairness, and practicality, and guide the
development of a more adaptive and scalable
Al-based tutoring framework.
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