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In this paper, an Al-assisted notation system is suggested to assist beginners,
Check for . ] - . . : 7 q
updates intermediate, and advanced musicians in the creation of scores with the help of intelligent
score generation, a real-time experience, and an intelligent, pedagogically adjusted
approach. The paper discusses the drawbacks of traditional teaching notation such as a
slow response, fixed display, and and heavy workload among beginners. The proposed
method uses a combination of signal processing with pitch, rhythm, and timbre
determination and deep learning models such as convolutional and recurrent models and
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COFI_‘?SPOHd?ngAuthOF transformer-based models to attain accurate results in automatic music transcription
Abhijeet Panigra, and expressive analysis. MIDI and MusicXML are symbolic representations that are used

to ensure educational readability and interoperability. Training of the models is done
DOI

using multi-instrument data using stratified validation in various levels of learner
proficiency. Assessment is based on the accuracy of transcription, precision of rhythm,
comprehensibility of the notation, and pedagogical convenience using structured tasks of
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learners. The experimental data prove that an Al-assisted system has a mean pitch
accuracy of 91.6, a rhythmic accuracy of 88.3, and a learning error based on the notation
is much higher (27 percent in comparison with traditional training). Students with

sectors.

Copyright: © 2026 The Author(s).
This work is licensed under a

adaptive notation have an increase in their speed of sight-reading of 22 percent and an
increase in their engagement scores, especially with beginners.
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1. INTRODUCTION

Music notation has been traditionally the major medium of capturing, transmitting, and teaching musical ideas.
Being a symbolic form of sound, notation allows learners to encode pitch, rhythm, dynamics, articulation and structure
into visual forms which encode information about sound through the use of symbols. The technical skill, theoretical
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knowledge, and the long-term growth of music are closely interconnected in formal music education when it comes to
reading and interpreting the notation. Nevertheless, the conventional methods of teaching notation usually incorporate
the use of static scores, slow response by the instructor and the same pace of pedagogy which might not sufficiently meet
the various learning requirements, cognitive burdens and skill development of modern learners. As the use of digital
technologies in education continues to grow, music pedagogy has undergone a slow but steady change in the learning
models of complete instructor control to technology-supported and student-focused ones Cui (2023). The use of
computers in teaching music also added to the interactive activities, computer playback and basic music analysis, but
most of the computer-based music teaching systems lack flexibility and musical comprehension. Specifically, traditional
digital notation tools are usually passive editors or display interfaces, which provide little understanding of how students
perform, their areas of weakness or in what ways notation itself would support learning. New possibilities in the
development of the role of notation in music education are offered by recent advances in artificial intelligence. In Al-
assisted notation, notation systems are no longer passive representations of musical data, but act upon musical input,
create symbolic scores on their own and change their visual complexity according to the proficiency of the learner Chen
(2022). Such systems can close the performance-notation gap because, via signal processing, machine learning and
representation of symbolic music, the student can observe immediate, intelligible displays of what he or she is playing
or singing. This live connection between act and symbol can greatly increase music perception, perception of errors and
conceptual comprehension Zhang (2023).

One of the most important reasons why Al-assisted notation should be part of pedagogy is the difficulty that
beginners and non-conventional students have. Novice students tend to feel overly cognitive as they have to encounter
thick scores that encode different musical dimensions at the same time. However, in difference, more progressive
scholars might need descriptive annotations and critical comments in order to perfect interpretation. One, fixed notation
format is thus pedagogically inefficient on skill levels. This problem is solvable through Al-based systems that will
produce adaptive notation that adds complexity over time, optimal features, and visual representation in line with the
instructional objectives Zheng (2024). Additionally, the learning of music is performance-based in nature, but
conventional notation evaluation of learning often isolates practice and evaluation. Students usually get feedback in
performance that is usually distorted with subjective instructor judgment. The Al-assisted systems of notation allow
correcting the performance based on the feedback data by comparing the performance of the student to the reference
models on a continuous basis and pointing out the pitch deviation, rhythmic discrepacies, and expressive discrepancies
within the notated score Chin and Xia (2022). This forms a closed feedback loop where learners get to identify their
errors immediately in relation to certain symbolic elements, which makes them self-regulate their learning and the
efficiency of their practice. Scalable and inclusive music education is another application of Al-assisted notation, which
has an institutional angle.

2. LITERATURE REVIEW
2.1. CONVENTIONAL MUSIC NOTATION AND TEACHING FRAMEWORKS

Traditional music notation has traditionally served as the language of the formal study of music in which it serves
as a standardized system to notate pitch, rhythm, meter, dynamics, articulation and form. Institutional pedagogy, in its
turn, has been dominated by western staff notation, with its models of conservatoires, graded syllabus and examination-
focused teaching. The conventional frameworks focus on score reading, imitation, repetition, and instructor-guided
correction with the learners learning the notation by being taught and explained by a teacher Knapp et al. (2023). The
method encourages musical literacy and the continuation of repertoire over a long period of time but usually
presupposes a homogenous learning rate and prior acquaintance. Notation is usually presented pedagogically, starting
with simple values of rhythm and pitch placement, and moving on to more complex forms of harmony and
expressiveness. Whereas they may be effective in structured curricula, these frameworks are more likely to give an
advantage to the visual-symbolic interpretation, at the expense of those learners who are aural or kinesthetic thinkers
Wan (2024). Further, the feedback on a traditional environment is usually asynchronous and provided at the end of
performance and mediated by the interpretation of the teacher, which can restrict the possibility of correcting errors
quickly. The other weakness is the inability of traditional scores to change. After being submitted or fixed, notation is not
sensitive to the errors or level of proficiency and contextual challenge that learners may have. The novices can experience
a problem of cognitive overload when the decoding of different symbolic dimensions occurs in parallel, and the more
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experienced learners can experience a lack of expressiveness when they need to analyze the nuances of expressiveness
by means of conventional notation

2.2. COMPUTER-ASSISTED MUSIC INSTRUCTION (CAMI) MODELS

Computer-aided music teaching became one of the first efforts at improving traditional pedagogy with interactive
digital media. The CAMI systems are commonly combined with software-related tutorials, visual displays, playback
features, and simple evaluation packages in order to facilitate the learning of music outside or during classroom
instruction. First models referred to drills training exercises in rhythm, pitch recognition, sight-reading, music theory
and provide immediate feedback, which was rule-based. These systems enhanced learner interaction and precision of
practice, though they were weak in terms of musical intelligence and context awareness . Later models of
CAMI also added multimedia features like synchronized audio-notation display, MIDI input and graphical performance
indicators. Learners had the ability to see timing changes, wrong notes or changes in tempo, and thus could more
objectively self-assess than by practice alone. Nonetheless, the majority of CAMI systems were based on predetermined
thresholds and template matching as opposed to adaptive learning systems. Consequently, feedback was usually generic
and unresponsive to personal development as well as expressiveness . Pedagogically, CAMI
systems helped to achieve learner independence and scalability especially in distance learning situations. They favored
drilling and testing but seldom used dynamism in the instructional content

2.3. AUTOMATIC MUSIC TRANSCRIPTION (AMT) AND SYMBOLIC MUSIC Al

Music transcription Music notation Automatic music transcription is a field of important research in audio signal
processing that connects audio signal processing to symbolic representation of music. AMT tries to encode unstructured
audio performances into notation estimated of parameters pitch, onset, duration and occasionally expressive properties.
The early AMT methods were dependent on digital signal processing tools, such as the Fourier analysis, spectral peak
search, and rule of thumb sets. Although these techniques worked well with monophonic melodies, they did not perform
well on polyphony, timbral variation and noisy performance environments . Machine learning was also
enhanced and made AMT more accurate, especially using deep learning architectures, including convolutional and
recurrent neural networks. These models directly learn the complex time and spectral patterns on the basis of the data,
thus being able to locate pitch information and rhythmic syncing as well as distinguish between instruments in a more
robust fashion. Evolution of Al-assisted music notation, transcription, and pedagogy systems can be found in
Transformer based models also provided better models of long range dependency, which facilitated transcription of
expressive timing and structural coherence. Similar to AMT, symbolic music Al is concerned with representation,
manipulation and generation of musical structures by using formats such as MIDI and MusicXML.

Table 1

Table 1 Related Work on Al-Assisted Notation, Music Transcription, and Pedagogical Systems

Core Focus Area Data Type Algorithmic Pedagogical Key Contribution Limitations
Used Method Level
Digital music tutoring MIDI, audio Rule-based + DSP Beginner Early CAMI-based No adaptive
feedback learning
Automatic music transcription Audio CNN General Improved pitch Weak rhythm
detection modeling
Score-following systems Audio + score Intermediate Real-time alignment Limited
Konecki (2023) expressivity
Piano transcription Polyphonic CNN + RNN Advanced Polyphonic accuracy Low readability
audio gain

Music education software CAMI heuristics Beginner Interactive learning Static notation

End-to-end AMT Audio Transformer General Long-range Pedagogy not
dependency modeling addressed

Symbolic music learning Intermediate Sequence modeling No visual

adaptation
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Expressive performance Audio CNN + Attention Advanced Expressive feature Not learner-centric
analysis extraction
Educational transcription tools Audio Hybrid DL Beginner- Improved notation Limited
Intermediate clarit ersonalization
Real-time music feedback Audio Deep RNN Beginner Immediate feedback High computational
Gonzalez-Gonzalez (2023) loop cost

Adaptive learning systems Reinforcement Intermediate Learner adaptation Limited musical
Learning
Al music pedagogy Audio + MIDI CNN + Multi-level Pedagogy-aware Dataset
Transformer feedback constrained

3. TECHNICAL FOUNDATIONS OF AI-ASSISTED NOTATION
3.1. SIGNAL PROCESSING FOR PITCH, RHYTHM, AND TIMBRE EXTRACTION

Extracting pitch is one of the main tasks, which is intended to determine the essential frequency of a musical signal
in time. The classical methods of autocorrelation, cepstral and the short-time Fourier transform are commonly employed
to estimate the pitch contours, especially monophonic sources. More complex methods, such as harmonic summation
and probabilistic pitch tracking enhance the strength in the case of noise, vibrato, and expressive intonation changes,
which are standard in pedagogical performances. The tasks of rhythm and temporal structure extraction aim at
identifying the note onsets, duration and metrical alignment. Detectors Onset detectors are usually based on spectral
flux or energy envelope analysis or phase deviation to detect transient events. Fig. 1 demonstrates the obtained pitch,
rhythm, and timbre features that allow performing musical analysis. Rhythmic extraction Rhythmic extraction is also
necessary because errors in timing or beats can severely diminish pedagogical clarity in the case of readability of the
notation.

Figure 1
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Figure 1 Feature Extraction Pipeline for Pitch, Rhythm, and Timbre Analysis

To the learners, rhythmic feedback in terms of visualization helps to develop timing awareness and metrical
comprehension. Timbre extraction is the process that deals with spectral and feeling features of instruments and the
playing method. Characteristics of the timbral variation are often quantified in Mel-frequency cepstral coefficients,
spectral centroid, bandwidth and harmonic-to-noise ratio. Timbre analysis applied in an educational context allows the
transcription of instruments in question, detection of articulation, and measurement of performance quality.

3.2. DEEP LEARNING MODELS
1) CNNs

Convolutional neural network has become an essential part of music analysis systems because it is able to learn
spatially localized patterns based on time frequency representations of audio signals. The CNNs are generally used in Al-
assisted notation systems, with spectrograms, constant-q transforms, or Mel-frequency representations being the usual
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inputs, and regarded as two-dimensional images. CNNs automatically extract features that are related to the harmonic
structure, onset of notes, pitch salience and textural components of the timbre. The feature minimizes the use of
handcrafted characteristics and enhances the strength of different instruments and situations during recording. The
CNN-based models can be effectively used with pitch and onset recognition, in which the local spectral patterns can be
very helpful. CNNs are used in pedagogy to identify events at the note level with high accuracy based on student
performances, which underlie the transcription on reliable grounds. CNNs are however, mostly good at capturing local
context and might not be able to handle the long term temporal connections like phrasing or expressive timing.

2) Recurrent Neural Networks (RNNs)

RNNs are implemented to learn sequential data, and thus they are effective in learning temporal relationships that
prevail in music. Other variants like long short-term memory networks and gated recurrent units overcome the
vanishing gradient problem allowing the learning of long-range correspondence between musical phrases. RNNs are
used in Al-assisted notation systems to predict continuity in pitch, rhythm and expressive timing at different points in
time by taking sequences of audio features extracted. RNNs prove especially useful in modeling the rhythm, beat tracking
and the duration of notes as the models retain an internal state which captures the previous musical context. This time
consciousness enables the system to differentiate between performance mistakes that are isolated in time and those that
are systematic time violations that is pedagogically useful.

3) Transformers

Transformers constitute a new paradigm shift in the analysis of music because they substitute it with repetition with
self-attention mechanisms modeling the global dependencies of entire sequences. In Al-assisted notation systems,
musical input is processed by transformers considering note-note relationships, note-note rhythm and other expressive
features without regard to the temporal distance. This attribute is useful, especially in preserving long-range musical
structure (i.e., repetitive motives, boundaries of phrases, and metrical consistency). In contrast to RNNs, transformers
simultaneously process sequences, which is very efficient and scaled to a great extent. This renders them appropriate in
real-time or near-real-time transcription and analysis in the learning context. Attention weights are also somewhat
interpretable to enable educators and learners to learn what musical events contribute to transcription or feedback
decisions. Transformers are particularly good at sequence-to-sequence tasks in symbolic music Al, including audio
features to notation something to refine a preliminary transcription.

3.3. SYMBOLIC REPRESENTATION FORMATS (MIDI, MUSICXML, ABC)

The representation formats of music notation are increasingly becoming important in Al-assisted notation systems
to enable the synthesis, analysis, and transformation of musical information into machine-readable formats to support
pedagogical applications. MIDI is one of the most popular formats, which interprets music in the form of a series of
performance-oriented events such as note onsets, durations, velocities, and control changes. Its small size and live-time
compatibility render MIDI quite appropriate in recording the student performances and aid with instant feedback.
Nevertheless, MIDI has no explicit notation semantics, including beaming, articulation symbols, and layout information,
and is therefore not easily readable by educational notation purposes. MusicXML attempts to overcome these limitations
through the provision of a notation-based representation that explicitly represents the staff structure, time signatures,
signature of key, dynamics, articulations and engraving. Due to this, MusicXML has been universal in educational
software and notation editors and allows scores to be high-quality and readable by humans. MusicXML can also be used
in Al-assisted pedagogy to bridge the gap between automatic transcription output and a visually understandable
notation that has been optimized to the abilities of the learner.

4. METHODOLOGY
4.1. MODEL TRAINING AND VALIDATION DESIGN

The model training and validation model is set in a way that allows it to be robust, generalized, and relevant to
pedagogy of the Al-assisted notation system. Multi instrument data of monophonic and polyphonic performances of
different tempos, dynamics, and expressive styles are gathered as audio inputs. Preprocessing involves the process of
reducing noise, normalization and time-frequency transformation to produce standardized input representations.
Learning pipeline has a modular structure where the feature extraction, transcription and symbolic refinement are
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trained in a sequential or end-to-end style depending on the complexity of a task. Supervised learning is used in training
where annotated ground-truth scores are mapped on performance audio. Tempo scaling, pitch shifting, and timbral
variation are data augmentation techniques that are used to reduce the bias in the dataset and enhance the robustness
of the model. Validation is done on a stratified split basis so that there is a balance in terms of instruments, difficulty level
and profiles of learners. The stability is measured by cross-validation to eliminate overfitting.

4.2. USER GROUPS: BEGINNER, INTERMEDIATE, ADVANCED LEARNERS

The methodology clearly separates the user into beginner, intermediate and advanced learner level to assess the
adaptability and instructional relevance according to the levels of proficiency. The novices are inadequate in terms of
notation literacy, slower sight-reading, and more sensitive to mental overload. In this group, the system focuses on
simplified notation, less density of symbols, visual representation of rhythm, pitch, and is tolerant to expressive
variability. The beginner evaluation training is based on the monophonic melodies, constant tempo, and simple rhythmic
patterns. Middle level learners have the basic skills of notation and better technical control but might lack more
complicated rhythms, polyphony or the ability to use expression marks. In the case of this group, the system brings in a
richer symbolic detail, such as articulation, dynamics, and rhythmic subdivisions. Adaptive feedback helps in pointing
out structural mistakes and promoting the refinement of the interpretations. The advanced students are fluent in
notation and performance, they need high accuracy in transcription and expression. This category is evaluated by
polyphonic textures, tempo variations and style interpretation. The system produces high density analytically rich
notation and fine-grained feedback that is professionally oriented. This kind of segmentation of users makes the
methodology critical to measuring performance improvement in relation to pedagogical requirements and not
homogenous technical standards. The provided learner-centered stratification will allow a systematic study of Al-
assisted notation facilitation of progression, scaffolding and mastery by stages in education.

4.3. EVALUATION METRICS: ACCURACY, READABILITY, PEDAGOGICAL USABILITY

The metrics of evaluation will be constructed to represent the technical performance of the Al-assisted notation
system as well as the effectiveness of the education system. The accuracy measures are used to measure transcription
fidelity, i.e. pitch correctness, onset alignment, rhythmic correctness and note duration overlap against reference scores.
These measures can be used to offer objective standards of the performance of the models in various musical situations
and in different learning levels. Readability measurements are used to determine the readability and interpretability of
formed notation. Among these, there are the density of symbols, the rhythmic conformity, the regularity of the staff
structure, and the clearness of error visualization. Visual comprehensibility is assessed with the use of quantitative
measurements including note collision rate and average symbol spacing that are analyzed with the help of expert
reviews. Learning efficiency depends primarily on readable notation since even in cases where there is high transcription
accuracy, the musical interpretation of the poorly formatted scores can be obstructed. Pedagogical usability measures
are used to assess the effectiveness of the system in facilitating learning outputs. These constitute decrease in
redundancy in the number of errors in performance, increasing speed of sight-reading, performance on the task, and
scores of learner engagement obtained by way of structured questionnaires. There is also the inclusion of instructor
feedback which is used to determine the alignment of instruction and classroom applicability.

5. PROPOSED FRAMEWORK FOR AI-ASSISTED NOTATION IN PEDAGOGY
5.1. SYSTEM ARCHITECTURE AND WORKFLOW

The suggested framework follows a layered, modular model, which is aimed to support the real-time analysis,
adaptive notation and pedagogical feedback. The audio data at the student performances are recorded by the use of a
microphone or digital instrument and fed into the system at the input layer. This unprocessed signal is preprocessed,
and noise is reduced, it is normalized and segmented and then converted into time-frequency representations. The
feature extraction layer computes the descriptors of pitch, rhythm and timbre that are passed to the learning layer to be
inferred. The learning layer combines both deep learning based transcription and musical interpretation. These models
produce intermediate symbolic representations that are further refined using rule based and data based constraints to
bring about notational coherence. The processing layer is symbolic and transforms the refined outputs into standard
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notation readable formats. The system displays dynamically generated scores at the application layer using an
interactive user interface. This interface will facilitate real time visualization, playback synchronization and interaction
with the learners. The feedback and adaptation module constantly measures user performance and learning behavior
and replenishes inner learner models.

5.2. INTELLIGENT SCORE GENERATION AND ADAPTIVE NOTATION

The intelligent generation of scores is the key element of the proposed framework, which converts the raw
performance data into pedagogical notation. The framework produces context-sensitive and learner-specific scores
unlike the static transcription systems. The work of early transcription is aimed at creating a symbolically accurate
musical replication, with the reproduction of pitch, rhythm and fundamental expressive qualities. This representation is
then sent in an adaptive notation engine where the visual and symbolical complexity are varied with the skills of the
learner and the instructional objectives. To have a simplified notation, it is based on minimizing rhythmic subdivisions,
fewer staves, and prioritizing contours of pitch and beat markers in the notes of a beginner. Context-aware architecture
created adaptive musical scores and notation as indicated in Figure 2. Higher notation such as articulation, dynamics and
polyphonic are introduced to intermediate learners and the more complex scores that are the reflection of professional
standards are given to high-level learners.

Figure 2
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Figure 2 Context-Aware Musical Score Generation and Adaptive Notation Architecture

The learner models that report on the error plans, reading pace, and previous performance past inform adaptation
rules. There is also the adaptive notation process which takes into account the cognitive load so that the visual density
and the detail of symbols are not more than the present capacity of the learner. The system promotes progressive
development of skills through the gradual addition of complexity to it. The intelligent score generation, therefore,
becomes an instructional strategy rather than the result format, in line with the goals of learning and facilitating a greater
success in understanding, remembering, and musical interpretation at various educational levels.

6. EXPERIMENTAL RESULTS

The Al-assisted notation system was evaluated experimentally in the beginner, intermediate, and advanced cohorts
of learners to evaluate the performance of transcription and the influence of the system. The system obtained a mean
pitch accuracy of 91.6 per cent and rhythmic agreement accuracy of 88.3 per cent in all the test samples. There was the
largest positive effect on adaptive notation with novice learners with 27% fewer repetitive pitch and rhythm errors in
adaptive notation than in conventional score based practice. The speed of sight-reading increased by 22 percent of
beginners as well as 15 percent of intermediate learners, which shows a better understanding of notation. There were
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better visual structure and lower cognitive load in expert-instructed readability tests, especially in simplified adaptive
scores. The usability surveys of pedagogy showed that the engagement rates were higher, and the practice rates were
better, and 84% of the respondents choose Al-generated adaptive notation to the static scores.

Table 2

Table 2 Transcription and Notation Performance Across Learner Levels

Learner Pitch Accuracy Rhythm Accuracy Onset Detection Notation Readability Score = Transcription Error Rate
Level %) % F1 %) %
Beginner 90.2 86.7 0.88 89.5 9.8
Intermediate 91.8 88.9 0.91 87.3 8.2
Advanced 92.7 89.4 0.93 85.6 7.3

Table 2 includes the comparative study of performance in transcription and notation in relation to the performance
of beginner, intermediate, and advanced learners, indicating that the Al-assisted system of notation works well with
learners of various proficiency levels. In Figure 3, the accuracy of the assessment increases steadily whether a learner is
a beginner, intermediate or advanced. The trend in pitch accuracy is steady as it improves with the advancing learners
with the highest score of 92.7 percent and beginners with the lowest score of 90.2 percent.

Figure 3
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Figure 3 Comparison of Musical Skill Assessment Performance Across Learner Levels

This is an enhancement of the performance stability and more accurate pitch production by the experienced
musicians, which makes the system transcription to be more precise. The rhythm accuracy is not an exception, with
results increasing at the beginning level with 86.7 and then with 89.4 among the advanced learners.

Figure 4
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Figure 4 Learner-Level-Wise Pitch Accuracy Performance Analysis
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Figure 4 indicates that the accuracy of pitch is increasing gradually as the proficiency of learners increases. The
progressive enhancement shows that rhythmic regularity increases with the level of skills enabling the system to
coordinate the onsets and durations better. The onset detection F1-score also grows gradually and reaches 0.93 in case
with advanced learners, which proves strong time modeling and stable note segmentation between the proficiency
groups. Figure 5 demonstrates that transcription metrics increase with the increase in the level of learner proficiency.

Figure 5
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Figure 5 Evaluation of Musical Transcription Performance Metrics Across Learner Levels

The beginners have the highest notation readability scores of 89.5% and intermediate and advanced learners have
slightly lower scores. The purpose behind this trend is that adaptive notation can be used to reduce the visual complexity
of novices and introduce more detailed scores to advanced users. Readability is therefore optimally pedagogic and not
maximized.

7. CONCLUSION

The paper has analyzed the use of the Al-assisted notation systems as a new pedagogical instrument in modern
music education. Through signal processing, deep learning, and representation of symbolic music, the proposed
framework shows how notation can be transformed into a dynamically adaptable learner-centered interface, as opposed
to an instructional artifact. The findings support the notion that Al-based notation systems have the potential to
substantially improve the accuracy of transcribing and the readability of notation as well as the pedagogical functionality
of different types of learners, including beginners and advanced musicians. An important input of this work was to
redefine automatic music transcription as a learning experience instead of completely technological task. The strategies
of adaptive notation make the learning experience easier among beginners, but progressively increases the complexity
to allow systematic development of skills. The feedback-based and real-time correction enhances the connection
between the performance and the symbolic understanding as the learners should have the autonomy to correct their
errors more effectively and practice more independently. All these attributes translate to quantifiable increases in the
speed of sight-reading, rhythmic balance and increasing musical confidence. Instructionally, Al-assisted notation
systems could be seen as teacher-augmenting systems which offer consistent and objective information about student
performance. Routine analysis and visualization can be automated so that the instructors can divert their focus on
musical interpretation and creativity at higher levels as well as expressive development. Notably, the framework does
not eliminate the role of human educators but makes Al a kind of an assistant but not an opponent. Alongside these
advantages, there are still issues to consider, which are the diversity in datasets, the expressiveness of the nuance in
models, and cross-cultural practices of notation. Future studies must seek to examine multimodal learning cues, combine
with composition and improvisation pedagogy and longitudinal research on learning outcomes.
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