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Abstract: Addressing the inability of traditional music teaching systems to 
dynamically adapt to learners’ personalised states, this study proposes deep 
reinforcement learning-MusicEdu – a dynamic recommender system based on 
deep reinforcement learning. The framework constructs an intelligent agent that 
continuously perceives multidimensional learner states (skill proficiency, 
interests, fatigue) and dynamically optimises teaching-resource sequences via 
deep reinforcement learning (using proximal policy optimisation). This 
leverages a structured resource library derived from the Lakh Musical 
Instrument Digital Interface Dataset, annotated with metadata including 
difficulty, style, and technical attributes. Experimental validation across 20 
weeks with five learner profiles demonstrates that deep reinforcement  
learning-MusicEdu significantly outperforms baselines, improving skill growth 
rate by 19.2% (p < 0.01) and user retention by 18.1%. The system enables 
personalised adaptive learning pathways, establishing an innovative decision-
making framework for intelligent music education. 

Keywords: deep reinforcement learning; DRL; music education; personalised 
recommendations; Lakh MIDI Dataset; adaptive learning. 
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Jun, W. (2025) ‘DRL-MusicEdu: a deep reinforcement learning-based dynamic 
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1 Introduction 

With the rapid development of digital education technology, the music education field is 
experiencing a paradigm shift from traditional face-to-face teaching to intelligent and 
personalised teaching. However, the current mainstream music teaching platforms (e.g., 
Simply Piano, Yousician) still generally adopt static recommendation mechanisms, which 
rely on collaborative filtering or content-based filtering algorithms, and can only make 
shallow recommendations based on users’ historical behaviour or resource labels, but 
cannot dynamically adapt to real-time state changes (e.g., changes in learners’ skills) as 
their skills evolve. The core mechanism relies on collaborative filtering or content-based 
filtering algorithms, which can only make shallow recommendations based on the user’s 
historical behaviour or resource labels, and cannot dynamically adapt to the real-time 
state changes in the learner’s skill evolution (e.g., fatigue, interest shift, technical 
shortcomings). Numerous studies have shown that the user retention rate of such systems 
decreases significantly in long-term learning, mainly due to the lack of dynamic 
optimisation of the learning path (Amiri et al., 2024). 

In the field of dynamic adaptive learning, deep reinforcement learning (DRL) has 
made breakthroughs in teaching and learning systems in disciplines such as mathematics 
(Piech et al., 2015) and language (Nasri-Lowshani et al., 2025) due to its powerful 
sequential decision-making capabilities. For example, Li et al. (2023) studied the 
adaptive learning problem assuming that learners have continuous latent traits, 
formulated it as a Markov decision process, and applied a model-free DRL algorithm 
(deep Q-learning algorithm) in combination with a neural network-based transition model 
estimator to efficiently find the optimal learning strategy, which was confirmed to be 
effective by numerical simulations, and with the help of the transition model estimator 
was able to Numerical simulations confirm the effectiveness of the algorithm, and the 
transition model estimator can be used to find the optimal policy with a small amount of 
learner data. However, music education is not yet an effective application of DRL due to 
unique challenges: first, music learning resources (e.g., practice repertoire) require 
structured pedagogical metadata (difficulty, technical points, style, etc.), which is lacking 
in the existing publicly available datasets; second, the feedback of learning outcomes 
requires the integration of multidimensional signals (performance accuracy, rhythmic 



   

 

   

   
 

   

   

 

   

    DRL-MusicEdu 3    
 

 

    
 
 

   

   
 

   

   

 

   

       
 

stability, interest), which is difficult to be quantified by the traditional reward function. 
value (Martín-Gutiérrez et al., 2020). 

In response to the data bottleneck, the Lakh Musical Instrument Digital Interface 
Dataset (LMD), as the world’s largest publicly available MIDI Dataset (Manilow et al., 
2019), provides a foundation for building music teaching repositories. Although LMD 
has been widely used for music generation and feature extraction, the mining of its 
pedagogical value is still in a gap. Existing studies only stay at the level of audio feature 
analysis, without establishing a mapping mechanism from MIDI structures to teaching 
goals (e.g., labelling arpeggio sequences as ‘finger independence training’). This 
fragmentation leads to the lack of an extensible action space for DRL modelling of 
educational scenarios. 

Based on this, this paper proposes the DRL-MusicEdu system, whose core innovation 
is: 

1 The first dynamic structured framework for music teaching resources: Constructing a 
multi-granularity teaching resource pool based on the LMD dataset, and realising the 
semantic mapping from MIDI to teaching resources through music pedagogy rules 
and feature engineering (e.g., note density = difficulty coefficients, chord complexity 
= technical point labels). 

2 Breaking through the bottleneck of state modelling in DRL in music education: 
Designing multi-dimensional state vectors (e.g., skill level sskill, real-time fatigue 
sfatigue, style preference spref) integrating physiological-cognitive-emotional aspects, 
and establishing for the first time a dynamic coupling model between students’ state 
and music resource characteristics. 

3 The hierarchical reward function is proposed: The teaching effect is decomposed into 
three levels: skill gain (Rskill), participation (Rengagement), and fatigue punishment 
(Rfatigue), which solves the problem that a single indicator cannot balance the  
short-term interest and long-term goal. 

The core value of this study is to fill the theoretical gap of DRL in dynamic decision 
making in music education and to provide a scalable architecture for building the next 
generation of adaptive music learning systems. 

2 Related work 

2.1 Limitations of recommender systems for teaching music 

Current music teaching recommendation systems mainly rely on collaborative filtering 
and knowledge graph techniques. Collaborative filtering methods achieve 
recommendation by mining the user-resource interaction matrix, such as the  
cross-platform collaborative filtering model proposed by Kathavate (2021), by designing, 
implementing and analysing a song recommendation system, which uses the provided 
song dataset (containing more than 10,000 songs) to recommend users’ favourite songs 
by mining the correlation between the user and the song and learning the user’s past 
listening history. The system uses the provided song dataset (containing 10,000 songs) to 
recommend songs that users are likely to like by mining the associations between users 
and songs and learning from users’ past listening history, based on the mood of the song, 
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genre, artist, and the yearly charts, etc.; the system also has an interactive interface that 
displays the most-played songs and the yearly charts, and allows users to select their 
favourite artists and genres for targeted recommendations. However, although the model 
can capture group preferences, it is unable to adapt to the dynamic evolution of individual 
learning states, resulting in recommendation results lagging behind the skill growth 
curve. 

While knowledge graphs can integrate music theory knowledge (e.g., chord 
progression rules, technique dependencies), Oramas et al. (2016) explored how 
knowledge graphs can be created and utilised to inform a hybrid recommendation engine 
based on a collection of music and sound project documents in the context of the web’s 
shift from document collections to structured data collections, specifically by extracting 
entities through labels and text descriptions and linking external graphs to enrich the data, 
combining graph feature mapping with collaborative information to compute 
recommendations, and evaluating both datasets shows that it significantly improves the 
performance of the collaborative algorithm and enhances the aggregated diversity and 
novelty of the recommendations. Its constructed music education knowledge graph 
improves recommendation interpretability, but its static association mechanism is 
difficult to respond to real-time feedback (e.g., practice fatigue, instantaneous interest 
fluctuations). More seriously, existing systems generally lack the ability to optimise 
sequential teaching paths-traditional approaches only consider single recommendation 
optimality, while music skill acquisition requires an ordered combination of resources 
(e.g., scales to arpeggios to repertoire), a shortcoming that has been shown to be the main 
cause of medium- and long-term user churn (Jarvis and Peterson, 2019). 

2.2 Advances in DRL for education 

DRL has been introduced into educational recommender systems in recent years due to 
its advantages in temporal decision making. Mathematics education is a typical 
application scenario: Piech et al. (2015) explored the benefits of using recurrent neural 
networks (RNNs) to model student learning on knowledge tracking, an established 
unsolved problem in computer-supported education, noting that deep knowledge tracking 
(DKT) models do not require explicit encoding of human domain knowledge and are 
more flexible in their functional form, capture more complex student interactions, and 
outperform current state of the art in real student data prediction is superior to the current 
state of the art, and can also directly explain and discover course structure, providing a 
new research direction for knowledge tracking; Narvekar et al. (2020) proposed the 
course learning (CL) framework in reinforcement learning as a way to survey and 
categorise existing CL approaches in terms of assumptions, competencies, and objectives, 
as well as to use the framework to identify open problems and point the way to future 
research on CL in reinforcement learning; the context is that reinforcement learning 
requires a lot of interactions with the environment in many domains which is costly, and 
that transfer learning and CL for task or data sample sorting are used to address this issue. 

In language learning, Jiang et al. (2019) proposed using language as an abstraction to 
solve complex, time-extended tasks in reinforcement learning, which enables 
intelligences to reason with the help of structured language by learning low-level 
strategies that follow instructions and high-level strategies that reusable abstractions; and 
also introduced an open-source object-interaction environment based on MuJoCo and the 
compositional language and elementary visual reasoning (CLEVR) engine to study 
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combinatorial task learning. The results show that the approach enables intelligences to 
solve multiple time-expanded tasks from raw pixel observations, and that the structured 
nature of the language is crucial for learning and systematic generalisation of the  
sub-skills, whereas obtaining effective and generalised hierarchical reinforcement 
learning abstractions is quite challenging. DRL has also been shown to balance memory 
strength and cognitive load. However, the specificity of music education makes DRL face 
unique challenges: first, music resources need to be deconstructed into technical point 
units (e.g., bar-specific fingering training), while existing frameworks directly transplant 
disciplinary knowledge structures (e.g., mathematical knowledge point trees); and 
second, music learning outcomes need to integrate objective metrics (rhythmic accuracy) 
and subjective feedback (interest level), and current reward functions have not yet 
addressed multimodal signal fusion (Sharif and Uckelmann, 2024). 

2.3 Instructional value mining bottlenecks in LMD 

LMD, the largest publicly available MIDI Dataset (Manilow et al., 2019), still has 
bottlenecks in mining its pedagogical value. Existing studies have focused on multimodal 
music generation and melody generation. Zhang and Liu (2024) proposed a model 
combining long short-term memory (LSTM) and convolutional neural network (CNN), 
where LSTM captures long-term dependencies of musical sequences and CNN extracts 
musical features to enhance structural and stylistic grasps; the model was trained on the 
Artistic Data Lab (ADL) Piano MIDI Dataset, a subset of the LMD, and performed well 
after validation. The model is trained on the ADL Piano MIDI Dataset (a subset of the 
LMD) and performs well, reducing computational complexity, improving operational 
efficiency, and facilitating deployment on resource-constrained devices, while learning 
enriched musical features and generating high-quality compositions that are coherent and 
stylistically consistent, all while maintaining the model’s lightness and the authenticity 
and creativity of the music. Nag et al. (2024) used LSTM in a sequential deep learning 
(DL) model for effective melody generation. In response to the limitations of previous 
studies that RNN variants can hardly memorise long-standing sequences and do not take 
into account the length of different temporal contexts in melody generation, we used 
different LSTM variants (vanilla LSTM, multi-layer LSTM, bidirectional LSTM, and 
bidirectional LSTM) to generate melodies, Bidirectional LSTM) and experiments with 
different temporal context lengths for each variant to explore the optimal model and time 
step, as well as ensembles of the best-performing techniques from each genre (classical, 
country, jazz, pop) to enhance melody generation, and qualitative assessment of the 
generated melodies on a scale of 1–5 by distributing surveys to co-workers and the 
ISMIR community, all of which were validated on four manually prepared datasets by 
genre. All models were validated on four manually prepared datasets. 

However, these efforts are notably disconnected from the pedagogical scenarios: 
mismatch between features and pedagogical goals (e.g., tonal stability is not associated 
with the label ‘beginner’s practice’); lack of a structured annotation system (technical 
difficulty or affective attributes are not labelled); and mismatch between the granularity 
of the resources (while DRL requires fragment-level movement space, LMD processing 
units are mostly complete tracks). This has resulted in existing DRL music research being 
forced to use synthetic data, limiting the value of practical applications (Chang et al., 
2024). 
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2.4 Technical orientation of this study 

The DRL-MusicEdu system breaks through the above limitations through three 
innovations: the first LMD-based pedagogical semantic mapping engine at the resource 
structuring level, which annotates MIDI segments into combinable pedagogical atoms; 
the design of a multi-scale state encoder at the level of the DRL framework, which jointly 
models physiological states (fatigue), cognitive progress (skill matrix), and affective 
preferences (style weights); a hierarchical reward function is proposed at the reward 
mechanism level to achieve Pareto optimisation among skill gain (Rskill), engagement 
(Rengagement), and fatigue penalty (Rfatigue). Compared with the DRL model that relies on 
synthetic data (Chang et al., 2024), this system constructs the first end-to-end closed loop 
from the real dataset (LMD) to the instructional decision. 

3 Methodology 

3.1 Structured engine for teaching resources 

The system contains four major modules: teaching atomisation processing, multimodal 
state coding, proximal policy optimisation (PPO) decision-making, and hierarchical 
reward feedback to achieve ‘perception-decision-optimisation’ closed loop, as shown in 
Figure 1. 

The cornerstone of the system is the construction of a pedagogical repository based 
on the LMD. First, the raw MIDI files were pre-processed: 60–180 seconds long 
fragments were filtered out, and incomplete or low-quality data were eliminated. This 
time range has been verified by pedagogical experts: shorter than 60 seconds is not 
enough to form an effective technical training unit, and more than 180 seconds can easily 
lead to distraction of beginners, which is in line with the law of golden teaching time in 
the music classroom. The key innovation is the definition of the pedagogical atom as the 
base unit of the DRL’s movement space, which is mathematically characterised as: 

, , ,i i i i ir δ= T S E  (1) 

where δi ∈ [1, 5] is the difficulty coefficient [the continuous values obtained from the 
regression of features such as note density fdensity, maximum span fspan, etc. are 
discretised into five classes by equal-width binning (bin width = 0.8)], Ti is a vector of 
technical point labels (e.g., [0.9, 0.2, 0.4] for ‘scale/arpeggio/skipping’ weights), Si is the 
unique encoding of the musical style, and Ei is the affective attributes (calculated by 
LSTM analysis of tempo and tonality). The LSTM inputs are temporal features: velocity 
(BPM) sequences, tonal stability metrics (dominant chord share per bar); the output layer 
is softmax, which generates a probability distribution of emotion labels (e.g., ‘stirring’ 
‘soothing’); the training objective is to minimise emotion label cross-entropy (CE) loss 
(calculated by LSTM analysis of tempo and tonality). 

• Note density: 

notes
density

duration

Nf
T

=  (2) 

where Nnotes is the number of notes and Tduration is the duration. 
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• Technical complexity: 

( )
1

1 K

complexity k
k

f entropy p
N =

=   (3) 

where pk is the probability of occurrence of the kth class of tips. 

Figure 1 DRL-MusicEdu system architecture diagram (see online version for colours) 

  

The final features are mapped to the instructional metadata by the XGBoost model with a 
loss function of: 

( )( )2
ˆˆ1 ,M

i i i imeta i λ CE δ δ= = − + ⋅ T T  (4) 

where λ = 0.5 is the balance weight and CE. The process generates 10,000+ labelled 
resources that constitute the action space   = r1, r2, …, rN. 
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3.2 Multimodal state space modelling 

Student status ts ∈  is the core input for DRL decision making, and this system is 
designed for three-dimensional joint coding: 

• Physiological state :phy
ts  Contains real-time fatigue. 

( )1 difft
t t te γ δ−

−= ⋅ + ⋅βφ φ  (5) 

where β = 0.1 is the recovery rate, γ = 0.3 is the fatigue gain, and γ = 0.3 is the 
current resource difficulty and skill gap. 

• Cognitive state :cog
ts  Skills matrix: 

K Dt ×∈C   (6) 

where K is the number of technology point categories, D is the mastery dimension 
(accuracy/speed/stability), and the update rule is: 

( )1, ,, t k k skill k k tCt k C η sigmoid R ξ−= + ⋅ − ⋅φ  (7) 

where qηk is the learning rate of skill k and ξk is the fatigue decay coefficient. 

• Emotional state :emo
ts  Preference vector: 

[ ]1, ,t style styleMp p=P   (8) 

Weighted by historical interaction decay: 
( )0t t τ

jpstylej τ rτ style e− −= = ∈ ⋅ α  (9) 

where α = 0.05 is the forgetting factor. 
The final state vector is: 

( ) 38phy
t t tts s flatten = ⊕ ⊕ ∈ C P   (10) 

where ⊕ denotes splicing. 

3.3 Hierarchical PPO strategy optimisation 

A PPO algorithm is used to train the recommendation policy πθ(at|st), whose objective 
function introduces the clip mechanism to ensure stability: 

( )
( )

ˆ ˆ( ) min , clip , 1 , 1
oldold

t tCLIP

θθ t t

πθ a s πθL θ t At At
ππ a s

 
 

  
= − +       

   (11) 

where  = 0.2 is the shear threshold and is the dominance function [calculated by 
generalised advantage estimation (GAE)]. The core innovation lies in the tiered reward 
design: 
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
1 0t

t t
Fatigue punishmentSkill buff

Participation rate

R t goal τ complete γ
t

= ⋅ Δ ⋅ + ⋅ = − ⋅C w 
α β β  (12) 

where α = 0.7, β = 0.2, γ = 0.1 are adjustable weights, and is a vector of target skill 
weights. 

The reward function is dynamically adjusted by curriculum learning: initially,  
α = 0.5, β = 0.4 is interest-driven, and later, α is gradually increased to 0.8. 

3.4 Network architecture and training details 

The policy network πθ and the value network Vψ share the feature extraction layer: 

• Input layer: 38-dimensional state vector. 

• BiLSTM layer: 128 cells capturing state timing dependencies. 

• Attention layer computation: 

att
1

L

i i
i

h a h
=

=  (13) 

( )( )softmax tanhT
i ia h= u W  (14) 

The output layer outputs action probabilities for the strategy network: 

( ) softmax( att )θ t tπ a s ph p= +W b  (15) 

• Value network output scalars: 

( ) attt vVψ s vh b= +W  (16) 

Training was performed using the Adam optimiser (lr = 10–4) with discount factor  
γ = 0.99, GAE parameter λ = 0.95, and amount of data per batch B = 2,048. 

4 Experimental validation 

4.1 Dataset construction and experimental setup 

In this study, we constructed a pedagogical repository based on the publicly available 
LMD v0.1, which consists of 176,581 MIDI files covering multiple musical genres and 
complexity levels. To fit the teaching scenarios, we implemented a rigorous filtering 
process: firstly, we excluded clips less than 60 seconds or more than 180 seconds in 
length (to ensure the integrity of the learning unit), and subsequently sifting through 
music theory rules for improvised fragments with no clear tonal structure, we retained 
12,740 valid teaching resources. These resources are processed by the pedagogical 
semantic mapping engine described in Subsection 4.1 to generate a structured metadata 
labelling system: including eight-dimensional technical point vectors (e.g., weight 
distributions of scales, arpeggios, chord progressions, etc.), five-level discrete difficulty 
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coefficients (as predicted by the XGBoost regression model based on note densities fdensity 
vs. span complexity fcomplexity), and six stylistic categorisation labels (classical, pop, jazz, 
rock, electronic, and folk). In order to simulate the real learning environment, five types 
of student agent portraits are designed: class A (child beginners, initial skill level  
μA = 1.2 ± 0.3, classical style preference), class B (adult interest learners, μB = 2.5 ± 0.4, 
pop style dominant), class C (exam trainers, μC = 3.8 ± 0.2, goal-oriented), class D (exam 
trainers, μD = 3.8 ± 0.2, goal-oriented), and category E (multi-style explorer, μE = 2.0  
± 0.6, no significant preference). The five categories of portraits cover the mainstream 
music learning population (children/adults/examiners/composers/explorers), and the 
standard deviation of their skill distributions (±0.3 to ±0.6) reflects the fluctuating 
characteristics of the real user group to ensure simulated representativeness. Each Agent 
completed three learning sessions per week during a 20-week simulation cycle, 
generating a cumulative total of 15,600 interaction records, which were divided into 
training, validation, and testing sets in a 7:2:1 ratio. 

4.2 Comparison of algorithms and evaluation metrics 

To fully evaluate the performance, four types of baseline models are selected for 
comparison: the content filtering-based CB-Music (Casey et al., 2008), the knowledge 
graph-driven KGRec (Xu et al., 2025), the dynamic matrix factorisation MF-dynamic 
(Koren, 2010), and the deep Q-network DQN (Oroojlooyjadid et al., 2022). Evaluation 

metrics include skill growth rate 0 2

max 21

1 ,
T

t
skill

t

η
T =

 
 

−


= 


 C C

C
 user retention rate 

( 20) ,retain
Nactive tρ

Ntotal
= = 

 
 and resource utilisation 

1

1 ( ( ) 5) .i
i

ζ count r
=

 
= >  

 




  All 

experiments were repeated five times on NVIDIA V100 GPUs to take the mean ± 
standard deviation. 

4.3 Analysis of the results of the main experiment 

The dynamics of skill growth are shown in Figure 2. DRL-MusicEdu’s growth rate 
increases significantly after week 8 (slope k = 0.032 vs. DQN’s 0.025) due to the 
dynamic adjustment of rewards weights in the PPO course-learning mechanism: focusing 
on participation at the initial stage (β = 0.4), and skill gains at the later stage (α = 0.8). By 
week 20, it reaches 0.93 ± 0.03, a 19.2% improvement from the optimal baseline  
(p < 0.01). Segmentation analysis shows that class B users showed the most significant 
improvement (+24.7%) due to their interest orientation and fit, while class C users 
showed a prominent late gain (Δη = 0.21) driven by goals. 

Resource optimisation efficacy is presented multi-dimensionally in a radar chart 
(Figure 3). The five dimensions of the radar chart are defined as follows: 

1 Skill coverage ζskill: The percentage of skill points mastered during the test cycle, 

1

( 0.8)
.

K

k
k

m

K
=

> 
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2 Style diversity ζstyle: The Simpson’s diversity index of the style distribution of the 

recommended resources, 
6

2

1

1 .c
c

p
=

−  

3 Fatigue control degree ζfatigue: Inverse of average fatigue, 
1

1 (1 ).
T

t
tT =

− φ  

4 Resource novelty ζnovelty: Percentage of historical unrecommended resources. 

5 Overall utilisation ζutil: The percentage of recommended resources that have been 
learned in their entirety. 

DRL-MusicEdu leads across the board in five dimensions: skill coverage (0.92 vs. 
KGRec’s 0.75) improves by 22.7% due to adequate strategy exploration; stylistic 
diversity (0.88 vs. CB-Music’s 0.52) overcomes the filter bubble effect; and fatigue 
control (0.85 vs. DQN’s 0.63) effectively avoids cognitive overload through the penalty 
term –γφt). 

Figure 2 Comparison of 20-week skill growth rates for five types of algorithms  
(see online version for colours) 

 

4.4 Ablation experiments and parameter analysis 

To validate the need for a stratified reward function, we conduct ablation experiments 
(Table 1). The full model achieves a benchmark performance of 0.95 ± 0.03 in skill 
growth rate versus 85.2% ± 2.1% in retention rate after 20 weeks. When skill rewards 
were removed (α = 0), ηskill plummeted to 0.71 ± 0.04 (p < 0.001), a 23.7% drop, 
particularly damaging to goal-oriented C users (Δη = –0.31), confirming the 
indispensability of the core instructional goal. Removing the engagement reward (β = 0) 
resulted in a significant decrease in retention to 69.8% ± 2.8% (p < 0.001) and a 37.2% 
increase in churn for B/D users, highlighting the critical role of interest maintenance for 
long-term engagement. Removal of the fatigue penalty (γ = 0), while having less of an 
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impact on skill growth (ηskill = 0.87 ± 0.02, p < 0.5), reduced user retention in category C 
by 9.6% (p > 0.01), suggesting that this group is more prone to drop out due to 
overtraining. 

Figure 3 Comparison of five-dimensional resource utilisation radar charts (see online version for 
colours) 

 

Table 1 Hierarchical reward function ablation study 

Model variant ηskill (20 weeks) Rate of change ρretain (%) Rate of change 
Full model 0.93 ± 0.03 - 85.2 ± 2.1 - 
w/o Rskill 0.71 ± 0.04 –23.7% ↓ 76.3 ± 3.2 –10.4% ↓ 
w/o Rengagement 0.82 ± 0.03 –11.8% ↓ 69.8 ± 2.8 –18.1% ↓ 
w/o Rfatigue 0.87 ± 0.02 –6.5% ↓ 81.5 ± 1.9 –4.3% ↓ 

Reward weight sensitivity is further analysed: high participation weights (α = 0.5,  
β = 0.4) in the early stages increase retention to 87.1% ± 1.7% (p < 0.05) but skill growth 
rate drops to 0.88 ± 0.03; high skill weights (α = 0.8, β = 0.2) in the later stages, though 
raises ηskill to 0.95 ± 0.02 (p < 0.05), it leads to a 3.0% decrease in retention. This 
validates the need for a dynamic CL mechanism – this system achieves Pareto optimality 
(α = 0.7, β = 0.3, γ = 0.1) by incrementally adjusting α from 0.5 to 0.8, and β from 0.4 to 
0.2. 

4.5 Computational efficiency comparison 

In terms of computational efficiency, DRL-MusicEdu training takes 18.5 ± 0.8 hours 
(30.3% more than DQN), mainly derives from the computational overhead associated 
with synchronising the PPO-Clip algorithm for updating the policy network and the value 
network. However, the inference phase latency is only 8.7 ± 1.2 ms (AWS g4dn.xlarge 
instance), which meets the real-time recommendation requirement (<50 ms industry 
standard), thanks to the parallel processing capability of BiLSTM-attention encoder. 
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4.6 Experimental results and analysis 

This study constructs the first DRL paradigm for dynamic decision making in music 
education, which breaks through the limitation of static adaptation of traditional 
recommender systems. The theoretical contributions are mainly reflected in three aspects: 
first, the pedagogical atomisation modelling theory is proposed, which solves the 
problem of ambiguous definition of action space of DRL in music domain by 
deconstructing LMD into composable pedagogical atoms, and establishing a mapping 
mechanism [e.g., difficulty coefficients δi = f(fdensity, fcomplexity)] from MIDI features to 
pedagogical semantics (Chang et al., 2024). This model provides a universal framework 
for structuring multimodal educational resources, which can be extended to skill-based 
disciplines such as dance and art (Howard et al., 2020). Second, we design a 
multidimensional state coupling mechanism that integrates physiological fatigue φt, 
cognitive skill matrix and affective preference in a joint coding model (st = [φt ⊕ 
flatten(Ct) ⊕ Pt]), which significantly improves the completeness of state representation. 
Experiments show that the explanatory weight of affective states on the retention rate 
reaches 37.2% (p < 0.001), which confirms the positive feedback theory of ‘interest-skill’ 
in educational psychology (Turnnidge et al., 2019) and makes up for the shortcomings of 
the existing DRL educational model that focuses on cognitive states only (Piech et al., 
2015). Thirdly, we created a CL theory of stratified rewards, which realises the balance 
between short-term interest motivation and long-term goal orientation by dynamically 
adjusting the reward weights (initial α = 0.5, β = 0.4, later α = 0.8, β = 0.2). This 
mechanism validates the effectiveness of progressive challenge in skill acquisition (Li  
et al., 2021), and provides new ideas for the DRL reward sparsity problem. 

At the practical level, DRL-MusicEdu provides a realisable solution for smart music 
education platforms: the dynamic learning paths it generates (e.g., ‘pop chords → 
improvisation’ sequences for adult learners) increase user retention by 18.1%, which is 
higher than that of industry benchmark simply piano (12%) (Latif et al., 2023). It also 
reveals that DRL has the potential to revolutionise the field of artificial intelligence (AI), 
combining DL, which is already solving difficult problems in several domains, with 
applications in audio signal processing to create autonomous audio-based systems. 
Platform integration of this system reduces user churn costs by 30% while increasing 
resource utilisation ζ to 0.92 (average 0.68 for traditional systems), helping educational 
institutions to save 15–20% of their curriculum development investment (Hjeltnes and 
Hansson, 2005). The reasoning latency of less than 10 ms supports real-time mobile 
interventions (e.g., switching between relaxation tracks based on fatigue φt > 0.8), which 
is in line with the principle of ‘instant feedback’ in education (Nicol and  
Macfarlane-Dick, 2006). 

There are two limitations in this study: first, although the behavioural rules of the 
simulated student agent are based on the adaptive control of thought-rational (ACT-R) 
cognitive model, they do not cover the irrational decision-making (e.g., procrastination) 
of the real scenarios, and it is necessary to integrate the behavioural logs of the real 
scenarios (e.g., practice interruption patterns in the Yousician platform) and construct a 
joint cognitive-emotional modelling framework so that the simulation system can be 
more closely aligned with the psychological mechanisms of real learning. Secondly, 
because the piano repertoire accounts for 82% of the LMD, the model has insufficient 
cross-instrument generalisation ability, and there is an urgent need to develop a  
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cross-instrument knowledge transfer theory, which breaks through the technological 
boundaries between instruments by deconstructing the abstract representations of musical 
skills (e.g., mapping piano fingering to the topology of the guitar handles). 

Future work will focus on three directions: acquiring real user data through  
school-enterprise cooperation (e.g., accessing the Yousician platform API), and building 
the world’s largest music learning behaviour library under the premise of safeguarding 
ethical security. Introducing cross-modal transfer learning to realise the skill migration 
from piano to guitar. Combining multimodal perception (e.g., playing posture 
recognition) and federated learning technology (Wang et al., 2020), the meta-universe 
music classroom can be constructed under the premise of privacy protection. 

5 Conclusions 

The DRL-MusicEdu system developed in this study achieves dynamic personalised 
recommendation of music education resources through pedagogical atomistic modelling, 
multi-dimensional state coupling and hierarchical reward mechanism. Experiments 
demonstrate that it significantly outperforms existing methods in core metrics such as 
skill growth rate (+19.2%) and user retention rate (+18.1%). This study not only provides 
a scalable DRL architecture for intelligent education, but also deepens the theoretical 
understanding of ‘state-reward’ mapping. 
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