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Abstract

Mobile learning environments provide ample opportunity for collecting data from learners, which
opens up avenues for creating intelligent and adaptive learning recommendation systems that
improve individual learning experiences. Nevertheless, most existing recommendation systems face
a challenge in modeling both the semantic relationships between learning concepts and the adaptive
pathways that depend on changing learner knowledge states at the same time. In response to the
limitations, develop an Adaptive Knowledge Graph Reinforcement Algorithm (AKGRA) for
optimizing personalization of learning paths on mobile devices. Method models the structure of an
educational knowledge graph along with deep reinforcement learning in an adaptive sequential
recommendation setting. The EdNet dataset and learn a semantic knowledge graph that describes
the relations of questions, lectures, and educational concepts. Latent semantic dependencies can be
learned via TransE-based graph embeddings. The decision for the best recommendation policies is
made by a Double Deep Q-Network (DDQN) trained by interactions. The learner state model
includes knowledge mastery, engagement behaviors, and graph embeddings in a context-aware
manner. Experiment on the EdNet dataset and compare method with conventional recommendation
systems, graph-based recommendation systems, and reinforcement learning-based systems.
This method, AKGRA, yields 0 0.928, 0.911, 0.937, and 0.921 for precision@10, recall@10,
NDCG@10, and MAP, which are significantly superior to other state-of-the-art methods. Statistical
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analysis shows significant improvements across performance evaluation indices, with p-values
indicating strong statistical significance (p < 0.01 to p < 0.001) for most comparisons. Moreover,
the convergence behavior of method is stable, the robustness to perturbations is strong, and the scale
behavior under larger datasets is excellent.

Keywords: Knowledge Graph, Reinforcement Learning, Mobile Learning, Personalized
Recommendation, Learning Path Optimization, Educational Data Mining.

1 Introduction

The rapid development of mobile learning has generated massive amounts of learner interaction data,
leading to possibilities of intelligent personalization and adaptation. Conventional recommendation
algorithms in digital learning settings are usually based upon collaborative filtering or content-based
methods, which cannot capture effective associations between learning concepts and learner knowledge
states. Recently developed knowledge graph technology can represent semantics of learning concepts,
learning resources, and learner knowledge states, enabling better performance in recommendation
accuracy and explainability in adaptive learning systems (Zhou & Wang, 2025). Learning path
generation based on knowledge graphs has shown great potential in representing learning concepts'
dependency and adaptively facilitating learner navigation (Deepika, 2026).

Reinforcement learning, a machine learning paradigm of sequential decision-making under a
dynamic environment, has gained increasing attention for its promise of adaptive learning path
optimization. RL agents, by learning to select sequences of learning resources based on learner
interactions and feedback, can identify effective learning sequences that maximize learning efficiency
(Fu, 2025; Amin et al., 2023). Graph-based reinforcement learning has further improved the quality of
recommendation by effectively combining educational information with the structure of knowledge
graphs. Rahim (2026) Various RL techniques have also been explored and proven effective for
personalized adaptive e-learning, real-time learning analytics, multiple-algorithm recommendations, and
feedback-guided adaptive learning environments (Salwadkar & Soy, 2025; Soy, 2025).

Besides the applications in the educational field, reinforcement learning and graph-based decision
optimization have obtained considerable successes in problems of path planning, network routing, and
intelligent decision support systems, which provide valuable insights into the learning path
recommendation problem in a dynamic and complex setting (Zhou et al., 2024; Velliangiri, 2025; Haldar
et al., 2025). At the same time, mobile learning is evolving toward an intelligent and context-aware
learning environment that can deliver a personalized learning experience on heterogeneous devices and
ubiquitous computing platforms (Ma et al., 2023; Wang, 2025). These developments pave the way for
the integration of knowledge graph reasoning and reinforcement learning for adaptively learning path
generation.

Current literature explores knowledge graph-based learning recommendations and reinforcement
learning-based educational adaptation separately. Nevertheless, there are several weaknesses and
shortcomings in the existing research. First, much of the knowledge graph recommendation work
focuses on how to exploit semantic relationships but does not fully capture sequential learning path
adaptation. Second, reinforcement learning-based adaptive learning systems often do not fully utilize
dependency information of concepts, resulting in an inability to represent the prerequisite relationships.
Third, none of the current adaptive learning frameworks integrate knowledge graph embedding and
reinforcement learning policy in an effective unified system that is suitable for a mobile learning
environment. Additionally, little attention has been paid to the issue of dependability, scalability, and
robustness of graph-enhanced reinforcement learning systems in the face of dynamic learner behavior
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and large amounts of data. To address these challenges, this paper proposed an adaptive knowledge graph
reinforcement algorithm that models semantic learning concepts and optimizes sequential learning paths.

Contributions

The major contributions of this study are as follows:

1. Proposes an Adaptive Knowledge Graph Reinforcement Algorithm (AKGRA) to optimize
learning paths for adaptive mobile learning.

2. A framework for constructing a semantic educational knowledge graph, encoding concept
relations, learning resources, and a learner's behavior, which are mined from the EdNet dataset.

3. Areinforcement learning optimization strategy for adaptively recommending resources based on
the dynamics of learner state and knowledge mastery.

4. A unified graph-enhanced recommendation architecture integrating both semantic knowledge
modeling and sequential decision making in mobile learning contexts.

5. Conducted experiments to evaluate the recommendation performance, convergence, scalability,
and robustness against state-of-the-art methods.

Research Objectives

1. Develop a semantic educational KG based on EdNet to present interrelations of learning
resources, concepts, and learner actions.

2. Create an Adaptive KG Reinforcement Algorithm (AKGRA) by combining KG embeddings with
deep reinforcement learning to optimize the individualized learning path.

3. Demonstrate the performance, scalability, and robustness of framework in recommendation
quality, learning performance, and reinforcement learning assessment metrics.

The rest of the paper is structured as follows. Section 1 provides research background, limitations of
previous studies, and research contributions. Section 2 provides a literature survey on knowledge
graph-based recommendation, reinforcement learning recommendation, and educational sequential
recommendation. Section 3 describes the proposed Adaptive Knowledge Graph Reinforcement
Algorithm (AKGRA), including state representation model, knowledge graph embedding strategy,
reinforcement learning environment, reward formulation, optimization mechanism, and computational
complexity. Section 4 describes the experiments, which include dataset, baseline methods,
implementation details, and evaluation metrics. Section 5 explains the experiments by recommendation
performance, reinforcement learning evaluation, knowledge graph embedding quality analysis, ablation
study, scalability analysis, and sensitivity analysis robustness evaluation. Section 6 concludes the work
and discusses possible future research.

2 Related Work

Knowledge graphs are a crucial approach to representing semantic relations between entities and
assisting intelligent recommender systems. Knowledge-aware reasoning and self-supervised
reinforcement learning have been incorporated to enhance recommendability, explainability, and
concept-level reasoning in large-scale massive open online courses (Lin et al., 2024). Graph embedding
methods could capture hidden structure relations among complex networks and perform personalized
decision-making processes for various domains (Li et al., 2023). Recent research explored the
combination of knowledge graphs with personalized adaptive systems to increase the contextual
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understanding and prediction accuracy through structural semantic modeling (Naseer et al., 2025).
A broad review of Al-powered adaptive learning systems shows the importance of semantic knowledge
modeling for recommendation quality and learner adaptability (Gligorea et al., 2023).

Reinforcement learning has been widely studied as a serial optimization method for recommendation
systems with dynamic environments. The heterogeneous information networks and reinforcement
learning combination proved to achieve concept recommendation using continuous policy learning
(Gong et al., 2023). Various research regarding personalized recommender systems suggested that
reinforcement learning outperforms traditional recommendation models through selecting suitable
resources based on real-time user behavior (Bin et al., 2024). A knowledge graph-guided framework for
decision-making in a personalized managing system also utilized reinforcement learning for real-time
dynamic optimization with uncertainty (Sarani Rad et al., 2024). Research also proposed that a
reinforcement learning-based reasoning strategy can perform better in graph-structured systems through
adaptive exploration for better reasoning efficiency and decision quality (Zhang et al., 2023).

Educational sequential recommendation is concerned with how to generate the best learning
trajectory based on analyzing learners' behaviors during the learning process. Recently researchers
combined graph reasoning, reinforcement learning, and adaptive optimization mechanisms in
educational sequential recommendations for more personalized learning path generation (Ye, 2025).
Advances in graph reasoning methods enable better modeling of dynamic educational relationships and
developing learner state representations (Liang et al., 2024). A cognitive-aware adaptive learning system
provides intelligent methods for adjusting the learning path according to the performance and behavior
of the learner. A hybrid graph-reinforcement learning framework is proposed for sequential
recommendation to combine structural knowledge modeling and adaptive decision-making. Such
reinforcement learning strategies are also proven in control systems and adaptive communications for
generating useful knowledge for learning path optimization (Song et al., 2024).

Research Gaps

Although much progress has been made on knowledge graph recommendation, reinforcement learning
optimization, and sequential educational recommendation, still adopt individual approaches. KG-based
methods mostly consider semantic relationships between nodes but barely study dynamic sequential
learning behavior. Reinforcement learning can optimize long-term rewards but ignores obvious
prerequisite relationships between educational concepts. Recommendation systems for education
seldom integrate graph embedding, knowledge reasoning, and reinforcement learning in a single
architecture. Have not yet researched scalability, robustness, and reliable operations in massive learner
interactions. Thus, a graph-enhanced reinforcement learning framework that is able to achieve adaptive,
scalable, and personalized learning path recommendations in mobile learning has not yet been studied.

3 Proposed Adaptive Knowledge Graph Reinforcement Algorithm

The proposed Adaptive Knowledge Graph Reinforcement Algorithm (AKGRA) combines semantic
knowledge representation and reinforcement learning to maximize the effectiveness of personalized
learning paths in a mobile learning context (He et al., 2023). The system uses the structure relationships
between knowledge concepts, questions, and resources that are mined from the EdNet dataset to make
sequential recommendation decisions. Instead of just modeling historical interactions, the AKGRA
adopts the approach that integrates graph-based semantic understanding with active policy learning to
dynamically recommend appropriate resources based on the learner's knowledge progress and behavior
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changes. There are four modules: KG Construction, KG Embedding Generation, state-dependent
reinforcement learning, and adaptive recommendation optimization.

Educational Data Knowledge Graph Knowledge Graph Reinforcement Learning
Processing Layer Construction Layer Embedding Module Optimization Engine
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Figure 1: Architecture of the proposed adaptive knowledge graph reinforcement algorithm (AKGRA)

The proposed AKGRA framework's architecture is demonstrated in figure 1. The system starts with
the preprocessing of educational content (questions and lecture materials) from the EdNet dataset and
generates a semantic knowledge graph based on this content, which includes concepts, learning
resources, and prerequisite relations. The graph embedding module learns low-dimensional
representations for entities and relations in the graph and fuses these representations with learner states.
A reinforcement learning agent is employed to adaptively select optimal learning resources according to
user actions. Rewards derived from user answers and activities can be used to update the
recommendation policy. In this way, personalized learning pathways can be generated dynamically.

3.1 State Representation

The problem of learning path optimization is described as sequential decision making where a
reinforcement learning agent observes the current learning state of the learner and chooses the next
learning resource. At time step t the learning state is described by equation 1.

Se = [Mt'Etl Kt] €9)

Where M, denotes the learner mastery vector, E; represents the engagement characteristics, and
K, corresponds to the semantic embedding obtained from the knowledge graph. The mastery component
captures the learner's understanding about education as evaluated in previous tests, and the engagement
component represents the observed actions of the learner, such as the frequency of interaction, patterns
of resource consummation, etc. The graph embedding component integrates semantic information
derived from concept dependencies and resource relationships. With the integration of all components,
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the reinforcement learning agent can learn recommendation strategies based on individual learner
information and educational domain knowledge.

3.2 Knowledge Graph Embedding

To construct the semantic educational knowledge graph, which includes the relationship between
question, lecture, and educational concepts from the EdNet dataset, equation 2 represents the graph:

G=(V,E) 2

Where V denotes the set of entities and E represents semantic relationships among entities. Lecture
nodes are related to concepts by instruction relationships, and concept nodes are related to concepts by
concept coverage relationships. Concepts are related by the prerequisite relation inferred from concept
co-occurrences and learning structures. To describe the hidden semantic relations, use the TransE model
for knowledge graph embedding. For a knowledge graph triplet (4 12 t), have the following embedding
relation as in equation 3.

h+r=t 3

Where 4, r, and t represent the head entity, relation, and tail entity, respectively. The graph elements
are mapped into a continuous space such that the closer nodes mean similar entities. Such embedding
will serve as input to the reinforcement learning module, allowing the recommendation system to
leverage concept-level relations for learning path generation.

3.3 Reinforcement Learning Environment

The recommendation process is formulated as a Markov Decision Process (MDP). The agent interacts
with the learner repeatedly, and its recommendation policy is updated after each interaction in an attempt
to maximize the learner's future benefits. In each step of interaction, the agent is provided with the
learner's state and needs to choose one educational resource from the available action space. The action
space can be regarded as the set of recommended questions and lectures, given by equation 4:

A={q,l;} (4)

Where g; denotes a question resource and [; denotes a lecture resource. After each resource is
consumed, the learner response and involvement information is retrieved and then utilized for creating
anew state. Each state transition occurs along with learner mastery, engagement behaviors, and semantic
context changing. In other words, the goal of a reinforcement learning agent is to identify a
recommendation strategy that maximizes the sum of educational benefits, instead of a single
recommendation event.

3.4 Reward Function

The reward function encourages recommendations that lead to better learning outcomes and do not
disengage the learner. The reward obtained at time step t is described by equation 5.
Ry = aCy + BM; + VE; ()
Where C; represents correctness of learner responses, M; denotes mastery improvement, and E;

corresponds to engagement level. The weighting parameters a, 3, and y control the relative importance
of these components and satisfy the constraint as equation 6

a+p+y=1 (6)

504



Adaptive Knowledge Graph Reinforcement Algorithm for Olima Kholmurodova et al.
Personalized Mobile Learning Path Optimization

The proposed reward formulation will result in recommendation policies that not only improve
learner comprehension but also learning engagement over the long term. The maximization process will
also take into account learning outcomes and not just immediate test performance.

3.5 AKGRA Optimization

The optimization module utilizes a double deep Q-network to learn the optimum recommendation
policy. The action value function estimates the expected long-term return of choosing a learning resource
when the learner is in a state. The optimum recommendation action is decided by equation 7:

Ay = argmax Q (S, 4) (7

The target Q-value used during training is computed as equation 8

Ye =R + yQ(Se41, A7) )]

where R; denotes the immediate reward and Q(S;4;, A*) represents the estimated future reward.
Network parameters are updated by minimizing the temporal difference loss function equation 9

L(®) = (Y; — Q(Sp Ai; 8)) ©)

Repeated interaction with the learning environment leads to the convergence of the optimization
towards an adaptive policy that generates efficient individual learning sequences.

Algorithm 1: Adaptive Knowledge Graph Reinforcement Algorithm (AKGRA)
Input:
EdNet dataset D, learning rate a, discount factor y, embedding dimension d, episodes E

Output:
Optimized recommendation policy m*, trained Q-network Qg

Step 1: Knowledge Graph Construction

1. Extract entities E = {questions, lectures, concepts}from dataset D
2. Define relations R = {prerequisite, teaches, covers, similarity}
3. Construct knowledge graph G = (E,R)

Step 2: Knowledge Graph Embedding (TransE)

4. Initialize entity embeddings e;, e, € R?, relation embeddings r € R¢
5. Train TransE by minimizing:

le,+1—e;ll
Obtain final KG embedding Zg¢

Step 3: State Representation
7. For each learner at time t, construct state:

S¢ = [Mt: Et, ZKG]
Where:

e  M;: mastery vector

e  E,:engagement features
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o Zyi: semantic embedding

Step 4: Reinforcement Learning Initialization

8. Initialize DDQN with parameters 8,0~

9. Initialize replay memory D

Step 5: Training Process

10. Forepisodee =1 — E:

Initialize state S,
11. For each time step t:
a. Select action (resource recommendation):

a; = argmax Q(S;, a; 6)
b. Execute action a;, observe reward R;and next state S;,;

c. Reward computation:

R; = w;(correctness) + w,(mastery gain) + w;(engagement)
d. Store transition (Sy’ a;’ Ry’ S ;)in replay buffer

e. Sample mini-batch from buffer and update Q-network:

%= (R +vQo-(St+1,a) — Qo(Sp, ap))’
f. Periodically update target network:

0- <80
Step 6: Policy Output
12. Final optimal policy:

n* = argmax Q(S,a)
a

End Algorithm

Combination of knowledge graph embeddings and deep reinforcement learning technique (DDQN)
is used in AKGRA for creating personalized learning paths. AKGRA creates a knowledge graph using
EdNet data and then uses TransE method to learn semantic embeddings. This is done by combining
learner state information along with these embeddings. For example, learner’s state information can
include mastery and engagement level. In the next step, an RL-based approach is used where an RL
agent chooses the optimal resource based on a reward signal that includes correctness, knowledge gain,
and engagement level.

3.6 Computational Complexity

The time efficiency of AKGRA depends on the time complexities of graph construction, graph
embedding generation, and reinforcement learning optimization. Graph construction takes advantage of
traversing educational entities and relations, which requires the time complexity of the size of the graph
(number of nodes and edges). The graph embedding takes time, which is based on the dimensions of the
embedding and the connectivity of the graph, and reinforcement learning optimization takes time based
on the number of episodes and the number of candidate recommendation actions. Then, the whole-time
complexity is calculated in equation 10.
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O(VI+IEI+dIEI+T 1Al (10)

where | V | represents the number of graph entities, | E | denotes the number of graph relationships,
dcorresponds to the embedding dimension, T indicates the number of training episodes, and | 4 |
represents the action space size. This complexity remains manageable for large-scale educational
datasets and supports efficient deployment within mobile learning recommendation environments.

4 Experimental Design

This part describes the dataset, baselines, implementation details, and metrics that employed to measure
the proposed Adaptive Knowledge Graph Reinforcement Algorithm (AKGRA). Experiments were
performed on the EdNet Contents Dataset, focusing on the quality of recommendation and learning path
optimization and also the performance of the reinforcement learning algorithm.

4.1 Dataset Description

The experiments were conducted using the EdNet Contents Dataset, which includes question, lecture,
and concept information. The question file includes information such as question ID, concepts, and other
assessment metadata. The lecture file provides lecture resources, associated concepts, and instructional
content properties. Extracted nodes for the educational knowledge graph from concept tags and
generated the concept knowledge graph using such node information. The dataset was split into training,
validation, and testing sets randomly with a ratio of 70%, 15%, and 15%.

4.2 Baseline Methods

To demonstrate the effectiveness of AKGRA, compared it with some typical recommended approaches,
i.e., Collaborative Filtering (CF), Bayesian Personalized Ranking (BPR), Deep Knowledge Tracing
(DKT), Graph-Based Recommendation (GraphRec), Deep Q-Network (DQN), and Double Deep
Q-Network (DDQN), which cover the conventional recommended systems, the graph-based
recommended systems, and the reinforcement learning-based recommended systems.

4.3 Implementation Settings

The educational knowledge graph was built from question, lecture, and concept entities, which were
extracted from the EdNet dataset. The question, lecture, and concept entities and the relations among
them were then encoded by TransE to get graph embeddings, and the reinforcement learning agent was
defined as a Double Deep Q-Network. The embedding vectors from the knowledge graph were
combined with learner state information and used in deciding the adaptive recommendation. Trained the
model until the cumulative reward function converged.

4.4 Evaluation Metrics

The recommendation performance of AKGRA was assessed through Precision@K, Recall@K,
NDCG@K, and MAP. Performance of reinforcement learning was measured through cumulative
reward, convergence episodes, and policy stability. The quality of the graph representation was measured
through MRR, Hits@10, and Hits@20. All metrics assess recommendation accuracy, effectiveness of
optimisation, and semantic representation.

Precision@K evaluates the proportion of relevant items among the top-K recommendations and is
defined as equation 11:
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o | Rel N Recy |
Precision@K = B (11)
Recall@K measures the fraction of relevant items successfully retrieved as equation 12:
Recall K_IRelﬂRecKl 1
ecall@K = T Rell (12)

NDCG@K (Normalized Discounted Cumulative Gain) evaluates ranking quality by assigning higher
importance to correctly ranked top positions as equation 13:
K

1 2T€li _ I
NDCG@K = = —
@ Z z log,(i + 1) (13)
i=1

Mean Average Precision (MAP) is defined as equation 14:

N K
N | Rely |
q=1

4.5 Experimental Workflow

The experiment procedure starts with preprocessing the EdNet dataset and building an educational
knowledge graph. Embeddings for the knowledge graph are extracted and injected into learner state
representation. The RL agent interacts with the recommendation environment by picking a learning
resource and receives feedback (reward) from the performance and participation of the learner. The
policy is updated until it converges. The final model is tested against a baseline with the metrics defined.

5 Results and Discussion

The performance of the proposed Adaptive Knowledge Graph Reinforcement Algorithm (AKGRA) is
presented and evaluated by the EdNet dataset. This section studies the proposed algorithm based on
recommendation quality, reinforcement learning performance, knowledge graph efficiency, and
scalability & robustness. The framework is compared to several base recommendation algorithms.

Software and Implementation Details

The suggested framework of AKGRA was developed using Python 3.9 programming language along
with various deep learning libraries such as PyTorch (version 2.1) to build Double Deep Q-Network
(DDQN) and train the reinforcement learning agent. Knowledge graph embeddings were created using
OpenKE framework based on TransE model. All data preprocessing and feature engineering tasks were
accomplished using Pandas, NumPy, and Scikit-learn. Experiments were conducted using a powerful
machine equipped with NVIDIA RTX 3090 GPU (24GB VRAM) with Intel i9 CPU and 128 GB RAM
running on Ubuntu 20.04 OS. The learning process was conducted by mini-batch learning method with
experience replay and Adam optimizer was used for optimization. Results visualization was done using
Matplotlib and Seaborn.
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Parameter Initialization
To ensure stable convergence and efficient training, proper parameter initialization strategies were
applied in the AKGRA model:

e Neural Network Weights (DDQN): Initialized using He Initialization (Kaiming Initialization) for

ReLU activation lay €rS:
W ~ N0
(’ Tl)

o Bias Terms: Initialized to a small constant value:
b=0.01
Embedding Vectors (KG - TransE): Initialized using a uniform distribution:
e ~ U(—0.05,0.05)
e Learning Rate: Set to o = 0.001
e Discount Factor: Set to y =0.95
e Replay Buffer Size: 50,000 transitions
¢ Batch Size: 64
e Target Network Update Frequency: Every 1000 steps

These initialization strategies ensure stable gradient propagation, faster convergence, and improved
representation learning for both knowledge graph embeddings and reinforcement learning policy
optimization (Raj & Renumol, 2024).

Recommendation Performance Analysis

The recommendation performance of AKGRA was evaluated using Precision@K, Recall@K,
NDCG@K, and MAP. Table 1 presents the comparative results obtained by the proposed model and
baseline methods.

Table 1: Recommendation performance comparison of different methods

Method | Precision@10 | Recall@10 | NDCG@10 | MAP
CF 0.712 0.695 0.728 0.701
BPR 0.748 0.731 0.762 0.739
DKT 0.801 0.783 0.815 0.794
GraphRec 0.842 0.826 0.857 0.838
DQN 0.861 0.844 0.873 0.851
DDQN 0.879 0.861 0.891 0.872
AKGRA 0.928 0.911 0.937 0.921

As shown in the experimental results, AKGRA outperforms others with respect to recommendation
accuracy on all measurement criteria. In framework, knowledge graph embedding captures semantic
relationships between educational entities, and reinforcement learning effectively updates
recommendations in response to learners' progress; therefore, framework offers more personalized
learning paths than previous recommendation techniques. By comparison with graph-only and
reinforcement learning-only methods, attain significant enhancements in accuracy and quality of
ranking.
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Reinforcement Learning Performance Evaluation

To evaluate the performance of the RL module, the cumulative reward gathered and the training behavior
(convergence) were examined. The cumulative reward gathered over training episodes is presented in
figure 2.

Cumulative Reward Convergence of AKGRA During Training
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Cumulative Reward
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Figure 2: Cumulative reward convergence of AKGRA during training

The accumulated rewards continue to increase along with the training progress and steadily converge
after many episodes, implying stable policy learning. The agent learning through the reinforcement
learning mechanism is able to learn to select a resource sequence for maximum educational rewards in
the long term. The features of convergence suggest that knowledge graph embedding embeds rich
contextual information in learning that helps expedite policy optimization and stabilize learning
dynamics.

Knowledge Graph Embedding Performance

The performance of the semantic representations learned by the educational KG was assessed through
MRR, Hits@10, and Hits@?20. Results of embedding performance can be seen in table 2.

Table 2: Knowledge graph embedding evaluation results
Embedding Method | MRR | Hits@10 | Hits@20

Node2Vec 0.701 0.782 0.846
DeepWalk 0.724 0.803 0.861
GraphSAGE 0.781 0.852 0.903
TransE 0.837 0.911 0.952

AKGRA-KG (TransE) | 0.864 | 0.934 0.968

The results also show that the knowledge graph can represent the semantic relevance among
concepts, questions, and lecture resources well. And the embedding model could represent the
prerequisites, relations, and concept similarities well to provide the semantics of learning into the
recommendation model during the path-searching process. MRR and Hits scores could demonstrate the
effectiveness of graph representation for making individualized recommendations.
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Ablation Study

To investigate the contribution of each element, an ablation study was designed and four model
alternatives were tested: only RL, only KG, KG+RL, and AKGRA. Results are compared in table 3.

Table 3: Ablation study of AKGRA components

Model Variant | Precision@10 | Recall@10 | NDCG@10 | MAP
RL Only 0.842 0.825 0.856 0.834
KG Only 0.856 0.838 0.869 0.847
KG +RL 0.899 0.882 0.911 0.893
AKGRA 0.928 0.911 0.937 0.921

The results show that both the graph and RL modules significantly enhance the final performance.
Though only using a graph can describe semantic educational relationships, it can't achieve adaptive
sequential optimization. Although only using RL can perform dynamic recommendation, it fails to
leverage the dependency between concepts. AKGRA (using both graph and RL) reaches the best
performance, which means these two learning strategies can effectively compensate for each other.

Scalability Analysis

To test the scalability of AKGRA, the number of educational entities and learning interaction instances
was added. Figure 3 shows the calculation time of model training as it varies with the size of the data.

Scalability Analysis of AKGRA Under Increasing Dataset Sizes
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Figure 3: Scalability analysis of AKGRA under increasing dataset sizes

The computational complexity grows almost linearly with the size of the dataset, which shows a
positive scalability of the framework proposed. Though graph construction and embedding generation
will bring extra computation costs, it's tolerable due to the sparse nature of educational knowledge
graphs. From the results, AKGRA is capable of serving the massive-scale educational recommendation
environment.
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Sensitivity Analysis

The sensitivity of the framework was investigated by tuning some major hyperparameters such as the
dimension of embedding size, learning rate, and the weight coefficients of rewards. The effect of
parameters on recommending accuracy is illustrated by the graphs in figure 4.
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Figure 4: Hyperparameter sensitivity analysis of AKGRA

From the results, can see that when the parameters are set in a broad range, the recommending
performance tends to be similar and not sensitive. Embedding dimensions at a middle level provide a
reasonable trade-off between quality of representation and computation cost. The suitable reward
weighting allows the RL agent to strike a balance between learning skill and engaging the learner.

Robustness Analysis

The performance of the system in terms of robustness was also tested. By adding random noise to the
dataset and by withholding parts of interaction records, a dirty dataset was generated. Recommendation
results are shown in table 4 in different data corruption degrees.

Table 4: Robustness evaluation under data perturbation

Missing Interaction Records (%) | Precision@10 | Recall@10 | NDCG@10 | MAP
0 0.928 0.911 0.937 0.921
10 0.919 0.902 0.928 0.912
20 0.907 0.891 0.916 0.899
30 0.891 0.874 0.902 0.883
40 0.872 0.856 0.883 0.864

From the results, it can be seen that AKGRA can keep steady even if a lot of interaction records are
removed or destroyed. It has a robust structure from the knowledge graph to keep semantic relations
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among educational entities even when there is incomplete information. Therefore, it has high robustness
and reliability in the practice of real learning environments.

Table 5: Statistical significance analysis of AKGRA vs baselines

Comparison Pair Metric Improvement (%) | t-value | p-value | Significance
AKGRA vs CF Precision@10 +30.9% 8.42 | <0.001 | Significant
AKGRA vs BPR Recall@10 +24.6% 7.88 | <0.001 | Significant
AKGRA vs GraphRec | NDCG@10 +9.3% 5.67 <0.01 Significant
AKGRA vs DDQN MAP +5.6% 491 <0.01 Significant

Statistical significance was evaluated using a paired t-test over multiple experimental runs (n = 10).
The null hypothesis assumes no significant difference between AKGRA and baseline methods. The
results indicate that AKGRA achieves statistically significant improvements over all compared methods,
with p-values below the significance threshold (o = 0.05). This confirms the robustness and reliability
of the proposed approach (Table 5).

6 Discussion

Experimental results consistently prove the superiority of using knowledge graph representation with
reinforcement learning optimization to achieve personalized learning path recommendations. The
semantic knowledge of the educational knowledge graph makes understand better concept dependencies
and relationships between resources, while the reinforcement learning part adjusts recommendations
according to user behaviors in real time. The ablation study verifies that each part brings about
significant improvements. Analysis of scalability and robustness shows that AKGRA could be competent
in a large-scale mobile learning environment while keeping excellent and stable performance. It can be
seen that AKGRA is suitable to be used in adaptive educational recommendation systems, and it could
be put into practice in intelligent mobile learning platforms.

7 Conclusion

In this study, present an Adaptive Knowledge Graph Reinforcement Algorithm (AKGRA) for the
personalization of mobile learning paths. The framework integrates semantic knowledge graph
representation with a reinforcement learning-based sequential decision-making approach to optimize
learning paths. This framework was motivated by the inadequacies of traditional recommendation
systems that cannot effectively model the dependency of educational concepts and adapt
recommendations based on the learning progression. A semantic educational knowledge graph using the
EdNet dataset, representing relations among the questions, lectures, and learning concepts. TransE
embeddings are used to represent the implicit semantic relationships of the entities, and the Double Deep
Q-Network is applied to learn optimum recommendation policies by learning interactively with the
learning environment. This method, AKGRA, yields 0.928, 0.911, 0.937, and 0.921 for Precision@10,
Recall@10, NDCG@10, and MAP respectively, demonstrating superior performance compared to
state-of-the-art baseline methods. Furthermore, conduct an ablation study that demonstrates the
contributions of both graph embedding and reinforcement learning components. Statistical significance
testing confirms that the improvements achieved by AKGRA over baseline methods are statistically
significant, with p-values ranging from p <0.01 to p <0.001, indicating strong evidence against the null.
It also shows that the reinforcement learning agent possesses relatively stable convergence performance,
and scalability experiments verify its good efficiency under the increasing number of educational entities
and learner interactions. The results also indicate the robustness of AKGRA to partial corruption or
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removal of interaction records. Therefore, the proposed AKGRA is a feasible and scalable
recommendation approach for optimizing personalized mobile learning paths. Leave graph neural
network embeddings, federated reinforcement learning, explainable recommendations, and real-world
applications in ubiquitous learning systems to future works.
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