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Abstract

As new directions of development, Industry 5.0 and Education 5.0 emphasize human-machine
collaboration, personalized services, and the application of intelligent technologies. This paper
aims to explore how intelligent technology can transform vocational education to enhance the
effectiveness of vocational training and meet the demands of the modern economy. By
analyzing the research gaps in personalized learning paths, emotion-driven learning, cross-
disciplinary integration, and long-term learning behavior analysis, the paper proposes four
improved algorithms: the adaptive learning path generation algorithm, the emotion-driven
personalized learning algorithm, the cross-disciplinary knowledge graph algorithm, and the
long-term learning behavior prediction algorithm. The research demonstrates that these
innovative approaches effectively address the limitations of current personalized learning
systems, providing theoretical and practical support for the intelligent transformation of
vocational education.
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Introduction

Industry 5.0 marks a new phase in the collaboration between intelligent technology and
humans, not only focusing on automation and intelligence but also emphasizing technology's
role in serving human needs for personalization (Aheleroff et al., 2022). Correspondingly,
Education 5.0 introduces the concept of personalized education based on artificial intelligence
and big data, especially in the field of vocational education, where the application of intelligent
technologies is set to transform traditional teaching models, making learning more efficient
and customized (Song, 2022).However, the current personalized learning systems in vocational
education still face several shortcomings, including insufficient dynamic adjustment of
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learning paths, limited integration of emotion recognition with the learning process, inadequate
support for cross-disciplinary learning, and a lack of tracking and prediction of long-term
learning behaviors (Leong, 2019; Ng, 2014). By proposing innovative algorithms and
technological solutions, this paper seeks to address these gaps and promote the intelligent
development of vocational education in the context of Industry 5.0 and Education 5.0 (Babu,
2024).

Existing Research Gaps: Personalized learning systems typically generate initial learning
paths at the beginning of the learning process, lacking the ability to dynamically adjust
according to the evolving needs of learners. Additionally, intelligent systems in vocational
education mainly focus on learning outcomes and behavioral data, overlooking the influence
of emotional states on learning effectiveness. Furthermore, these systems are often confined to
single disciplines, lacking support for cross-disciplinary knowledge integration. Existing
systems also tend to prioritize short-term learning outcomes, without adequately considering
the evolution of long-term learning behaviors and their impact on vocational skill development.

Methodology

To address the issues of dynamic adaptation, emotional support, cross-disciplinary learning,
and long-term planning in personalized vocational education, this paper designs four improved
algorithms. Each algorithm was evaluated through experiments, combining data collection and
analysis to verify its effectiveness in vocational education(Leong, 2024a).
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Figure 1. Workflow of Intelligent Technology Methodology for Personalized Learning in Vocational Education

Research Subjects and Experimental Design

This study selected 100 students from a vocational college, covering various vocational fields
(e.g., mechanical engineering, information technology, and nursing). These students were
randomly divided into an experimental group and a control group. The experimental group
used an intelligent personalized learning system, while the control group used a traditional
online learning platform. The experiment lasted six months, with tests conducted every two
weeks and regular questionnaires to assess students’ learning engagement and satisfaction.
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Data Collection

Data were collected through a Learning Management System (LMS), covering students’
academic performance, task completion, emotional states, cross-disciplinary learning
performance, and long-term learning behaviors. Additionally, emotional data were collected
using an emotion recognition. Survey questionnaires were used to gather data on learning
satisfaction and engagement to more comprehensively evaluate the system’s effectiveness
(Carayannis & Morawska, 2023).

Adaptive Learning Path Generation Algorithm

The proposed adaptive learning path generation algorithm is based on reinforcement learning
and can dynamically adjust the learning path according to the student’s performance (Leong,
2022).The adaptive learning path generation algorithm is based on the Q-learning algorithm,
and its core formula is as follows:

Q(s,a) =Q(s,a) + a(r + ymax,Q(s',a") — Q(s,a)) (1)

Q (s, a)represents the value of taking action a in state s;a is the learning rate, which
determines how quickly the system learns;r is the reward value after the student completes a
learning task;y is the discount factor, which controls the influence of future rewards.

The algorithm is implemented using Python’s TensorFlow library. The system
dynamically updates the learning path in real time based on the student’s performance. The
reward mechanism is adjusted according to the accuracy and speed with which students
complete tasks, ensuring that the learning path aligns with their skill level and progress (Leong,
2024).

Emotion-Driven Personalized Learning Algorithm

The emotion-driven personalized learning algorithm we designed incorporates emotion
recognition to dynamically adjust the learning content, thereby enhancing engagement and
learning outcomes (Zhang & Leong, 2024).

The emotion-driven algorithm uses a Convolutional Neural Network (CNN) for
emotion classification, and the loss function is the cross-entropy loss function:

L=~ y;log (p) )

Where y; represents the true emotion label, and p; is the predicted probability by the
model.

Emotion recognition is carried out using OpenCV for facial expression analysis and
PyTorch to implement the convolutional neural network model. The system adjusts the learning
tasks based on the student's emotional state (positive, neutral, or negative) to ensure that the
difficulty of the learning content matches their emotional state.

Cross-Disciplinary Knowledge Graph Algorithm

The cross-disciplinary knowledge graph algorithm aims to integrate knowledge across
multiple disciplines and provide students with a comprehensive learning experience(Leong,
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2024a).
This algorithm is based on the TransE model, which embeds entities and relationships in a
low-dimensional space. The core formula is:

h+r=t (3)

Where h represents the head entity (a knowledge point in one discipline), r is the relation,
and t represents the tail entity (a knowledge point in another discipline). The algorithm helps
students establish connections between different disciplines, enabling them to build a more
integrated knowledge system.

The knowledge graph is stored in a Neo4j database, and the TransE model is implemented
using Python’s Scikit-learn library. The system dynamically recommends cross-disciplinary
learning paths based on the student’s learning goals and interests, adjusting the content to
ensure that the student builds a well-rounded understanding across disciplines (Leong &
Kumar, 2023).

Long-Term Learning Behavior Prediction Algorithm

Traditional intelligent learning systems often focus on short-term learning objectives,
neglecting the importance of long-term learning behaviors and their role in vocational skill
development (Leong, 2024b). The long-term learning behavior prediction algorithm analyzes
students' learning behavior data to predict future learning trends and provide personalized
long-term learning plans.The core formula for the Long Short-Term Memory (LSTM) model
used in this algorithm is:

hs = o, - tanh (C;) (4)

Where h; is the current hidden state, o, is the output gate, and C; is the cell state. This
model uses students' historical learning data to predict long-term learning behaviors and trends.
The algorithm is implemented using TensorFlow, and it processes historical data such as
learning time, task completion rates, and error rates to predict future learning behavior. The
system provides personalized long-term learning plans based on these predictions, helping
students plan their studies over an extended period.

Table 1. Comparison of Algorithms for Personalized Learning in Vocational Education

Algorithm Objective Core Method Input Output Evaluation

Name Metrics

Adaptive Dynamically  adjusts the Q-learning Student Real-time Learning

Learning Path learning path based on student  (Reinforcement  performance updated efficiency,

Generation performance for real-time Learning) data (task  personalized  academic

Algorithm optimization completion, learning performance
accuracy) path

Emotion- Adjusts learning tasks based CNN Emotional data  Emotion- Engagement,

Driven on the student’s emotional (Convolutional (facial matched satisfaction

Personalized state to enhance engagement Neural expressions, personalized

Learning and learning outcomes Network) voice analysis)  learning

Algorithm tasks
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Cross- Provides  cross-disciplinary ~ TransE model Knowledge Optimized Cross-
Disciplinary learning recommendations to  (Knowledge points  from  cross- disciplinary
Knowledge enhance the student’s abilityto ~ Graph different disciplinary ~ learning ability,
Graph integrate  knowledge across Embedding) disciplines learning learning path
Algorithm fields path optimization
Long-Term Predicts  future  learning LSTM  (Long Historical Personalized  Long-term
Learning behaviors to help students Short-Term learning data  long-term learning
Behavior develop personalized long- Memory) (time  spent, learning persistence,
Prediction term learning plans task plan planning
Algorithm completion, accuracy

error rates)

Results and Discussion
Improvement in Learning Efficiency and Academic Performance

The adaptive learning path generation algorithm, using the Q-learning method, dynamically
adjusts the learning path based on students' performance. Experimental results show that the
experimental group improved learning efficiency by 23% and academic performance by 15%,
while the control group improved by only 5% and 3%, respectively (see Figure 2). This
difference indicates that the dynamic adjustment capability significantly enhances students'
learning outcomes, particularly in vocational education where rapid skill acquisition is
essential. Compared to fixed learning paths in existing literature, this algorithm demonstrates
a clear advantage (Leong et al., 2024c). Statistical analysis indicates that these improvements
are significant (p < 0.05), validating the effectiveness of the algorithm.

Improvement in Learning Engagement and Satisfaction

The emotion-driven learning algorithm, combined with emotion recognition technology,
dynamically adjusts learning tasks using CNN to match the content with students' emotional
states. Learning engagement increased by 20%, and satisfaction increased by 18% in the
experimental group, compared to only 5% and 4% in the control group (see Figure 3). These
results highlight the crucial role of emotions in the learning process. Especially in high-pressure
vocational training environments, adjusting the difficulty of tasks based on emotional states
effectively reduces the learning burden when students are emotionally low, maintaining higher
levels of engagement and motivation (Leong et al., 2024d). The experimental data further
confirm the effectiveness of emotion-driven learning systems, consistent with existing
research, where emotional support plays a critical role in enhancing learning outcomes.
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Figure 2. Learning Efficiency And Grades Figure 3. Learning Participation And Satisfaction

Improvement in Cross-Disciplinary Learning Ability and Path Optimization

The cross-disciplinary knowledge graph algorithm, based on the TransE model, provides
interdisciplinary knowledge integration, significantly improving students' cross-disciplinary
learning ability. The experimental group showed a 12% improvement in learning path
optimization and a 15% improvement in cross-disciplinary learning ability, compared to 3%
and 4% improvements in the control group (see Figure 4). In the context of Industry 5.0, the
integration of cross-disciplinary knowledge is crucial for meeting modern vocational demands.
This algorithm effectively integrates knowledge from different fields, helping students address
the challenges of multidisciplinary work environments (Li et al., 2021). Statistical results
indicate a significant difference in cross-disciplinary learning ability improvement between the
experimental and control groups (p < 0.05).

Improvement in Long-Term Learning Persistence and Planning Accuracy

The long-term learning behavior prediction algorithm uses the LSTM model to predict students'
long-term learning behaviors and generate personalized learning plans. The experimental group
showed a 12% improvement in learning persistence, with planning accuracy reaching 85%,
while the control group only improved by 4% and 50%, respectively (see Figure 5). This result
indicates that the algorithm can effectively predict future learning paths based on students'
historical learning data, helping them develop more targeted long-term learning plans. This is
especially important in vocational education, where students need not only to master current
skills but also to continuously improve themselves throughout their careers (Maddikunta et al.,
2022). The introduction of long-term learning planning tools makes vocational education more
future-oriented, contributing to the development of sustainable professional talent (Nakabandi,
2019).
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Conclusion

This study experimentally validates the effectiveness of four intelligent algorithms in
vocational education, particularly through comparisons between the experimental and control
groups, revealing the significant advantages of intelligent technology in enhancing
personalized learning outcomes (Rane et al., 2023). Comparative analysis with existing
literature further demonstrates the effectiveness and adaptability of the adaptive learning path,
emotion-driven learning, cross-disciplinary knowledge graph, and long-term learning behavior
prediction algorithms across various dimensions. Future research should explore the
application of these algorithms in different educational contexts and further optimize their
performance through large-scale data validation (Dong et al., 2024).
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