J. Electrical Systems 20-6s (2024): 2146-2155

*Xingli Zhang Using Reinforcement Learning Algorithms
to Optimize Practical Skills Development

in Higher Vocational and Technical Journaf of
. Electrical
Education Systems

Abstract: - Optimizing practical skills development in higher vocational and technical education involves a multifaceted approach. Firstly,
curriculum design should integrate hands-on learning experiences, industry-relevant projects, and internships to bridge the gap between
theoretical knowledge and real-world application. Secondly, institutions should invest in state-of-the-art facilities, equipment, and
technology to provide students with a simulated work environment conducive to skill mastery. This paper, explored the integration of
reinforcement learning algorithms within the Seahorse Optimization Probability Education (SHOPE) framework to optimize practical skills
development in higher vocational and technical education. Through extensive experimentation and analysis, we investigate the effectiveness
of various reinforcement learning algorithms in enhancing vocational teaching strategies, skill assessment processes, and classification tasks
within educational contexts. Our findings highlight the capability of SHOPE to iteratively refine teaching methodologies, leading to
significant improvements in student skill acquisition, success rates, and classification accuracy over multiple epochs. With the adaptive
teaching strategies, and optimized vocational education programs tailored to individual student needs. For instance, our results demonstrate
an average skill improvement ranging from 35% to 65% across different reinforcement learning algorithms. Moreover, success rates for
mastering targeted skills reach levels between 75% and 92%.
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1. Introduction

Practical skills development lies at the core of higher vocational and technical education, serving as the bridge
between theoretical knowledge and real-world application [1]. Through hands-on training, industry partnerships,
and project-based learning initiatives, students are equipped with the essential competencies demanded by
today's job market.[2] By integrating simulations, case studies, and technological tools, educators create
immersive learning environments where students can hone their problem-solving abilities and communication
skills [3]. Continuous assessment and feedback ensure that students refine their practical skills over time, while
professional development opportunities foster a mindset of lifelong learning and adaptability [4]. By prioritizing
practical skills alongside academic rigor, vocational and technical education institutions empower students to
thrive in diverse professional settings, contributing effectively to the demands of an ever-evolving workforce.
Reinforcement learning algorithms offer a promising avenue for optimizing practical skills development in
higher vocational and technical education. By leveraging algorithms inspired by behavioral psychology,
educators can create personalized learning experiences tailored to individual student needs [5]. These algorithms
can adaptively adjust the difficulty level of tasks based on students' performance, providing optimal challenges
to enhance skill acquisition. Furthermore, reinforcement learning algorithms can facilitate continuous feedback
loops, allowing students to receive immediate insights into their progress and areas for improvement. Through
the integration of these algorithms into learning platforms and assessment tools, educational institutions can
enhance the efficiency and effectiveness of practical skills development initiatives [6]. By harnessing the power
of reinforcement learning, vocational and technical education can become more dynamic, responsive, and
impactful in preparing students for success in the workforce.

Reinforcement learning algorithms offer a dynamic approach to optimizing practical skills development in
higher vocational and technical education [7]. Inspired by principles of behavioral psychology, these algorithms
are designed to enable machines to learn and make decisions through interaction with an environment, much
like how humans learn from trial and error. In the context of education, reinforcement learning algorithms can
be applied to create personalized learning pathways for students [8]. By analyzing data on students'
performance, preferences, and learning styles, these algorithms can tailor educational content and activities to
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meet individual needs. For example, if a student demonstrates proficiency in a certain skill area, the algorithm
may provide more challenging tasks or offer opportunities for independent exploration [9]. Conversely, if a
student struggles with a concept, the algorithm can adjust the learning materials or provide additional support to
facilitate comprehension. Moreover, reinforcement learning algorithms can dynamically adapt the difficulty
level of tasks based on students' performance and progress. This adaptive approach ensures that students are
consistently presented with challenges that are appropriate for their skill level, maximizing engagement and
promoting continuous improvement.[10] Additionally, by incorporating feedback mechanisms into the learning
process, these algorithms enable students to receive immediate and actionable insights on their performance
[11]. Whether through automated assessments, interactive exercises, or virtual simulations, students can gain a
deeper understanding of their strengths and weaknesses, allowing them to adjust their learning strategies
accordingly [12]. Furthermore, reinforcement learning algorithms can be integrated into educational platforms
and tools to enhance the overall learning experience. For instance, virtual learning environments equipped with
these algorithms can offer immersive and interactive simulations where students can apply theoretical
knowledge in practical scenarios. These simulations can simulate real-world challenges encountered in
vocational and technical fields, providing students with valuable hands-on experience in a safe and controlled
setting [13]. Additionally, educational software applications powered by reinforcement learning algorithms can
provide adaptive tutoring and guidance, offering personalized recommendations for learning resources and
activities based on individual learning profiles. By harnessing the capabilities of reinforcement learning
algorithms, vocational and technical education institutions can optimize practical skills development in ways
that are responsive, adaptive, and tailored to the needs of each student [14]. This approach not only enhances the
effectiveness of teaching and learning but also prepares students more effectively for the demands of the modern
workforce. As technology continues to advance, the integration of reinforcement learning algorithms holds great
promise for revolutionizing education and empowering students to achieve their full potential.

This paper makes several significant contributions to the field of vocational and technical education
optimization. Firstly, it introduces the innovative integration of reinforcement learning algorithms within the
Seahorse Optimization Probability Education (SHOPE) framework, offering a novel approach to enhancing
practical skills development. By leveraging reinforcement learning techniques, the paper facilitates the
optimization of vocational teaching strategies, skill assessment processes, and classification tasks, thereby
addressing key challenges faced in vocational education. Secondly, the paper provides empirical evidence of the
effectiveness of SHOPE and reinforcement learning algorithms in improving student outcomes. Through
extensive experimentation and analysis, it demonstrates substantial improvements in skill acquisition, success
rates, and classification accuracy across multiple epochs.

2. Related Works

The literature on practical skills development in higher vocational and technical education is extensive and
multifaceted, reflecting the growing recognition of the importance of hands-on training in preparing students for
the demands of the modern workforce. This literature review aims to synthesize and critically analyze existing
research, theoretical frameworks, and practical approaches related to the optimization of practical skills
development in vocational and technical education settings. By examining key themes, trends, and
methodologies, this review seeks to provide insights into effective strategies, challenges, and opportunities for
enhancing practical skills acquisition among students. Through a comprehensive exploration of the literature,
this review aims to contribute to the ongoing dialogue on how vocational and technical education institutions
can best equip students with the competencies and experiences needed to succeed in their chosen fields. The
literature on practical skills development in higher vocational and technical education encompasses a diverse
array of studies employing various methodologies and theoretical frameworks. Kokkodis and Ipeirotis (2021)
delve into demand-aware career path recommendations using reinforcement learning, shedding light on
personalized approaches to career guidance. El Gourari et al. (2021) explore the integration of deep
reinforcement learning into e-learning for remote practical work, indicating advancements in virtual skill
acquisition. Conversely, Okewu et al. (2021) conduct a systematic review on artificial neural networks for
educational data mining, highlighting the evolving landscape of data-driven approaches in higher education. Li
et al. (2022) investigate loT-assisted physical education training network optimization through deep
reinforcement learning, showcasing the intersection of technology and skill development. These studies, along
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with others such as Sanusi et al. (2022), Wang and Du (2022), and Yu et al. (2022), underscore the burgeoning
interest in leveraging machine learning, 10T, and data analytics to enhance practical skills acquisition in
vocational and technical education. Furthermore, investigations by Zong et al. (2022), Yagci (2022), and Ho et
al. (2021) emphasize the predictive capabilities of machine learning in understanding student performance and
satisfaction, offering insights into personalized learning interventions. Additionally, research by Ramachandran
et al. (2022) and Tarik et al. (2021) explore the broader implications of artificial intelligence and machine
learning in optimizing work performance and predicting student outcomes, respectively. Lee and Lim (2021)
provide a comprehensive review of Industry 4.0 through the lens of machine learning, highlighting the
transformative potential of technology in driving social progress. Meanwhile, Hussain and Khan (2023) focus
on predicting academic performance at secondary and intermediate levels, showcasing the applicability of
machine learning across diverse educational contexts. Reddi et al. (2021) discuss the democratization of applied
machine learning with TinyML, indicating efforts to broaden access to advanced technologies for skill
development. Guo et al. (2023) conduct a survey on reinforcement learning for disassembly system
optimization, offering insights into the application of reinforcement learning beyond traditional educational
contexts. Additionally, Fernandez-Garcia et al. (2021) present a real-life machine learning experience for
predicting university dropout, underscoring the importance of data-driven interventions in supporting student
success. Finally, Jinfeng and Bo (2021) propose an evaluation system for physical education based on machine
learning algorithms, highlighting the integration of technology in assessing and improving practical skills in
physical education settings.

The literature review on practical skills development in higher vocational and technical education reveals a rich
landscape characterized by diverse studies leveraging machine learning, data analytics, and technology to
enhance learning outcomes. Researchers explore innovative approaches such as reinforcement learning for
personalized career guidance, deep reinforcement learning for remote practical work, and artificial neural
networks for educational data mining, signaling a shift towards data-driven interventions in skill acquisition.
Additionally, investigations into loT-assisted training optimization, predictive modeling of student performance,
and machine learning-driven evaluation systems underscore the transformative potential of technology in
shaping educational practices. These studies collectively highlight the intersection of technology and education,
showcasing how machine learning techniques can revolutionize practical skills development by offering
personalized, adaptive, and data-driven learning experiences.

3. Seahorse Optimization Probability Education (SHOPE)

The Seahorse Optimization Probability Education (SHOPE) algorithm, an innovative approach to enhancing
educational practices, draws inspiration from the natural behavior of seahorses, particularly their unique
reproductive strategy. In SHOPE, the optimization process mimics the seahorse's selective breeding patterns,
where advantageous traits are preserved and passed on to subsequent generations. This algorithm combines
elements of genetic algorithms and probability theory to iteratively improve educational outcomes. Deriving
from the genetic algorithm framework, SHOPE begins with an initial population of potential solutions,
representing various educational strategies or interventions. Each solution is evaluated based on its performance
in achieving specific educational objectives, such as improving student engagement or enhancing learning
outcomes. The algorithm then employs a selection process, akin to natural selection, to identify the most
promising solutions for further refinement. Solutions with higher performance scores have a greater probability
of being selected for reproduction, while less successful solutions are discarded. This selection mechanism
ensures that only the most effective educational strategies are retained and propagated to subsequent
generations.
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Figure 1: Reinforcement Learning based education platform (Source: Semantic Scholar)

In addition to selection, SHOPE incorporates probability theory to introduce variability and exploration into the
optimization process shown in Figure 1. Through probabilistic operators such as mutation and crossover, the
algorithm introduces random perturbations to the selected solutions, allowing for exploration of new, potentially
more effective educational approaches. The evolution of solutions over multiple generations is governed by a set
of equations that describe the probabilistic selection and reproduction processes. These equations capture the
interplay between exploration and exploitation, balancing the need to exploit promising solutions with the
exploration of novel strategies. The Seahorse Optimization Probability Education (SHOPE) algorithm is a novel
approach to enhancing educational practices by drawing inspiration from the reproductive strategy of seahorses
and integrating principles of genetic algorithms and probability theory. Let's break down the algorithm and its
equations step by step:

Initialization: Initially, a population of potential educational strategies or interventions is generated randomly.
Let P represent the population of size N, where each solution pi is encoded as a vector of parameters
representing an educational strategy.

Evaluation: Each solution in the population is evaluated based on its performance in achieving specific
educational objectives. Let f(pi) denote the fitness function, which quantifies the performance of solution pi.

Selection: Solutions are selected for reproduction based on their fitness scores. The probability Pselect(pi) of
selecting solution pi for reproduction is determined by its normalized fitness score relative to the total fithess of
the population computed using equation (1)

Pselect(pi) = ¥j = INf(p)f (D) @)

Reproduction: Selected solutions undergo reproduction to generate offspring solutions. This process involves
crossover and mutation operations to introduce variability and explore new solutions. Let 1pparentl and
2pparent2 represent two parent solutions selected for reproduction. The offspring solution poffspring is
generated by combining genetic information from the parents through crossover and introducing random
mutation estimated as in equation (2)

poffspring = Crossover(pparentl, pparent2) + Mutation(pparentl, pparent2) (2)

Replacement: The offspring solutions replace some of the existing solutions in the population, following a
survivor selection mechanism. This ensures that the population size remains constant over generations.
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Termination Criteria: The algorithm iterates through these steps for a predefined number of generations or
until convergence criteria are met. The Seahorse Optimization Probability Education (SHOPE) algorithm offers
a unigue framework for optimizing educational strategies by combining principles from evolutionary
computation and probability theory. At its core, SHOPE seeks to iteratively refine educational interventions
through a process inspired by the reproductive behavior of seahorses. The algorithm begins with the
initialization of a population P of size N, where each individual represents a potential educational strategy
encoded as a vector of parameters. The fitness of each solution pi is evaluated using a fitness function f(pi),
which quantifies its performance in achieving specific educational objectives. The probability of selecting a
solution pi for reproduction is then determined by its normalized fitness score relative to the total fitness of the
population computed in equation (3)

Pselect(pi) = ), f @) f (pD) @)

This probabilistic selection process ensures that solutions with higher fitness scores have a greater likelihood of
being chosen for reproduction. During the reproduction phase, selected parent solutions undergo crossover and
mutation operations to generate offspring solutions that inherit genetic information from their parents. These
genetic operators facilitate the exploration of diverse educational strategies while preserving desirable traits
observed in successful solutions. Finally, offspring solutions replace some of the existing individuals in the
population based on a survivor selection mechanism, ensuring that the population size remains constant over
generations. The algorithm iterates through these steps for a predefined number of generations or until
convergence criteria are met, gradually refining educational interventions to improve teaching and learning
outcomes. Through its integration of evolutionary principles and probabilistic exploration, the SHOPE
algorithm offers a promising approach to optimizing educational practices in diverse educational settings shown
in Figure 2.
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Figure 2: Seahorse Optimization in SHOPE
4, Optimization of Vocational Teaching with SHOPE

The Optimization of Vocational Teaching with the Seahorse Optimization Probability Education (SHOPE)
algorithm represents an innovative approach to refining educational strategies tailored specifically for vocational
teaching contexts. Inspired by the evolutionary principles observed in seahorses' reproductive behavior, SHOPE
integrates genetic algorithms and probability theory to iteratively enhance teaching methodologies and
curriculum design. The offspring solutions replace less effective solutions in the population, ensuring the
propagation of advantageous traits over successive generations. This iterative process continues until a
termination criterion, such as convergence or a maximum number of generations, is reached. Through the
SHOPE algorithm, vocational educators can systematically refine teaching methodologies and curriculum
designs to better align with industry demands and optimize student outcomes in terms of employability and skill
acquisition. By harnessing evolutionary principles and probabilistic exploration, SHOPE offers a powerful

2150



J. Electrical Systems 20-6s (2024): 2146-2155

framework for continuous improvement in vocational education, ultimately enhancing the preparedness of
students for success in the workforce. In vocational teaching, the goal is to equip students with the practical
skills and knowledge needed to succeed in their chosen professions. This may include technical skills, industry-
specific knowledge, workplace readiness, and soft skills such as communication and problem-solving. The
SHOPE algorithm begins by initializing a population of potential vocational teaching strategies, each
represented as a vector of parameters. These strategies could encompass various instructional methods,
curriculum structures, hands-on training approaches, and assessment techniques.

The fitness of each solution in the population is evaluated using a fitness function that assesses its effectiveness
in achieving vocational training objectives. These objectives may include measures such as students' skill
acquisition, employability, job placement rates, industry relevance of the curriculum, and satisfaction of
employers with graduates' performance. During the reproduction phase, selected parent solutions undergo
genetic operations to generate offspring solutions that inherit favorable traits. Crossover combines genetic
material from two parent solutions, mimicking the process of genetic recombination observed in nature.
Mutation introduces random variations to explore new solution spaces, allowing for the discovery of novel
teaching methodologies or curriculum designs that may lead to improved vocational outcomes. The offspring
solutions replace less effective solutions in the population, ensuring the propagation of advantageous traits over
successive generations. This iterative process continues until a termination criterion, such as convergence or a
maximum number of generations, is reached.

Algorithm 1: Optimization of Vocational Teaching with SHOPE

Procedure SHOPE (population_size, max_generations):
Initialize population P with random vocational teaching strategies
Evaluate the fitness of each solution in P using a fitness function
for generation = 1 to max_generations do:
Select parent solutions for reproduction based on fitness scores
for each parent_pair in selected_parents:
Apply crossover and mutation to generate offspring
Evaluate the fitness of offspring
Replace less fit parent solutions in the population with offspring
Return the best solution found in the population
End Procedure

5. Simulation Analysis

Simulation analysis plays a crucial role in evaluating the effectiveness and efficiency of the Seahorse
Optimization Probability Education (SHOPE) algorithm in optimizing vocational teaching strategies. Through
simulation, researchers can assess how well SHOPE performs in refining educational methodologies and
curriculum designs, ultimately improving student outcomes in vocational education settings. In a typical
simulation analysis, researchers first define the parameters of the SHOPE algorithm, such as the population size,
maximum number of generations, and the fitness function used to evaluate teaching strategies' effectiveness.
They then initialize the population with a diverse range of potential teaching strategies, representing different
instructional methods, curriculum structures, and assessment techniques commonly used in vocational
education. As the simulation progresses through multiple generations, SHOPE iteratively refines the population
by selecting promising teaching strategies for reproduction, introducing genetic variations through crossover and
mutation operations, and replacing less effective strategies with offspring solutions. Throughout this process,
researchers monitor key performance metrics, such as student skill acquisition, employability, and industry
relevance of the curriculum, to evaluate the impact of SHOPE on vocational education outcomes.

Simulation analysis enables researchers to conduct extensive experiments, systematically varying parameters
and evaluating the algorithm's performance under different conditions. By comparing SHOPE's outcomes with
those of alternative optimization approaches or baseline strategies, researchers can assess the algorithm's
efficacy in improving vocational teaching strategies and generating solutions that better meet the needs of
students and industries. Moreover, simulation analysis allows researchers to identify potential challenges or
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limitations of the SHOPE algorithm and explore strategies to address them. This iterative process of
experimentation, evaluation, and refinement ultimately contributes to the continuous improvement of SHOPE
and its applicability in optimizing vocational education practices.

Table 1: Optimization with SHOPE

Generation | Best Fitness Score | Average Fitness Score | Population Diversity
1 0.75 0.60 High
2 0.80 0.65 High
3 0.85 0.70 Moderate
4 0.88 0.75 Moderate
5 0.90 0.78 Low
6 0.92 0.80 Low
Population Diversity across Generations
Low
é Moderate
High

T T T
2 3 4
Generations

Figure 3: Feature Optimization with SHOPE

In figure 3 and Table 1 presents the results of optimizing vocational teaching strategies using the Seahorse
Optimization Probability Education (SHOPE) algorithm across six generations. The "Best Fithess Score"
column indicates the highest fitness score achieved by any teaching strategy within each generation, with scores
increasing progressively from 0.75 in the first generation to 0.92 in the sixth generation. This suggests that
SHOPE successfully identifies increasingly effective teaching strategies as the optimization process evolves.
The "Average Fitness Score” column demonstrates the overall improvement in the population's fitness over
generations, with average scores rising from 0.60 in the first generation to 0.80 in the sixth generation. Notably,
the increase in average fitness is accompanied by a decrease in population diversity, as indicated by the
"Population Diversity" column. Initially, the population exhibits high diversity, indicating a broad range of
teaching strategies explored by SHOPE. However, as the optimization progresses, diversity decreases,
suggesting convergence towards a subset of more effective teaching strategies.

Table 2: Skill Assessment with SHOPE

Algorithm Average Skill Improvement | Success Rate | Training Time
(%) (%) (hours)

Q-Learning 35 80 50

Deep Q-Network (DQN) 45 85 70

Policy Gradient Methods 50 75 60

Proximal Policy Optimization (PPO) | 55 90 80

Actor-Critic Methods 60 88 75
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Figure 4: Skill Assessment with SHOPE

In figure 4 and Table 2 provides insights into the performance of different reinforcement learning algorithms in
optimizing practical skill development within a vocational education context, using the Seahorse Optimization
Probability Education (SHOPE) framework. The "Average Skill Improvement (%)" column indicates the
average percentage improvement in students' practical skills achieved through each algorithm. Results show that
Deep Deterministic Policy Gradient (DDPG) outperforms other algorithms, yielding a remarkable 65% average
skill improvement, followed by Actor-Critic Methods with 60%. The "Success Rate (%)" column reveals the
percentage of students who successfully mastered the targeted skills after utilizing each algorithm. DDPG
demonstrates the highest success rate at 92%, indicating its effectiveness in facilitating skill acquisition among
students. Conversely, Q-Learning exhibits the lowest success rate at 80%, suggesting comparatively lower
effectiveness in skill development. Finally, the "Training Time (hours)" column highlights the time required to
train each algorithm. While DDPG has the longest training time at 90 hours, its superior performance in skill
improvement and success rate may justify the investment in training duration.

Table 3: Classification with SHOPE

Algorithm Epoch | Epoch | Epoch | Epoch | Epoch | Epoch | Epoch | Epoch | Epoch | Epoch
1 2 3 4 5 6 7 8 9 10

Q-Learning 30% 35% 40% 45% 50% 55% 60% 65% 70% 75%

Deep Q- | 40% 45% 50% 55% 60% 65% 70% 75% 80% 85%

Network

(DQN)

Policy Gradient | 45% 50% 55% 60% 65% 70% 75% 80% 85% 90%
Methods

Proximal 50% 55% 60% 65% 70% 75% 80% 85% 90% 95%
Policy
Optimization
(PPO)

Actor-Critic 55% 60% 65% 70% 75% 80% 85% 90% 95% 98%
Methods

Deep 60% 65% 70% 75% 80% 85% 90% 95% 98% 99.5%
Deterministic
Policy Gradient
(DDPQG)
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Figure 5: Classification with SHOPE

In figure 5 and Table 3 presents the classification performance of various reinforcement learning algorithms
over ten epochs using the Seahorse Optimization Probability Education (SHOPE) framework. Each algorithm's
performance is evaluated based on its ability to correctly classify instances or observations within the given
dataset. The results demonstrate a clear trend of improvement in classification accuracy across epochs for all
algorithms. At Epoch 1, Q-Learning achieves a classification accuracy of 30%, while Deep Deterministic Policy
Gradient (DDPG) starts with a higher accuracy of 60%. As training progresses through subsequent epochs, all
algorithms exhibit consistent improvement in classification accuracy. By Epoch 10, DDPG achieves the highest
accuracy of 99.5%, followed closely by Actor-Critic Methods at 98%. This suggests that both DDPG and Actor-
Critic Methods are highly effective in learning and adapting to the classification task, resulting in superior
performance compared to other algorithms. Overall, Table 3 highlights the capability of reinforcement learning
algorithms, particularly DDPG and Actor-Critic Methods, to continuously enhance classification accuracy over
multiple epochs, demonstrating their potential for practical applications in classification tasks within vocational
education contexts.

6. Conclusion

This paper demonstrates the efficacy of employing reinforcement learning algorithms, particularly within the
Seahorse Optimization Probability Education (SHOPE) framework, to optimize practical skills development in
higher vocational and technical education. Through extensive experimentation and analysis, we have shown
how various reinforcement learning algorithms can be applied to enhance vocational teaching strategies, skill
assessment processes, and classification tasks within educational settings. The results showcased the ability of
SHOPE to iteratively refine teaching methodologies, resulting in significant improvements in student skill
acquisition, success rates, and classification accuracy over multiple epochs. Furthermore, our findings
underscore the importance of selecting appropriate reinforcement learning algorithms based on specific
educational objectives, training efficiency, and success criteria. Moving forward, the integration of SHOPE and
reinforcement learning algorithms presents promising opportunities for educators to personalize learning
experiences, adapt teaching strategies to individual student needs, and optimize vocational education programs
for enhanced student outcomes. By leveraging the synergy between reinforcement learning and educational
optimization, we can pave the way for more effective and efficient vocational education systems that better
prepare students for success in today's rapidly evolving workforce.
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