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Abstract  Existing simple statistics-based recommendation systems rely solely on students' course
enrollment history data, making it difficult to identify classes that match students' preferences. To
address this issue, this study proposes a personalized major subject recommendation system based on
deep reinforcement learning (DRL). This system gauges the similarity between students based on
structured data, such as the student's department, grade level, and course history. Based on this
information, it recommends the most suitable major subjects by comprehensively considering
information about each available major subject and evaluations of the student's courses. We confirmed
that this DRL-based recommendation system provides useful insights for university students while
selecting their major subjects, and our simulation results indicate that it outperforms conventional
statistics-based recommendation systems by approximately 20%. In light of these results, we propose a
new system that offers personalized subject recommendations by incorporating students' course
evaluations. This system is expected to assist students significantly in finding major subjects that align
with their preferences and academic goals.

Key Words : Deep Reinforcement Learning, Deep Q-Network, Dueling Deep Q-Network, Markov Decision
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Table 1. Data attributes and descriptions.
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Table 2. One-hot encoding format for major subjects.
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Fig. 1. Structure of Reinforcement Learning.
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Initialize replay memory D
Initialize action-value function Q with random weights
Initialize target action-value function @ with weights 6 = 6
for episode = 1, M do
Initialize state s
fort=1,T do
Choose action a from state s using policy derived from Q
Take action a, observe reward r and next state s’
Store transition (5, a, r, s') in memory D
Sample random mini-batch of transitions (s;, a;, 7, s')) from D
Set y; =1 for terminal s/
¥j =1+ * maxQ(s;, @;0) for non-terminal 5
Perform a gradient step on (- Q(s;, a;;6)? with respect to 6
Every C steps, reset § = Q
s=s'
end for

end for
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Fig. 2. Dueling DQN-based major subject
recommendation code.
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Fig. 3. Convergence Analysis of Dueling DQN
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Table 4. Comparison of major subject recommendation

system.
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