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Abstract

Aiming at the contradiction between the growing postgraduate study needs of undergraduate stu-
dents majoring in logistics and their weak research capabilities, this paper conducts a teaching
practice study on “Al-assisted reinforcement learning model development” based on the under-
graduate innovative practice course. The purpose is to address the research bottlenecks caused by
students’ insufficient programming skills and limited effective research time. The study selects
state-of-the-art Al-assisted programming tools, takes the development of a reinforcement learning
environment for emergency material allocation as the core task, and constructs a multi-dimen-
sional evaluation system to verify the effectiveness of the tools. The results show that the adaptation
rate of the tools in standardized development reaches 100%, among which Doubao has the best
adaptation to scenario-based requirements. At the same time, the division of labor boundary be-
tween students and Al is clarified: students focus on requirement decomposition, literature extrac-
tion, and formula conversion, while Al is responsible for code generation and framework invocation.
The practice also reveals problems such as students’ low efficiency in extracting information from
English literature and insufficient rigor in converting mathematical formulas into code. Accordingly,
improvement directions are proposed, including strengthening professional English training and
designing a mathematics-to-code transformation module. This study can provide a reference for
cultivating the research capacity of non-computer science undergraduates and sup-port the culti-
vation of innovative talents in the field of intelligent logistics.
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Table 1. Description of the reinforcement learning environment
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Figure 1. Training process of the reinforcement learning environment
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