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Abstract
In the context of the rapid development of large model technology, traditional machine learning
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experimental education faces challenges, such as outdated content, disconnection from cutting-edge
technologies, and a singular evaluation system. This study proposes a progressive experimental
teaching plan characterized by “knowledge integration - capability progression - multidimensional
evaluation”. It constructs a progressive knowledge system based on Bloom'’s cognitive model, designs
an experimental case library that combines cognitive orientation and domain-driven approaches, in-
novates a three-stage closed-loop experimental teaching model, and establishes a multidimensional
ladder-like assessment mechanism. This plan adjusts the cognitive levels to align with the require-
ments of new technologies, helping students enhance their abilities across the entire process from
understanding algorithms to system innovation. It effectively improves students’ ability to solve
complex engineering problems and the quality of teaching, providing an effective method for culti-
vating high-quality talent that can adapt to the changing demands of the artificial intelligence era.
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Figure 1. Artificial intelligence professional knowledge system
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Figure 2. Progressive experimental teaching reform path for machine learning courses
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Figure 3. Progressive experimental teaching design for machine learning courses in the context of artificial intelligence
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Table 1. Bloom’s taxonomy-based classification of the machine learning knowledge system
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Table 2. Cognition-oriented case design framework (Using classification models as an example)
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Table 4. Multidimensional progressive evaluation system
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