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Abstract—In response to the shortcomings of experiment in machine learning course characterized by experimental
incoherence and a monotonous teaching approach, we have introduced a case-based experimental course structured
around a universal framework. Coupled with a comprehensive assessment criterion, this instructional design aligns with
the theoretical machine learning course and encompasses four integrated experiment sessions. Students are motivated to
autonomously fine-tune parameters, enhance model performance, and produce exhaustive experimental reports. The
assessment outcomes demonstrate that this pedagogical strategy not only solidifies students' grasp of theoretical

principles but also significantly amplifies their enthusiasm for engaging with machine learning models.
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