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Construction and Automated Evaluation of Large Language Model for

Interactive Teaching Content Generation

Zhang Ruo-Hua> Liu Tao"? Lu Ye' Song Si-Yu"? Liu Wen-Tao">?
Song Yu' Zhou Ai-Min"*?* Hao Hao'

Abstract Existing educational large language models (LLMs) primarily rely on text-based dialogue for knowledge
explanation, lacking intuitive and dynamic interactive presentation capabilities. Consequently, they face certain lim-
itations in visualizing complex concepts and supporting process-oriented understanding. To address this gap, we
propose a method for constructing educational LLMs for rich-media interactive generation, along with a supporting
evaluation framework. First, guided by multi-disciplinary curricula and fine-grained knowledge points, we construct
an instruction dataset containing high-quality interactive hypertext markup language (HTML) animations and

teaching code, alleviating the scarcity of high-quality data. Second, we develop a two-stage training strategy Su-
pervised fine-tuning followed by reinforcement learning (RL). Specifically, we design a hybrid reward model that in-
tegrates code executability and pedagogical relevance, and apply RL to further align the educational value of model-
generated content with code robustness, resulting in a domain-specific LLM capable of producing interactive HTML
teaching materials. Finally, to address the current absence of an automated evaluation system for interactive teach-
ing content, we establish a multi-dimensional metric suite covering code correctness, rendering success rate, and
teaching interactivity, and implement an automated evaluation pipeline. Experimental results show that the pro-
posed model outperforms mainstream open-source and closed-source base models in both the accuracy and inter-
activity of generated interactive teaching content. The related models, datasets, and evaluation tools will be pub-
licly released to support the further development of educational artificial intelligence research and applications.
Keywords educational large language models; interactive teaching content generation; hypertext markup language
animations; reinforcement learning; automated evaluation
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