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Enhancing Large Model for Test Case Generation

YAN Dongrong, ZHAO Xinggian, GU Jun
(China Mobile (Suzhou) Software Technology Co. , Ltd. , Suzhou 215011, China)

Abstract: Aiming at the problems of low feasibility, correctness, alignment with requirements, and coverage of test cases generated by basic
large models, an improvement method based on retrieval enhanced generation, prompt language engineering, and large model fine—tuning is
proposed. Firstly, combining retrieval enhanced generation with large model language to supplement the generated results of the large model
with external data; Secondly, establish an optimization system for prompt words, utilizing dynamic prompt adjustment and prompt language
templating to make the output results more accurate; Finally, further fine tune the pre trained language model, but only adjust a small number
of embedded words, rather than updating the model parameters on a large scale to reduce resource investment. The experiment shows that the
proposed method improves feasibility, correctness, requirement alignment, and requirement coverage by 27.92%, 33.83%, 45.3%, and
42%, respectively, compared to the basic large model.
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Table 1 Dataset for indexing and retrieving of test case generation
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Table 2 Structure of optimized prompts and basic prompts
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