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LLM-Based Unit Test Generation Without Source Code

An Empirical Evaluation of Bytecode Representations, Prompt Engineering, Model Selection, and Temperature Settings
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. . ) with JaCoCo. All stages are configurable from a single file, enabling controlled, reproducible comparisons across models, representations, prompting strategies, and instruction tuning matter more than scale.
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Ut b q | " - gi W case of failure Temperature had only a limited effect when averaged across all libraries, peaking at 0.4, but
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bytecode, and Large Language Models have recently shown strong results tripled coverage in some cases.
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Pipeline implementation, generated tests, and full experimental results are publicly available on Zenodo: doi.org/10.5281/zenodo.20774237
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