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Abstract Regarding the significant impact of code generation techniques based on large language
models (LLMs) on software productivity and their broad application prospects to the aerospace field , the
latest research progress on this kind of technology is reviewed from three aspects: problem background
and definition, typical technologies and their potential application scenarios in the aerospace domain,
and application evaluation methods, with the aim of providing guidance and insights for related research
on code generation techniques in the aerospace domain. Firstly, the basic capabilities of LLMs are dis-
cussed on code generation according to the features of code generation problem definition and LLMs struc-

tures. Then, the main methods for code generation are elaborated, including pre-training, instruction
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fine-tuning, prompt engineering and retrieval-augmented generation as well as their potential application

scenarios to the aerospace field. Next, due to the perspectives of semantic similarity and validation datas-

ets, the popular methods are reviewed for evaluating the results of LLM-based code generation tech-

niques and their characteristics and limitations are analyzed. Finally, the challenges are presented and

future improvements are proposed.
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