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Abstract

To address the challenges of high annotation costs and limited scenario coverage in Text2SQL training
corpus construction, this paper proposes a corpus generation framework based on bidirectional
enhancement and multi-stage supervision. The method constructs a bidirectional data flow through
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question-to-SQL forward enhancement and SQL-to-question reverse enhancement, combines the con-
textual understanding and code generation capabilities of large language models (LLMs), and innova-
tively introduces a novel four-stage supervision and verification mechanism (question diversity ex-
pansion, question quality verification, SQL auto-generation, and generation quality verification), sig-
nificantly improving the efficiency and quality of corpus generation under low-resource conditions.
Experiments demonstrate that models trained with this generated corpus achieve a 16.3% improve-
ment in execution accuracy compared to models fine-tuned with traditional human-annotated cor-
pora and a 35.7% improvement over few-shot prompt learning methods. Furthermore, in terms of the
generalization and transferability of the corpus, the corpus generated by this paper’s method is more
adaptable to both model size and question difficulty levels than the manually annotated small-scale ap-
proach.
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Figure 1. Question-to-SQL multi-stage enhancement process
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