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> Previous synthetic NL-to-SQL datasets fail to capture the diversity

and complexity common to human—generated datasets

> We introduce a fully synthetic NL-to-SQL generation

framework that:

>

They are not 100% synthetic
Don’t take into account ambiguous queries

Not difficult enough

>

Is model- and dataset-agnostic
Generates diverse SQL queries and NL questions >
Incorporates ambiguity detection

Employs two-stage filtering to ensure data quality
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