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Given an NL query, route to the cheapest LLM capable of generating executable SQL

Introduction Methodology

Text-to-SQL allows users to query databases in natural language, making
data more accessible to non-experts. However, using powerful LLMs like
GPT-4o0 for all queries leads to unnecessary costs and latency, especially for Training Phase
simpler queries.
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Problem statement

Score-Based Routing (R)
Given a set of N models {My, M1,..., My_1} with varying SQL genera-
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Results

Gen. EX% gpt-40 4o0-mini Llama None Cost Red.

gpt-40 61.02 1534 - - - 1x
4o-mini 49.22 - 1534 - - 16.6x
Llama 29.34 - - 1534 - 00

Ry 6014 197 88 5 1243  1.1x
RYS 5942 160 127 26 1220  1.1x

RYY 5792 324 265 54 890  1.3x
Dataset: BIRD —1534 dev queries and 9428 training queries Rpppr 5521 118 311 167 938 1 4x

Metric: Execution Accuracy (EX) measures the proportion of queries in the

evaluation set S where the predicted SQL’s output matches the ground-
truth relation, with 0 < EX(S) < 1. Accuracy & Cost Trade-Off

In the score-based approach, by adjusting K (similar queries) and « (thresh-
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improving EX beyond the strongest model.
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Figure 1. Failure Cases Dist. Figure 2. Correct Cases Dist.
Figure 5. Dist. vs. K (None—gpt-40) Figure 6. Dist. vs. a (None—gpt-40)
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