Background

Natural Language Interfaces for Databases empower non-technical users to interact with Motivation: Can we build a self-provided feedback loop along with

data using natural language (NL). Advanced approaches, utilizing either sequence-to-
sequence or more recent sophisticated large-scale language models (LLM), typically
implement NL to SQL (NL2SQL) translation in an end-to-end fashion. However, like
humans, these end-to-end translation models may not always generate the best SQL
output on their first try.

Unsatisfied Results: The plateauing accuracy (below 80%) observed when the beam size
or the number of chat completions is set to 1, thevy may fail to generate best-quality
translations in their initial attempts. &

However, expanding the search -
space through wider beams or more
chat completions steadily improves

accuracy, without necessitating 12 3 4 5
modifications to the underlying Beam Size (Number of Chat Completion Choices)

: : Fig. 1: Translation accuracy on SPIDER validation set with varied
model arChlte_Ctures' which could beam sizes (or chat completion choices). Accuracy for beam sizes
be the potential. (or chat completions) > 1 is evaluated by matching any beam result.
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Translatio

NL2SQL, to improve end-to-end performance?

Question: Is SQL2NL

Back-Translation Sufficient
to establish an NL-to-SQL-
to-NL translation lifecycle?

Answer: X NOT reliable!!!

Fase positive feedback for
NL questions is observed,
which leads to incorrect
translation result ultimately.
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NL-SQL pair

— [Question]:
Show all flight numbers with aircraft Airbus A340-300
[Ground-truthSQL]

SELECT T1.flno FROM Flight AS T1
JOIN Aircraft AST2 ON T1.aid = T2.aid

Model Output

WHERET2.name = 'Airbus A340-300'
[Translated SQL]

SELECT count X FROM Flight AS T1
JOIN Aircraft AST2 ON T1.aid = T2.aid
WHERET2.name ="Airbus A340-300'

count(*)
[QueryResult] 2 =
<execuﬂon>+-/ -~
[SQL2NL-generated Explanation]

Find the number of flights that are operated by
aircraft with the name Airbus A340-300.

[Feedback] (Incorrect)
The franslated SQL above is correct.

CycleSQL

OVERVIEW
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NL2SQL Models ,

Data Tracker: Track provenance information of the to-explained
query result to retrieve data-level information

Semantics Augmentor: Enhance provenance by associating it
with operation-level semantics
Explanation Generator: Interpret provenance to explanation

Translation Verifier: Verify correctness of NL2SQL translation
based on the generated NL explanation
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Evaluation

Overall Results

“LSPIDER SPIDER VARIANTS SCIENCEBENCHMARK Model

Models VALIDATION TEST REALISTIC SYN ONCOMX  CORDIS SDSS SMBOP
EM EX TS EM EX EM EX TS EM EX TS EX EX EX

Seq2seq-based Models PICARD3;

Base 745 778 725 | 695 711 | 60.2 61.4 56.1 649 583 162 16.0 7.0
+CYCLESQL | 74.1 788 73.1 - - 59.8 622 56.7 65.5 58.6 17.2 16.0 8.0 RESDSQL srcE

SMBoP

Base 759 793 728 | 724 751 | 68.9 717 64.6 69.8 632 32.3 26.0 8.0
+CYCLESQL | 76.1 799 728 68.7 719 64.6 70.8  63.6 33.3 24.0 8.0 RESDSQL3;

PICARD3g

Base 740 775 716 | 668 735 | 673 695 616 653 596 33.0 29.0 4.0 CrT 3 5-TOREO

RESDSQLLaras  yCycresoL | 751 805 740 | 689 77.1 [ 691 736 6422 69.6  63.2 35.0 320 80 (5-SHOTS)

Base 76.0 794 735 | 702 784 | 689 722 648 69.5 63.2 34.1 28.0 6.0 GPT-4
+CYCLESQL | 76.8 82.0 76.0 | 725 81.6 | 71.3 76.5 67.5 73.3  66.6 374 31.0 8.0 (5-SHOTS)

RESDSQL3;,

LLM-based Models CHESS
GPT-3.5-TURBO Base 43.8 72.8 61.7 447 69.4 394 654 52.8 61.0 49.8 34.3 30.0 10.0

(5-SHOTS) +CYCLESQL | 49.2 778 66.2 | 506 75.1 | 465 71.1 56.7 66.7 554 43.4 34.0 12.0 DAILSQL3 5
GprT-4 Base 519 779 71.2 - - 46.7 68.6 55.3 75.0 644 51.5 40.0 14.0

Analysis

Easy Medium Hard Extra Hard SMBOP PICARD RESDSQLy ygo: | RESDSQL3y; | GPT-3.5-TURBO
Base 00.7 2.7 70.7 52.4 Average | (+CvycLESQL) | (+CYCLESQL) | (+CYCLESQL) | (+CYCLESQL) (+CYCLESQL)
+CYCLESQL 90.7 84-1(1~1,4) 69.5(¢1_2) 53-0(T0_6) Iterations 244 3.78 1.90 1.88 1.87
Base 95.6 85.4 67.8 50.6 | |
+CYCLESQL 95.6 861(1{)7) 695(T17) 50.6 +CYCLESOL
Base 92.3 83.4 66.1 51.2 SMBOP 1 E Base Model
+CYCLESQL 935(T12) 861(T07) 73'0(T69) 536(T24)
Base 94.0 85.7 655 55.4 RESDSQLy arce | | i
+CYCLESQL | 940 89033 T47es  53.0(0.) RESDSQL,, [EE—
Base 84.3 78.5 65.5 48.2
+CYCLESQL [ 86.3(42.0)  83.0(145  73.0(475) 56.0(17.5) GPT-3.5-TURBO - | -
Base 90.3 84.3 63.8 56.6 | | | |
Base 70.2 25.3 39.7 19.3 ’ ’ ’
+CYCLESQL | 71.6(114) 25.6(10.3) 411114 21.6(1,.3) Average Model Inference Time (ms)
Base 91.1 86.5 77.0 57.2
+CYCLESQL 91.1 86.8 (10.3) 77'6(T06) 59'0(’“8)

(5-SHOTS) +CYCLESQL | 58.7 798 73.1 - - 49.0 70.6 569 76.0  66.3 56.6 43.0 15.0
Base 234 41.1 375 - - 21.2 397 36.6 37.0 325 64.6 46.0 40.0
+CYCLESQL | 25.6 423 38.2 - - 231 411 379 381 33.0 65.7 52.0 40.0

CHESS

DAILSQL3 5 +CYCLESQL | 67.2 81.8 74.3

Fax S1 813 v/ Significant Improvement over Extra-
Hard-Queries on LLM Models

v' CycleSQL consistently improves over all base models, particularly evident v UL Good Balance between Translation

in the EX and TS metrics. and Inference Latency

v' Remarkable outcome: CycleSQL+RESDSQL-3B on EX metric surpasses the v = CycleSQL Feedback is Better than
best-reported result among leading Seq2seq models on Spider SQL2NL Feedback
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(b) Execution accuracy results on GPT-3.5-TURBO
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