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Natural Language to SQL (NL2SQL)

m Writing SQLs to query databases is NOT easy for non-SQL-savvies

m Natural Language to SQL (NL2SQL) comes in rescue:
® Given a natural language query and the database scheme
© Generate the corresponding SQL query

Table name Columns
i
F_)ﬁ r 0

Table1 instructor id|name| department id |salary|...

foreign key

Table2 department |id|name| building | budget | .......

primary
key

Table n

Complex What are the name and budget of the departments
question  With average instructor salary greater than the
overall average?

Complex SeELECT T2.name, T2.budget
SQL FROM instructor as Tl JOIN department as
T2 ON Tl.department id = T2.id

e GROUP BY T1.department id
Generated SQL HAVING avg (Tl.salary) >

(SELECT avg(salary) FROM instructor)




NL2SQL Evolution
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Pre-LLM Era Approach - Seg2Seq

m Consider as machine translation problem
m Based on Sequence-to-sequence Encoder-Decoder framework
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Post-LLM Era Approach — LLMs

m Build NL2SQL system with LLMs

© Pre-processing
©® SQL Generation
Post-Processing
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Unsatisfied Results

m Mainstream approaches (either Seq2seq models or LLMs) typically
implement NL2SQL translation in an end-to-end fashion

m These models may benefit from broader exploration options over
successive attempts
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ldea: Feedback Loop in NL2SQL

m Can we build a self-provided feedback loop along with NL2SQL, to
improve end-to-end performance?

Best SQL Output




Is SQL2NL Back-Translation Sufficient?

m Use SQL2NL to establish an NL-to-SQL-to-NL translation lifecycle?

m NOT reliable !!!
Fase Positive feedback ® for NL Question @

aid fino origin destination aid name distance
9 2 Los Angeles Tokyo 1 Boeing 747-400 8430
3 7 Los Angeles Sydney 2 Boeing 737-800 3383
3 13 Los Angeles Chicago 3 Airbus A340-300 7120
10 68 Chicago New York 4 British Aerospace Jetstream 41 1502
9 76 Chicago Los Angeles 5 Embraer ERJ-145 1530
7 33 Los Angeles Honolulu 6 SAAB 340 2128
5 34 Los Angeles Honolulu 7 Piper Archer III 520
1 99  Los Angeles Washington D.C. 8 Tupolev 154 4103
2 346 Los Angeles Dallas 9 Lockheed L1011 6900
6 387 Los Angeles Boston 10 Boeing 757-300 4010
[Question]:
‘= | | Show all flight numbers with aircraft Airous A340-300.
Qo
—
(=]
i
-
=

Model Output

o

[Translated SQL]

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

count(*)
ety

[SQL2NL-generated Explanation]
Find the number of flights that are operated by
aircraft with the name Airbus A340-300.

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



CycleSQL: Self-Provided Feedback in NL2SQL

(® Data Provenance

©) Semantic‘s Enrichment
© Explanati‘on Generation
® Translatio‘n Verification
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Data Provenance

e Translated SQL Aircraft . . .
EUeBIoN o O e Capture provenance information using

SELECT count(T1.*) FROM Flight AS T1

JOIN Aircraft AS T2 ON T1.aid =T2.aid )

WHERE T2.name = ‘Airbus A340-330' e HH
~ - AT s [wowrsoan] query rewritin g

Query Rewriting | | | |

. « Flight

SELECT T2.name, tuplelD | aid | fino origin destination

- Tl.aid, T1.flno, T1.origin, T1.destination £l 9 2 1 Los Angeles Tokvo

FROM F|lghf ASTI -3 8 7 Los Angeles Sydney

JOIN Aircraft AS T2 ON T1.aid=T2.aid = 3 13 | Los Angeles Chicago
. WHERE T2.name = 'Airbus A340-330' | B T |
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Semantics Enrichment

Integrate operation-level semantichQ
O = of the SQL queries to better reflect

---------- : user query intent
: F|ighf-Aircrqﬂ' 1 ,@/)[WHERE name = ‘Airbus A340-300'] q y
__________ 1
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NL Explanation Text Generation

Synthesize NL explanation baesd on a rule-based method

Synthesized Explanation Text Example:
The query returns a result with one column of aggregation type (count) and one row.
For lights with aircraft, named Airbus A340-300, there are 2 flights in total.
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NL2SQL Validation

m Formulate the translation validation problem as a textual entailment task
m Use textual entailment model to determine if the translation is correct or not
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Experimental Settings

m Benchmarks
» Spider Spider and its variants (Spider-DK/Spider-Syn/Spider-Realistic)
e ScienceBenchmark

m Baselines
* Seq2seq-based: SmBoP/PICARD/RESDSQL
* LLM-based: GPT-3.5-Turbo/GPT-4/CHESS/DAILSQL

B Metrics
* Syntactic Accuracy (EM): exact matchthe ground truth
* Execution Accuracy (EX): execution result match
e Test Suit Accuracy (TS): Similar to EX, but more robust



Overall Results

m CycleSQL consistently improves over all base models

SPIDER SPIDER VARIANTS SCIENCEBENCHMARK

Models VALIDATION TEST REALISTIC SYN DK ONCOMX  CORDIS SDSS

EM EX TS EM EX EM EX TS EM EX TS EM EX EX EX EX

Seq2seq-based Models

SMBOP Base 745 77.8 725 69.5 71.1 60.2 614 56.1 60.2 649 583 54.0 59.1 16.2 16.0 7.0

+CYCLESQL | 74.1 78.8 73.1 - - 598 62.2 56.7 | 59.1 655 58.6 | 533 598 17.2 16.0 8.0

PICARDS; Base 759 793 728 | 724 75.1 689 717 646 | 656 698 632 | 497 632 32.3 26.0 8.0

+CYCLESQL | 761 799 728 - - 687 719 646 | 659 708 63.6 | 50.3 63.6 333 24.0 8.0

RESDSQLY ,xce Base 740 775 716 | 66.8 73.5 673 695 616 | 588 653 59.6 | 50.1 58.1 33.0 29.0 4.0

- +CYCLESQL | 751 80.5 74.0 | 689 77.1 69.1 736 642 | 61.6 696 632 | 505 61.5 35.0 32.0 8.0

RESDSQL3, Base 76.0 794 73.5 702 784 | 689 722 648 629 695 632 | 520 593 34.1 28.0 6.0

+CYCLESQL | 76.8 820 76.0 | 725 81.6 | 71.3 765 67.5 | 655 733 66.6 | 525 61.3 374 31.0 8.0

LLM-based Models
GPT-3.5-TURBO  Base 438 728 61.7 | 447 694 | 394 654 528 340 61.0 4938 39.1 60.6 34.3 30.0 10.0
(5-SHOTS) +CYCLESQL | 49.2 778 662 | 50.6 75.1 | 465 711 56.7 | 40.0 66.7 554 | 43.7 65.6 43.4 34.0 12.0
GPT-4 Base 519 779 712 B B 4677 68.6 553 | 452 75.0 644 | 537 68.5 51.5 40.0 14.0
(5-SHOTS) +CYCLESQL | 58.7 79.8 73.1 - - 490 70.6 569 | 46.2 76.0 663 | 574 68.5 56.6 43.0 15.0
CHESS Base 234 411 375 - - 212  39.7 36.6 174 37.0 325 19.5 35.6 64.6 46.0 40.0
+CYCLESQL | 25.6 423 38.2 - - 231 411 379 193 38.1 33.0 | 20.2 36.1 65.7 52.0 40.0
DAILSQLS s Base 65.1 813 74.1
: +CYCLESQL | 67.2 81.8 743




Break-Down Results

Model Easy Medium Hard Extra Hard SMBOP PICARD RESDSQLsrge | RESDSQL3y | GPT-3.5-TURBO
SMBOP Base 90.7 827 70.7 52.4 Avel'i.lge (+CYCLESQL) | (+CYCLESQL) | (+CYCLESQL) | (+CYCLESQL) (+CYCLESQL)
Base 95.6 854 67.8 50.6
PICARD:;  ,cvermso | 956 8610100y 6950117 50.6 \ ‘
Base 92.3 834 66.1 51.2 h +CYCLESQL
RESDSQLLavae  yCveieso | 9350110 8600 730019 536124 SMBOP } | = P

RespsoLy, | B 94.0 85.7 65.5 55.4 RESDSQL, ..., |

+CYCLESQL 94.0 89.0(133) 74.7 (19.2) 53.0(10.4) I ]
GPT-3.5-TURBO _ Base 843 785 65.5 482 ||
(S-SHOTS) +CYCLESQL 863(T20) 83'0(T45) 73'0(T75) 56'0(T78) RESDSQL3B | ]
GprT-4 Base 90.3 84.3 63.8 56.6
(5-SHOTS)  +CYCLESQL | 90.7(:0.4) 85.4(111)  667(120)  596(130) GPT-3.5-TURBO 1
CHESS Base 70.2 25.3 39.7 19.3 | | |
+CVCLESQL | Th6(114)  256(103)  dllgne 216123 0 500 1,000 1,500 2,000
DAILSOL Base 91.1 86.5 77.0 57.2
3.5 +CYCLESQL 91.1 86.8(103)  77-6(10.6) 59.0(11.5) Average Model Inference Time (ms)
< : : © | |
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Break-Down Results

SMBOP PICARD RESDSQL srge RESDSQL3, GPT-3.5-TURBO
Average (+CYCLESQL) | (+CYCLESQL) | (+CYCLESQL) | (+CYCLESQL) (+CYCLESQL)
Iterations 2.44 3.78 1.90 1.88 1.87
| | | 1
C
SMBOP _, , T et
Significant Improvement over Extra-Hard-Queries on LLM Models | E—
RESDSQLLsrce | |
GPT-3.5-TURBO _ Base 843 785 655 482 ) |
(5-SHOTS) +CYCLESQL 86.3@2.0) 83. 0(T45) 73‘0(T7-5) 56.0@7_8) RESDSQLS,B l |
GprT-4 Base 90.3 84.3 63.8 56.6
(5-SHOTS) +CYCLESQL 907(T04) 85'4(T1~1) 66‘7(T2-9) 59.60\3.0) GPT-3.5-TURBO |
CHESS Base 70.2 25.3 39.7 19.3 | | | |
+CYCLESQL | T16114)  256(103) 4lligug) | 21:6(123) 0 500 1,000 1,500 2,000
DATLIOL Base 91.1 86.5 77.0 572
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Break-Down Results

Significant Improvement over Extra-Hard-Queries on LLM Models

GPT-3.5-TURBO  Base . 785
(5-SHOTS) +CYCLESQL 863(T20) 83'0(T4-5) 73'0(T7-5) 56'0(T7.8)
GrT-4 Base 90.3 84.3 63.8 56.6 .
(5-SHOTS)  +CYCLESQL | 90.7(10.4) 85.4(11.1)  66.7(129) | 59.6(130) Good Balance between Translation and Inference Latency
PS— Base 70.2 25.3 39.7 19.3
]';CYCLESQL 71. 961(T11-4) 25866(»20.3) 41.71;161'4) 21.567(7«;3)
ase s . . g
DAILSQLzs | cyergsor 91.1 8681103 60105 \ 590115 J
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> >0.81 8
s0.8}F 8 s
= = 0.7F .
SO0.7TF | 3
< O 6 | N < 0-6
0 r%_l < %
/M 84|
SPIDER REALISTIC SYN SPIDER REALISTIC SYN

(a) Execution accuracy results on RESDSQLLARGE (b) Execution accuracy results on GPT—3.5-TURBO



Break-Down Results

Significant Improvement over Extra-Hard-Queries on LLM Models

GPT-3.5-TURBO  Base . :
(S-SHOTS) +CYCLESQL 863(T20) 83'0(T4-5) 73°0(T7 5) 56'0(T7 8)
GprT-4 Base 90.3 84.3 63.8 56.6
(5-SHOTS) +CYCLESQL 907(TO4) 85'4(T1~1) 66'7(T2 9) 59‘6(T3-0)
CHESS Base 70.2 25.3 39.7 19.3
+CYCLESQL 71°6(T1-4) 256(1\0.3) 41.1(/[\1.4) 21'6(T23)
Base 91.1 86.5 77.0 S22
DAILSQLzs | cyergsor 91.1 86803 T16r0s) \_ 900115 J
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Good Balance between Translation and Inference Latency
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More Results in the Paper

m Comparison of different translation verifier selection
m Qualitative evaluation results



Conclusion

m Closing the feedback loop for NL2SQL brings good benefits
m Good feedback improves not only accuracy, but explanability

Yuankai Fan <kaimary1221@gmail.com>
https://github.com/Kaimary/CycleSQL
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