wfﬁ-’ffh?f*l'?

COMPUTER SCIENCE

%ﬁ%ﬂi&lﬁﬁiﬁliﬁ:&ﬁ% AR E R
XIS, it EEE, T8 KER

5IAEX

XIRER, &iafE EEE IH KER. S0CHEEERESERSREARRER]. iTEHRE,
2024, 51(7): 40-48.

LIU Yumeng, ZHAOQ Yijing, WANG Bicong, WANG Chao, ZHANG Baomin. Advances in SQL Intelligent
Synthesis Technology [J]. Computer Science, 2024, 51(7): 40-48.

BUXEEE (BERXINE IE JEREENE)

Similar articles recommended (Please use Firefox or IE to view the article)
KIESRELLIIRSHEK

Security of Large Language Models:Current Status and Challenges

THENRIE, 2024, 51(1): 68-71. https://doi.org/10.11896/jsjkx.231100066

FRIE N BTEREER S HNSCADARFNBRIESEN
Building Natural Language Interfaces for Distributed SCADA Systems Using Semantic Parsing

HEHRIE, 2023, 50(6A): 220300141-9. https://doi.org/10.11896/jsjkx.220300141

[ [A)FE R 018 MR T AU R B2 W 7T %
Aided Disease Diagnosis Method for EMR Semantic Analysis
HHEHEIE, 2022, 49(1): 153-158. https://doi.org/10.11896/jsjkx.201100125

EEXREDESIEIERSQLIEAEIIE
SQL Grammar Structure Construction Based on Relationship Classification and Correction

HEHRIE, 2020, 47(11A): 562-569. https://doi.org/10.11896/jsjkx.200200086

IOFHRUHIBUB A
HEHMEE, 1993, 20(1): 33-38.


https://www.jsjkx.com/CN/10.11896/jsjkx.231000143
https://www.jsjkx.com/EN/10.11896/jsjkx.231000143
https://www.jsjkx.com/CN/10.11896/jsjkx.231100066
https://doi.org/10.11896/jsjkx.231100066
https://www.jsjkx.com/CN/10.11896/jsjkx.220300141
https://doi.org/10.11896/jsjkx.220300141
https://www.jsjkx.com/CN/10.11896/jsjkx.201100125
https://doi.org/10.11896/jsjkx.201100125
https://www.jsjkx.com/CN/10.11896/jsjkx.200200086
https://doi.org/10.11896/jsjkx.200200086
https://www.jsjkx.com/CN/Y1993/V20/I1/33

http: /www. jsjkx. com

DOI:10. 11896/jsikx. 231000143

St A 2
COMPUTER SCIENCE

BRRARBR A RIHtR

KER'

EHUHEEEERES

XK BEE? FTER &
1 PEMFERKGEFRA  dE 100190
2 PERFR AFE  JIE 100049

(yumeng@iscas. ac. cn)

 OE OSSR MAEREE.ZHAFHANCERAR  RABRAEN FAEFEER AT THEFEELRKGRB D EmE,
R MG HBE—REAB XA KEESNIES SQLAFRE. SASHEEERKEFENZ2HG A F kL. L4 SQL
BERERL ERT IAMBBIEEL AL GREARE, EF R MNBEFI REAEMEFAIFRERG RERLE, LL
A ChatGPT #E h #7| A I KRB HABRARRN R THEELSAIREYRELSGLERZARTE, B3 FRFTEHXAF S
ANEZBHLERSQLEBZT  ABRARBEREFEINEOREETR BRI EATRE R ESREA P TR, &
CERBERBEAREEZNEZHRERBARAGRAFTARERE AEHAMAN L RMARET WA 3 EA PN, 0K L
RO RBERGH RIS REAEIEARNER AN ELTEORRKIERAFT RS T, RETALHITA TR
Bl AN T AR R AR EERRLET G,

KA B E K SQL K RS B UM SQL 35 ik KB LA

mESES TP315

Advances in SQL Intelligent Synthesis Technology

LIU Yumeng'*?,ZHAO Yijing"* , WANG Bicong' , WANG Chao' and ZHANG Baomin'
1 Institute of Software,Chinese Academy of Sciences,Beijing 100190, China

2 University of Chinese Academy of Sciences, Beijing 100049, China

Abstract In recent years,with the rapid development of technologies such as big data and cloud computing,large-scale data ge-
neration has deepened the dependence of various applications on database technology. However, traditional databases typically
operate through the formalized database query language SQL ,which poses a significant difficulty for users without programming
or database usage experience,reducing the accessibility of databases across various fields. With the rapid advancement of artificial
intelligence technologies like machine learning and deep neural networks, especially the surge of large language model technology
sparked by the emergence of ChatGPT, there has been a profound synthesis and technological transformation of databases and in-
telligent technology. Intelligent methods are employed to automatically translate user input language into SQL , meeting the opera-
tional needs of database users of varying levels of expertise and enhancing databases’ intelligence, environmental adaptability,and
user-friendliness. To comprehensively focus on the latest research developments in intelligent SQL generation technology, this pa-
per delves into three types of user inputs-example-based, text-based,and voice-based-and provides a detailed exposition of the re-
search trajectory.representative works,and the latest advancements of various intelligent synthesis models. Additionally, this pa-
per categorizes and compares the technical frameworks of these methods and provides an overall summary. Finally,it paper looks
forward to future development directions in light of existing problems and challenges with current methods.

Keywords Database technology,Intelligent SQL synthesis,Semantic parsing,SQL syntax,lLarge language models
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il I B A SCAS E AT SR L 4 B T AR & AR R ME 1
£ 45 LUNARM , RENDEZVOUS™ , LADDER", Chat-80""
A X BB A AR K 22 (0 9 B B0, HURE S HE select-from
B DI RE , T 1 58 MUBUHE P2 3R 3 3 55 52 0 A L IR AR SO
b AR L T A OC I T E 10 4F RS R .
3.1 BEBEERAE

67 9 481) 1) 5 3 R AT A 98 S W AR T T P R AR A
AR o LA Bt 38 R G el A 3R B0 B . 2013 4 Zhang 40
T T 1 o AR R R B LS BT R B e A P S )
AT % 1 A 31k, A SQLSynthesizer, SQLSynthesizer
T P R AR A A R 0 — A B ke 0 B AN e A i) 2508
PSR JEB R — 5 L AR 1 B A AR DR R SQL &
W, WASKA R SQL AR Y J7 ik B T 5y — A T A B B
V5 — AN 28 Bl B AR =X, % I T DA A R — A 5 R 1
IR SQL A BLEs B, 3R 15 W08 {45 3E % ll 9 2 i
P e A B AR R Z B9 SQL 2 i) (H 7 b B I A A 1 2
W) B LE 7R R R 015 B0 °F W] BE AR AR PR AR .

Li 48 8T QFE, 7] LU A F P $ AL i 7 5 55080 i LA
KAZHHE PE b 10— B b A 1 BT X 00 it SR BT 2R R A



42

Computer Science FHEHFIZ  Vol. 51,No. 7.July 2024

X} (Database-result pairs) » 4z % — Z %71 B4 1 35 25 1 i A1) JF 58
BRI T . AR A O SR LA % i 2 0 P sk i B
GG I 5 R BB Y BRI i AT . QFE E— A B 1
o 5K R A RDBMS #4784 — 1= F A&
SQLShare F 58 i T 5 A &M B B8HIE
3.2 EREMAE

LR, R T H Ak Ak 28K BB 1R R A 2 A T SQL &
B SR, Wang %0 #2187 SCYTHE R 4. %A
20 b KR R A R TG ] (1/O Example) JE i SQL 4], Hik
o S B SR B T — B A A A0 E T R AR B 4% Y AR g i) A
Ak — RPN 5 g iy F 7] 8. SCYTHE i/l T 193 4~
SR BUCHE A o AT R BE IS UE L UF B T SQL A LAY A R K
A .

B J5 » Thakkar %5 8 7 3 F38 61 9 EGS 51, @ i
TEFR M “4H & I % 4 /7 (Constant Co-occurrence Graph) i %
I8 45 4 P R B R OR A B OG 2R AU I O 4 4 A Ao AR
2R Y . 5 O SE IR R WL, EGS FE A8 AT B ) A R
Jr i A DA KUE W OR BT ik A O A TR TR R
SCHYTHE. 2 T 2 Hfift e J7 4 (9 ILASP™) g5 £ 4 4t JE 1)
RAH RN ProSynth™ 45 SQL 4t T A .

EEXEH 28 5 44 09 53 BT 3 B, Zhou %1V 4R 1 T SICKLE,
AT E S A A 2 2 B SQL A, T BRI T —Fb
P RSE R REOR , F AT AT 45 1 B e MR L T
— T G Oy vk T 45 A TR AR R SR Ok BT BR
ATt #E . SICKLE o #F 10s 2247 5 R 2 50 B 4%
SQL A By A 1 8RR .

1 FETIMIR SQL A1 BE A L AR T 1 A X L

Table 1 Comparison of SQL intelligent synthesis techniques based on input-output examples
4 A 4R I iE 3 LR R TR
- Textbook&. HFHheEHH
. Gizerl > A 2
SQL-Synthesizer PART Online Forum Questions KAEELL X FxE XiE S

Query Generator+

Stack Overflow &.

#HA R E K

L6 Database Generator+ 1R R PR A AT 5 R R
QFE atabase Generator SQLShare FRA PR BEHATERERE N SQL 8 7 H B2
Result Feedback
Stack Overflow &. HAMEIEFTERT
{7 Synthesizer +DFS R ES - EE g
SCYTHE ynthestzer ASE’13 Benchmarks * % Union,Outer %64 £ 5 7 TREEH X HE
Enumerator+
Stack Overflow & PR &
2GSLel Evaluator | B % B LR {7 % R i
EGS .vqluqtor Textbook Fl R R IE A R AE % R T A TE B B
Priority queue
Enumerative Search Analytical SQL online . . _ POE R &
SICKLEM! MEENMEEEET R N
SICKLE Abstract data provenance forums & TPC-DC RaEE AR £ HArPRERRE
3.3 N

F A SQL 1A A K Tk T B P A SO R
PR LA T BT A . I EL i S RN T R Y RS T R
A A A - g8 9 7 =k 2 A Al T R B AR
kA E HAREL.

ST L3 T SQL 4 & B 7 I 1 E PR
AR IX YR AR R B R LIS Y PR R AR T R DR
o TR SQL A ) 75 K . 7E W X B A 2R Y A i) 7 ORI
HACREEARMAE, S h e TRk B, 7 2|
AR 0T B B HEAT TR L TR b 2 Oy B 6 P Y S
T2 SRR X L A0 P A LA — o 1 B T 2 A R
X SQL St iy IR M. 53— Jr . T 2 B S HUR
B BRI LA B i A B R 200 T A, a8 R R 7 SRR Y
SQL i g Jy A AL ALY 1z B M AR 5 T X AF E Bk Y

=6 .

BAES R

SRR A P

WEE

XA
B

HH

* R A

I EHX R
HeHEEEMER
(E. . FE)

4 EFIXRENHE SQLIERE R

FIARTE & SCARS A EZLH 1 11 AR T8 = B B 8 8 38 ST
ARBA L O 35 B A W e A B s A R SO AR o
B AR B R A 2. AN 2 TR L (0 SO A
e SQL AR, 75 AT [ AR 18 5 g0 1 0 50308 PE B X 4 i
B BRI G o TIAL B 1) SCAR S8 1S AR N 56 R il 2
BRI P A v R R R AR 2 o 1 o S B A W R B 3
o RS B CBOHR e %\ BO T AL A IR s BB R
SRIG LA AR T A AT 45 B B0 A = 4 A 45 Ol SQL
MR TE RN AR B R A OB g ik R . BE @i SQL
R & Az SQL W A) . AR T eE I T A E R
AN TFEE S WIKISQL!* N Spider™™® , [l 28 5 A~ 415 46 56 J=
BT R G RIS G UE TAE AT X I A A AR i T AR ST
T BE5 .

SQL 1 § 15 % #f
|SELECT| Fields l FROM I Tables ‘ WHERE | SQL % #5 2
- N v
Columns  Columns And
x

B2 TR AR SQL A A R

Fig. 2

SQL synthesis based on text-to-SQL techniques
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Table 2 Comparison of SQL synthesis based on text-to-SQL techniques
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