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Hel% 3 glo], & 1B

wolAE tiE dof 29 (LLM)9] gh=of 25
B7}staA}t stk WA, o] Text-to-SQL #l2|0ta go] e Al-S -85l0] o] Aol &

SQL #g (Text to-SQL) ®H3lst= A2
2 §to] AojB oz WAt

=20 Text-to-SQL glo]E{Al &2 TrEQIct. g A RE (GPT-3 davinci, GPT-3 turbo) 2] few-shot A& of| A

A= Hrte

o T

£%£E 7S &

Z135HH, fine-tuning
£ 7153 S 2Ae AN

FA|o]: Text-to-SQL, wlo|efro] 2 A o] P4, SQL #=] ¥
1. A=

N oFn amsz AdskeE 443 08 do] nd
(Large language model, LLM)o]| thgt #4]o] =o}x] 11 Qltt.
olgfet o] RAS mEtu|E o] F7ket o Aol A
2] Zofoll A Bl5 Al g2 ot AR TR HAF At
Halsk Qltt. E9] GPT-3 [1] o] 222 fine-tuning Sh5
Yol ZEIE TA<1S o ok 2a1ES A e J
Zof] 5% ChatGPT! 242 Reinforcement Learning for
Human Feedback (RLHF) [2] HFH 28 285l AbHAEEHH
2 E9] zero-shot J5= B At o= &-gshH, ofo] uet
GPT-3 29| zero-shot, few-shot 5= ThFH AFA o] A
2] Zrgoll A Frstal A4 st A7 AEE QI o=
o] 944 4 Dob] 93] chge] olicelold Hlo]
B} Wasl, oleig Holee TEe] e Be A

H]-go] £ Q¥ it o]z et Zﬂok AFde @ o, zero-shot
2E ) BDE AT 5

i

SoflA] A0 72 SQL ]2 WaH Aol o] 2gie
dlolgHo] 2o gt AE A Alo] gl HAE
dlol e o] 2o 417 @—:Log % 015% o
Zad Ao AAEy, o 3

#35] Z7¥sta glrk.olet ﬂe% o}oa AN AL charet A
29} A7 Al DA T ATk [3, 4, 5, 6]. AEA Text-to-
SQL ¥ F2 Jad-0ad BHe fine-tuningsh 44

II‘

"https://chat.openai.com

Rlol= e Qo] mulSe] AAgls o] Text-to-SQL WS A%
olle] B4 o] gto] B4 dolHulo] s A2 Eo 2 wakshs Thgel A BAIsH o

2 sholg

&t ZAI%k

2 skt 12} o] 2|3t fine-tuning 52 Bl AE-SQL
We BT 84 dolEAS WAz sty ol TEots
vl-go] wo =i B0l Uitk Ea, of2lat fine-tuning
Sh52 ofs5 HlolEfof tiet o] e Hugs FIe ok QL
o o] d g QS TR} 9I5) B AFAL GPT-3 2]
zero-shot X few-shot S5 HHHS &-86}0] Text-to-SQL Ej
225 450, 4% W7} 8 B4 B9 O ZEEE

71e AFsta sk

H AF A= GPT-3 29| zero-shot, few-shot A& o]
A g0l AES SQL AR ek A5-g Ble,
T oll= eh=of ¥el Text-to-SQL MIZ[uE=L glo]HAlo] F-7)
slo] 912 9271 Thel?, ol WIA|u=L Ho]el A Spider [3:2
a3ttt o]2 93] Jo] AR FHojz Hlste] ghto]
AL-SQL A2 B0 2 815 (train) W AZ (dev) HOlE1 A
& AT ool B Sl o}, BE, d0IE 9
A The] A W Aok 52 UEU«= ol EHo] A

Au} Goiz BA|E] o] 917] TRt 2 AGel i GPT-3
davinci, GPT-3 turbo 2 d2 ARg3}to] gh=to] 2 o]& SQL
He o WSl A5-S o, o|Buc} FRo} e
B AL lo)| A 244 Afdrst 1.7B 9lo] malS sl o] EjAlS

AFE519] fine-tuningdl 1 o] £ %S v w3t}

220234 4]l ATHub (https://www.aihub.or.kr/) o] 4] =& of
719 AO|(NL2SQL) AA A4 dlolHE A4 ez S5t ov
dold B84 AEE e A (2034 99) B1A o 9lrt.
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AE] A oJEst] 2 =l AHgo] ofPAY 1l
Artsto]| HAZF At [7, 8. o]’ wAlHES &5t
STM [9] @ CNN [10] 7]¥F0] Text-to-SQL H}H&o]
Sy

th. o] & flof "ol o]~ A7ntE Lo} Sthof 1

A A% 2d (Graph neural network)S &85 Hd=

TE QAT (11, 12]. ER]F, T5 lof 2l [13]& Z-83t d+4&

Y= = GAEE SQL H = Heksh= "HlATofA
7|1&Y SR ¥ £ 455 YEhdT [14, 15]. spA| 9t
fine-tuning WH 22 sF B 22 0f B tF o] of ke EHlo]d
Sk dlolH 7t e st o]k Sk ool REo] @ H ]
BE7] 3% AR o] EA S

o] S5 g4 Qlo] BH(LLM)E Text-10-SQL B2
Fof thet M2 FHES At ot o] in-context
learning 7Fs8F GPT AF9] A/4d7 <o o] A7 2
o] 23] ejAZ o)A zero-shot, few-shot A|E o)A fine-tuning
B2 Sokeha 9L HolFel7] tRolch [1]. A% ¢l
A= theksl T2 E 3.235}0] zero-shot A|E oA Text-to-
SQL “d-5= B7FskAR, 7]&9] fine-tuning 450l 5 1]Xth
[16, 17). stA|5t, 7 ejadof E3td ZEXES Ao
AAFOEN iy do] BE2 o 53 A5 ET &
Ue FAES AU ot ZTol= zero-shot 459 07

AS Tl GPT-4 Rdls gsto] 4 "o 538
ZEZ /St few-shot A5 4F5ket. o] W2
Spider W 2|l 4] 231 4% (SOTA)S SASHATHIS). 2
TFoll A= fh=ro] Text-to-SQL H B 2=0f theh thE <lof
R0 52 Brbotal, Tt of2] E4& Fol] Text-to-SQL
Het ZpQf o A WSt BAIEE AT A o ® ARG o] &
JollA A sH= thefet wA|9t o] & sidshr] s 52 E

cAle] g B AN

Ht r2 [H 32 flo r2 4o 1o 44
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3. WHE
3.1 Text-to-SQL H|A3 A

o] dis SQL 2= Hgeh= g s Fo1%l
o] A Qef HolEH|o|A A7nt SOf Hgro g o]Fo

A o8 7} Fol . glojgHo| A A7|ut S = {T, C, R}=
o] Zje] Hiol& T, 2™ C 3 22 7] (Foreign key) ¥A R

|

©

o] JEAE Shets] =4 (202349)

o|AERIM
A2EHA

(Instruction) ### Convert the question to SQL query.

Table flight, columns = [*, flno, origin,
destination, distance, departure_date, arrival_date,
price, aid]

Table aircraft, columns = [*, aid, name, distance]
Table employee, columns = [*, eid, name, salary]
Table certificate, columns = [*, eid, aid]
Foreign_keys = [flight.aid = aircraft.aid,
certificate.aid = aircraft.aid, certificate.eid =
employee.eid]

HUHAE
(Schema)

2E 100000£E{ 200000 Afo|2| o1& H= XA F ol AHR?
(Question) sqQL:
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49 2ol diste] Hugit.

4.1 dolgA

o] ATl oA ATt viel Zol FIHE th=ro] Text-
to-SQL TloJEjAle] 171 Spider Ho|HA [3]-& &-8-5F31tt.
S dlolE A theFet TH|Ql HolEH|o] Ao tigt 2Fd o]
OlE|Ho]AE IS EEZ st= Spider X3S Qs 2L
M go] Text-to-SQL M2 uta glo| Ao 2, 1387 9] Th2
TH|QlS ZFSH= 200702 HlojgHo]AofA HE] Ho]ES
ThHe= 10,1817] 9] ZF¢dof H o3t 5,69371 9] 175 SQL 7
g7t o g Ko Qlt

S 9ldll WA Spider Ho|EAl19] gof AEZTt GPT-3
davinci HE-& ARESte] gh=ol= FARth AR dlo] g H|
o|AoA Ho]E ©|F, HlolH /3, & 9 k2 T
Fol2 AREE L §lo], SQLE} Blo]E o] A A7|up= o]
O 2 ARG gh=to] A3 SQL 2 & o2 o]Fo]
7 gh=rof Text-to-SQL Ho]HAl& MEA T/ 5H% AL, train

Shttps:/ /yale-lily.github.io/spider
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B 1. Zt 294 gl=ro] Spider Dev fjo]E]Allof] TSt execution accuracy (EX), exact match accuracy (EM), test-suite accuracy
(TS) A== 23 vl

nd Zero-Shot  Few-shot Fine-tuning EX EM TS

GPT-3 turbo N4 N4 42.6 35.8 51.1

GPT-3 davinci N4 Vv 45.0 36.3 48.0

Exaone 1.7B v 44.4 42.7 42.7

£2.5QL 7g) Wol =0 w2 7} B A HskE (EX) 4% vl

2d #&(Easy) 37t (Medium) o]#-2(Hard) w20l (Extra-hard) (Overall)
GPT-3 turbo 62.5 44.0 31.0 16.9 42.1
GPT-3 davinci 65.3 46.0 34.5 22.3 45.0
Exaone 1.7B 64.1 43.7 37.4 24.1 44.4

8,659 1, dev 1,034 o= WA o5 & Bl d5E7te] 44 AY AR
Q5
AR B 2& $H=o] Spider dev Ho]E o] tgt few-shot A E Z
- ol _ inci ey i olE
4.2 W} 9y =2, GPT-3 turbo @ GPT-3 davinci AT} train Ho]E =2

fine-tuning ¥ Exaone @ 9] 453 YeHTE o 7] A fine-
B7h o e fAT SQL (Valid SQL, VA), 4% B8 quning st49 1.7B R 92 sty (EM) Hol4 GPT-3 R

= (Execution accuracy, EX), 8t (Exact match accuracy, o Lolsle A que_: _]_O ?1;} v nd o =0] oju| A
M), 223 HAE-A9)E A (Test-suite accuracy, TS) gy m }OﬂHL GPT-3 turbo R &o] ©.2x5F A2 Lyehuj
Hl7b) B2k 4 SRk KA SQL (VA)2 ABHS 1 giet. o] 1758 Ae] Ade shs metlElg 7171 GPT-3
= AYY 7 AE SQL Fe) MlES HEL, A ARE o muo] AR A4 B8ste] I HrES o F
(EX)E A% 47} sroundtzuth SQL 545} YA olaf5tT SQLE Wkt © mgo] ¥ 9e-S AlARITE
&5 vepdn. geie (EM) 29 o53le] gound-truth g0 gojej o] SQL Aol thadt 2L GolEE P8

SQL —ﬂﬂ_(?—]' Zc-] 8] 0] ;{] o]——X] = _\147]-01—1:]— EO]%]— 2] ‘:'oﬂ EH %E]— _Aﬁ_ (Easy) =7} (Medlum) 0134% (Hard) UH_?“ 0-]3%

=2 E
=}
[e) e
AT

& SQL Hl= ofef o Ao #2dE 4 U WE o (prgrahard). 7 Golmo] w2 mEl Lo F 204 B
= o 793 45 B7HE {16l ground-truth SQL F2]e} & o]z} GPT-3 davinci R 98 24U} 27} o4 9] SQL A2
2 elSgtel efnlHos FARAE Brtohs HIAE-LNE gy o)A fine tuning 1.7B RERT 953 452 Hol
et (18] [0 7k Wl ek ARk, 53] oG A - of 2 2o HsiM= ne—tuning
4.3 AY Y SheE B0l F2 SQL ¥R PrE wola ol

gh=o] Spider Hlo|E|Ale] thet fine-tuning ¥ GPT-39]

g BAE golHR shH A2t Ao A GPT- gy shot AdloA AdFEo= e Yio| e oaU).
3.5 [20] A== RSl text-davinci-0033} turbos AR5 E3], GPT-3 davinci R 0] few-shot A& |4 ground-truth
o] dev HlOTEM0 = zero-shota} few-shot AAZS +HIT.  ayejmy) g2 A8 Yot olfd tet AL olsf=
Zero-shot/few-shot /J5-Z fine-tuning AT} BlWSH7] Asll,  oj5) }o Aojai GAE-ALE HEE (TS) A Ale=
2 Q7o) H A AL 1TBAS) S eSS et wasia e
GPT AGe] e=rol\ gl B ol RES train HloJEA
© 2 fine-tuning Stc}. Deepspeed? 9} Huggingface®S o] €8st 4.5 o8 &4
o] A100 40GB GPU 8402 10 o|% (epoch) SH5A1 7Tt 1% 2= GPT-3 davinei 229 few-shot AP A HAE-

“https://github.com /microsoft /DeepSpeed 291E ASE (TS A AHIE 5oz 245k 674

“hittps:/ /luggingface.co/ WAE BRd of RAANE HoiEth ok Y AT =
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19 2. §Ho] Text-to-SQL dev Hlo] e 4le] tjg GPT-3 davinei B99] SQL 712] 44 05 53270] gt 7). 2 Aol A
7% A7 P (182 Aeste] 439 SQL A2 0.7 BAS 49,

A F| 0} A (Schema-linking)

o] JEAE Shets] =4 (202349)

g1

dHsaL

oz saL

193011 |0 By I7HE FIM 34 Uole) & Has Poelrte?

(For the countries founded before 1930, what is the total number of distinct official languages?)

SELECT count(DISTINCT T2.Language) FROM country AS T1 JOIN countrylanguage AS T2 ON T1.Code = T2.CountryCode WHERE IndepYear

< 1930 AND T2 IsOfficial = "T"

SELECT SUM(COUNT(DISTINCT language)) FROM countrylanguage AS t1 JOIN country AS t2 ON t1.CountryCode = t2.Code WHERE t2.IndepYear

< 1930 AND t1.IsOfficial = 'T"

A
Mo
[~}

dH saL
°l% saL

M We 2MEZ BY AL XAt R?

(What is the year that had the most concerts?)

SELECT YEAR FROM concert GROUP BY YEAR ORDER BY count(*) DESC LIMIT 1

SELECT year, COUNT(*) FROM concert GROUP BY year ORDER BY COUNT(*) DESC LIMIT 1

[}
Mo
w

e saL
o % saL

HH £ HojFMR.

(Count the number of employees)

SELECT count(*) FROM employee

SELECT COUNT(DISTINCT Employee_ID) FROM hiring

[}
Mo
=y

dEsaL
% saL

USA 32 oHTl BE H4S0l oS Y EUg Yo Ti e,
(List the first name and birth date of all players from the country with code USA.)

SELECT first_name, birth_date FROM players WWHERE country_code = 'USA’

SELECT first_name, last_name, birth_date FROM players WHERE country_code = 'USA’

1% 3. ~7|upAZA (Schema-linking) @7
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woll M Aleret o F 24 e wEv [18].

o A
2l
4

AR 2, Tl 2] R A7)at A4 (Schema-linking) 2 F7}
7V E5tA WA st=T), olH e L F7 RE o] dlEoA T8
g H]S-& AR A7|ut A @ /Rt mHlo] 2t o] Ao
A AFH "ol & o] F, ZH ol T+ A o4 (aggregation
function)S -2 AT E]2 FeolA TR 2@ 292 1}
ellitt. E5], 71 A9 (Extra columns) 25 = A& SQL

UFERdT. o] 2
el Aeat geE A Aeshs el e Mot
AE3e HolZ U Ay A ofo] HFt dAS AL,

27} A9 oFo] aiAg 2RAoR o] -

Tk, 2R F7bslo] A 2AEE
E1}, 5 47 (DISTINCT) 7| =7} w2l
Aot 22 £AE0°] ZH o] AUt

A% (JOIN) H3L JOINo| W g3t #a)e x3lsict nd
1 JOING] B gh o252 ARoRRE A2 495
Sl F (Wrong tables)7} 11%E YebH, &
ot JOINE-S F&3t @7 (Not detected) = 4% Z}A]gFct.

[*]

Hol| L7t o] 3R (Hard), o9 o] 32 (Extra-hard)Ql SQL
HAoll= A FHE H=ol b ZIEo] QUnt. o=t
S (Nested) 272+ 5] A (sub-query) o] F3g oI, &
g+ 91412} (UNION, INTERSECT)7} ® a3t H$7} 9lon,
wdo] gHIE F3 FZE mhetelr] ZotAY (Wrong sub-
query) Fet A4EE QIASHA] Eot= A 50| ZtH
5% (GROUP-BY) HFol&= GROUP-BY o] g
g H2E ZdbotH, Rdo| 173} a4dS AASH] &
StAY (Not detected), B 1E35}5l7] Yo 42 2HS

2l2 Helshs= 52 Fotshy] flsf dubAQl mEnERS
ARESETE QoA AAE AFAQ] o/ A4S EdE, &
T Ao M= o] Text-to-SQL BIAAE T aafHo=
FYstr] 9t A2 E5td ZEZES Adete o=
Nl

gharo] JE A sads] =23 (20234)

of| = gh=ro] Text-to-SQL Wgh B AT of thgh of
d9S st Frtekaloh A9 Z2%E S GPT-3
243} fine-tuning 2@ 7He] A5 z}olE &QI5H 0, few-
shot A 9] oJn|& et Ho| A= GPT-3 turbo HEo| &
L A% Hol1 &g sty B3 0F B4 53

=
o F79 SQL &R/E HF

Ao zAstgon, 53] &
ke d o Rok 3 287 wol WA o8 Erjz
T AT § UL ZELE Ul 2Y AL 4
ghato] Text-to-SQL 2491 9] 45 P47 14 @t 2
Fel iz o] o] e el Spider WXL Ho]E AL W] ste]
AL AW O, o] Text-to-SQL o e Hlo] 75 ]
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