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[Abstract]

Effective use of relational databases requires substantial SQL expertise, driving active research into
Text-to-SQL, which aims to translate natural language queries into SQL statements. Recently,
generation-based approaches leveraging large language models (LLMs) have gained considerable
attention. However, purely LLM-based methods face inherent limitations in handling natural language
ambiguity, schema linking, and the reliability of generated outputs. Against this backdrop, this study
proposes OpSQL-Leverage (OSL), a methodology that exploits SQL queries accumulated in real-world
operational environments as core knowledge assets. Specifically, OSL selects candidate SQLs from an
operational database based on an LLM-generated SQL, then synthesizes these candidates with the
original natural language query to produce the final SQL. Experiments on the SPIDER dataset show
that OSL achieves higher accuracy than purely LLM-based Text-to-SQL models. This work is
significant in that it extends retrieval-augmented generation (RAG) approaches to the Text-to-SQL

domain by leveraging structured SQL assets within operational databases as external knowledge.
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I. Introduction
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III. The Proposed Scheme

1. Research Process
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2. Q_SQAL Generation from NL Question

& S7olM = Fig. 39| Phase 1, & LLMZ &&-5}0]
Atdo] Aojolz e £7] SQLZ AEITHO). At 7]
Y2 dlojgHo]~9] A7|o} U5 ZEDE JEjz A|
Sotal, o] &&stof LLMo] SQL= A3/ttt Fig. 40]
A9} Z¥o] OpenAlrte] Text-to-SQL Template2 &
g2 F8sto] AEstgon[32], ofFA AAdH Q-SQL
9] Zi} oAl= Table 29} 2t

| Natural language to SQL
Code

Generate

Prompt

SYSTEM Given the following SQL tables, your job is to write queries given a user's request
CREATE TABLE Orders (
OrderlD int,
CustomerlD int,
OrderDate datetime,
OrderTime varchar(8),
PRIMARY KEY (OrderiD)
)

CREATE TABLE OrderDetails (
OrderDetaillD int,

OrderiD int,

ProductiD int,

Quantity int,

PRIMARY KEY (OrderDetaillD)
):

CREATE TABLE Products (
ProductID int,
ProductName varchar(50),
Category varchar(50),
UnitPrice decimal(10, 2),
Stock int,

PRIMARY KEY (ProductiD)

)

Fig. 4. Text-to—SQL Template[31]

Table 2. Example of Q_SQL

NL Question : Report the names of teachers who have
between seven and eight students in their classes
(Mistral 7B)
SELECT DISTINCT
Teachers.Name_teacher
FROM Teachers
INNER JOIN
(SELECT Classroom, COUNT(x*)
as student_count
FROM Students
GROUP BY Classroom) as
count_students_by_classroom
ON Teachers.Classroom = count_
students_by_classroom.Classroom
WHERE
count_students_by_classroom
.student_count
BETWEEN 7 AND 8:

(GPT40)

SELECT t.Name_teacher
FROM Teachers t

JOIN csbc ¢ ON t.Classroom =
c.Classroom

WHERE c.student_count
BETWEEN 7 AND 8;

3. Seed SQL Selection and Synthesization

2 @AM = P8 dlolEHo] A0 Bt} Ql=
OpSQL % SroflAf A/de Q_SQL#F RAM=TF =2 A9 k
719] SQLE Seed SQLZE A¥35F1(®), 0|5 Seed SQLF
2710l thsl A& Aigto] Aojoig gastel kel &
SQL(TOP-k Synth. SQL)Z A3/3tH®@). AQF g 22

g
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Seed SQL A abgojlA] Atdo] o]0l 5 SQL HEjZ W
gt = l% oju] AAE]o] Q)= OpSQLY} Bl wWatgl =g,
ol SQL EAHF 9A=7} SQLI}F Ao} 7He] GAME R

o o %2 2hS Uit AP Al Zajo] T Zojct
(Fig. 5). SAFE 85 913} & A7olAE FAISSS 2§
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3 7k vlaste] SAFES WIS Fig. 5ol Qk At
olof gefo] ojojS LieRYD], Q_SQLI OpSQALE Fig.
3014 4748 SQLES LpEhdict.

Qvs OpsaL
mQ_SQLvs OpsQL

<Y =—=3F w0

Q5 Q@6 Q7 Q8 Q9 Q10 Q11 Q12 Q13
Question

Ql Q2 Q3 a4

Fig. 5. Similarity between 'Q vs OpSQL' and 'Q_SQL vs
OpSaL'

oj2fgt Z2Ato]l met, OpSQLOf| At} 2ojol S g&st
of 437dgt Synth. SQLO] oft= Table 31} Zt}.

Table 3. Example of Synthesization

(NL Question)
Report the names of teachers who have between seven and eight
students in their classes

(Q_saL)

SELECT DISTINCT Teachers.Name_teacher
FROM Teachers INNER JOIN (SELECT Classroom, COUNT(*)

as student_count FROM Students GROUP BY Classroom)
as count_students_by_classroom

ON Teachers.Classroom = count_ students_by_classroom.Classroom

WHERE count_students_by_classroom.student_count
BETWEEN 7 AND 8;

(Top-1 OpSQAL)

SELECT DISTINCT
Teachers.Name_teacher

FROM Students

INNER JOIN Teachers
ON Students.Classroom

= Teachers.classroom

INNER JOIN csbc
ON Teachers.Classroom

= csbc.classroom

GROUP BY csbc.student_count,
Teachers. Name_teachers,
Teachers.classroom

HAVING csbc.student_count >=?

AND csbc.student_count <=7;

(Top-1 Synth. SQL)
SELECT DISTINCT
Teachers.Name_teacher
FROM Students
INNER JOIN Teachers
ON Students.Classroom
= Teachers.classroom
INNER JOIN csbc
ON Teachers.Classroom
= csbc.classroom
GROUP BY csbc.student_count,
Teachers. Name_teachers,
Teachers.classroom
HAVING csbc.student_count >=7
AND csbc.student_count <=8;

4. Querying Operational Databases with Top-k
Synthesized SQLs
& @7o1A= Fig. 39] Phase 2041 A34d¥ Top-k
Synth. SQLsg +3-& ClolEfHo] o] He|sto] Ants
RH@). 2 AollME= ofg] LLM & ojReha} o

|48 HE&2a2 CGPT4oS, =20 &8

4> nH>|-
o l"ﬂ
_E.L

Ol 7fjutd wdlz Mistral 7BS AMEHs}YICE Mistral
7B wHE2 U7t 739 Jidol e Skt HIR|opE
A RofolA defe] ‘LLaMA-2 13B'S 5713100, o
ool A1 U7 4 3409 71 ‘LLaMA-1 34B’E Fol\d
L M52 7E 7108 42iA it} ESH Mistral 7B &2
22 miolEy 52 55 =4 Eujolo] Rars ng o
=g golgt AL 71X 1 9k Table 4= Yd A}
ddo] AWEL QSQLE wWale] olgh VY fAl
OpSQL= At H, Apdo] AiEg &/dste] Synth.
SQLZ A/dstaL, olF =¥& HolEHo]20] Ao|sto]
=33 20Kt Qo) mol &

Table 4. Example of NL Question, Top-1 Synth.
SQL, and Results
NL Report the names of teachers who have between
Question | seven and eight students in their classes
SELECT DISTINCT Teachers.Name_teacher
FROM Students
INNER JOIN Teachers
Top-1 ON Students.Classroom = Teachers.classroom
Synth. | INNER JOIN csbc

SQL ON Teachers.Classroom = csbc.classroom

GROUP BY csbc.student_count, Teachers.Name_teachers,
Teachers.classroom

HAVING csbc.student_count >=7 AND csbc.student_count <=8;

JEROME COVIN
LEIA TARRING
GORDON KAWA

Results

IV. Experiment

1. Experiment Overview

2 oAM= dA A AlRE Wi E-2 AR HlolE 9
A&t A9 AiE avlsit AdE $Ish SPIDER go]
EJMIO} Student DBE #E&5te *F& ClolEHo|AE
st en, sig HolEE 7vter & 128719 Ated
o] "olg Hdsto] A HolH = ARSIt A #73
< Pythong &3l 535920, AR H/W 3 S/W
gPd Table boF Zth. E9F /45 vl Ao HA| =2
AL Fig. 61} &t}

=,
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Table 5. System Environments

7171 glet AY HlolEie olu] 745 OpSQLY] 4]

‘——T—-—_

Accuracy score

—_—T"-—_

Accuracy score

=2 XA 3835 A5
CPU AMD Ryzen 7 HolHE A g-8sto] /dst)
H/W GPU Radeon 780M
RAM 32GB <Teachers> <List>
_ La i Cl LastName FirstName Grade | Classroom
0Ss Windows 11 "MACROSTIE | MIN' 101| [CAR’ "MAUDE' 2 101
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SQLite 3.4.17
Fig. 7. Tables of Student DB
Q
Find all students who study in classroom 111. For each student list first and last name.
For each classroom report the grade that is taught in it. Report just the classroom number
and the grade number.
Find all teachers who teach fifth grade. Report first and last name of the teachers and the
- ¥ room number.
Find all students taught by OTHA MOYER. Output first and last names of students
(A) OSL model (B) Pure LLM model For each teacher teaching grades K through 3, report the grade (s)he teaches. Each name has|
to be reported exactly once.
¥ ¥ Find all first-grade students who are NOT taught by OTHA MOVYER. Report their first and last
names
Top-k synth' saL Q—SQL Find and report the number of students taught by LORIA ONDERSMA.
For each grade, report the number of classrooms in which it is taught and the toal number
—— of students in the grade.
Report the names of teachers who have between seven and eight students in their classes.
Operational DB For each kindergarden classroom, report the total number of students.
Find the teacher name who teach(es) the largest number of students.
T T — Find all classrooms which have fewer students in them than the average number of students
in a classroom in the school. Report the classroom numbers
answer answer For each grade with more than one classroom, report the last name of the teacher who

teachers the classroom with the largest number of students in the grade.

Fig. 8. Questions in Natural Language

Fig. 6. Overall Process of Performance Evaluation
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Fig. 9. Student DBMS and OpSQL
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3. Performance Evaluation
2 Aol BAR Holelol A 27 27o] H4el
SQL 3l A4 AREo.R B 8ste] Text-to-SQLO} Al
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Table 6. Example of Answers

Report the names of teachers who have between
seven and eight students in their classes

JEROME COVIN LEIA TARRING GORDON KAWA

Question

Correct
Answer
Incorrect
Answer
Execution | ERROR:

KIRK MARROTTE OTHA MOYER CHARMAINE URSERY

Error | Execution failed on sqgl ‘SELECT Students.name’
Empty
Result (no result)

Erﬂ' Table 72 3847Hq gq J‘quﬂ}\i ]:‘]:_1,}\ T?j_' o

20] o%o BAMsH ZAYE AAEH} Y EOA
‘Execution Error'= 73, golg, 2%, g4 & SQL
Tdaset WH" AP /S ofulstil, Empty
Result'= SQL} AtolS Agls

= apgolA] oS
Ago] AP ol TojxlA] Yot WAGH 255 ool
th. olejgt Auke walo] Mol e} SQL
9F WAo] 2 AFL Uk HE BolEc,

W3 52l

Table 7. Comparing SQL Errors of Each Model

Empty Execution
e Sl Result Error
GPT4o 67 62 5
Mistral 7B 129 60 69
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Table 8. Performance Comparison

A (A) OpSQL-Leverage model (B) Pure
ccurac
v k=1 k=2 k=3 LLM
50% 77% 85% o
GPT4o | g%pl) | (1%pl) | %nty | %%
. 45% 51% 55% o
Mistral 7B (1%p 1) (5%p 1) (11%p 1) A4%
Accuracy
100%
0% 1 85%
0% 8% 77%
70%
6% 55%

50% 51%
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Fig. 10. Performance Comparison
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Table 9. Similarity Comparison

Q_SQL(k=1)
0.8198

Q_SQL(k=2)
0.8505

Similarity
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V. Conclusions
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