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Abstract Text-to-SQL translation, the process of converting natural language questions into executable SQL
statements, is pivotal for democratizing data access. It significantly lowers the technical barrier for data retrieval
and analysis, empowering non-expert users across diverse domains like business intelligence and data science.
With the advent of Large Language Models (LLMSs), prompting-based methods have become the predominant
approach in this field. A common Text-to-SQL prompt typically includes the database schema, user question, task
instructions, and few-shot demonstrations. Recently, researchers have begun incorporating "hints" into these
prompts to provide specific guidance, aiming to make the SQL generation process more robust and accurate.
However, a significant limitation of existing approaches is their reliance on manually crafted, static hints. These
pre-defined hints, often created by summarizing common error patterns, tend to be overly general. They lack the
flexibility to adapt to the unique requirements of each specific query, rendering them sub-optimal or even mis-
leading for many Text-to-SQL tasks. Moreover, the coverage of such manual hints is inherently limited, as they
are designed for specific, anticipated cases and cannot adapt to the full spectrum of unforeseen task requirements.
To address these deficiencies, this paper proposes Hint-SQL, a novel Text-to-SQL prompting methodology cen-
tered on automatically-generated, task-specific hints. Hint-SQL introduces a comprehensive hint structure de-
signed to guide the LLM through the critical stages of query formulation: semantic understanding, operational
planning, and structural mapping. This is achieved through a progressive, multi-faceted guidance system. First,
Semantic Hints disambiguate the user's question by resolving vague expressions and mapping them to precise
database schema elements. Building on this, Operational Hints outline a high-level, step-by-step plan for the
query logic. Finally, Structural Hints complete the guidance by mapping these operational steps to concrete SQL
keywords and syntax. This integrated approach ensures the final SQL is both semantically consistent and struc-
turally correct. To realize this dynamic hint generation, we developed the Hint-generation Agent (HAgent), a
specialized agent built by fine-tuning open-source LLMs. We propose a novel two-stage fine-tuning framework
to train HAgent, which uniquely requires no manual data annotation. The first stage, Supervised Fine-Tuning
(SFT), endows the agent with the fundamental ability to generate hints by learning the mapping between data-
base schemas, questions, and corresponding hints from synthetically generated data. The second stage, Prefe-
rence Learning Optimization, further refines the agent's capabilities. This stage addresses the challenge of cap-
turing fine-grained details, where minor inaccuracies can lead to incorrect SQL. By training the model to distin-
guish between positive (correct) and negative (incorrect) hint examples, this stage significantly enhances the pre-
cision and reliability of the generated hints. Extensive experiments on five benchmark datasets and ten different
LLMs validate our approach. When used as a standalone method, Hint-SQL achieves performance comparable to
state-of-the-art techniques. More importantly, when integrated with existing methods, it acts as a powerful en-
hancer. On the challenging BIRD dataset, Hint-SQL boosted the execution accuracy of the current leading me-
thod to 71.58%, an absolute improvement of 4.37%. This study not only demonstrates the profound impact of
tailored, dynamic hints in Text-to-SQL tasks but also offers a robust and automated framework for their genera-
tion, providing valuable insights for future research in this domain.
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B SQL. HA: s FEnr LUm I LR 2 A X
L&
Puys(ylx)=

S'r 'rA'rB'iC'iIri i Ji )
PLLMs <y | ({ i QI.(S I.Q ;1 Bl p I);l}lgn ))#(6)

Hr, xRELT LLMs K52 B3R, B HmM R
B LK S RIAT S5 AR . M AT TS N 2 A
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TEZR L PR AR US| I B O A2 FERT £ 500
. i I B, M B m AL, Al
F Adam 4623, 2% 31 %N 5e-6, PSR E N 0.2,
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SQL A= Bifk it LLMs, A3 K 31 10 S
U5 LLMs LLaMA3.1-8B-Instruct!*®!

( LLaMA3.1-8B ) . LLaMA3.1-70B-Instruct™®

( LLaMA3.1-70B ) . Qwen2.5-7B-Instruct™’

( Qwen2.5-7B ) Qwen2.5-72B-Instruct!*”!
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B — B R R R B fE L HE B R R
DAIL-SQL, Zr7l#EFt+ 1 0.97%F1 3.46%. BLAk,
Hint-SQL AMX ] LAME ST J7 8, I fE -5 HoAth
kg G LI sR I RE, flngsA RSL-SQL )&,



10

it 5Pl E R
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ISEER et K. L K, 7F Spider #1 BIRD %%
A I, Hint-SQL K ixX S 75 ik MBAT R R 13 4
WIFRTE T 2.74%H1 4.63%. FHorv, fEf Bk
BIRD ##a4k FigFt W3, DIN-SQL. MAC-SQL
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PRl BT A4 A« e i iE e 4,
B AN P 7 KB Y A R AT R 0 T g R A
o IXFRRFPELE IS N FH A EANME, BN E Rk

5 AT DA 25 B AR T AR 491 2 P A
T BEAER 0 2 B AR A ) B3R, g 7 vE TE L S
PE.
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B RORE B it 2 ST B B

el What is the unabbreviated mailing street address of the school with the highest FRPM count for K-12 students?

BN RER The question is looking for the full mailing street address of the  The question is looking for the full mailing street address of the
school with the largest number of students eligible for FRPM bene-  school that has the highest count of students eligible for FRPM
fits. (Free and Reduced-Price Meal) benefits for K-12 students.

BMEERE  This requires joining two tables (from and schools), sorting the  This requires joining two tables (frpm and schools), sorting the
results by the FRPM count, and selecting the top result. results by the FRPM count in descending order, and selecting the

top result.

SQL ‘B4 SELECT _FROM _JOIN_ON_=_ORDERBY _LIMIT _ SELECT _ FROM _ JOIN _ ON _ = _ ORDER BY _ DESC

LIMIT _
SQL SELECT T2.MailStreet FROM frpm AS T1 JOIN schools AS T2 ON T1.CDSCode = T2.CDSCode ORDER BY T1."FRPM Count
(K-12)' DESC LIMIT 1

FH If there are any, what are the websites address of the schools with a free meal count of 1,900-2,000 to students aged 5-17? Include the name
of the school.

EXERR The question is looking for the websites and names of schools  The question is looking for the websites and names of schools that
where the count of students receiving specific benefits within a  have a free meal count for students aged 5-17 within the range of
certain age range falls between 1,900 and 2,000. 1,900 to 2,000.

BIELR This requires joining two tables: one containing school information  This requires joining two tables: one containing school information
and the other containing free meal counts, and then filtering the  and the other containing free meal counts, and then filtering the
results based on the student age. results based on the free meal count.

SQL H# SELECT _, _ FROM _ JOIN _ ON _ = _ WHERE _ BE- SELECT _, _ FROM _ JOIN _ ON _ = _ WHERE _ BE-

TWEEN _AND _

TWEEN _AND _AND _
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SQL SELECT T2.Website, T1."School Name™ FROM frpm AS T1 JOIN schools AS T2 ON T1.CDSCode = T2.CDSCode WHERE T1. Free
Meal Count (Ages 5-17)° BETWEEN 1900 AND 2000 AND T2.Website IS NOT NULL

FFias In which Formula_1 race did Lewis Hamilton rank the highest?

B ERE The question is looking for the name(s) of the Formula 1 race(s) The question is looking for the name(s) of the Formula 1 race(s)
where Lewis Hamilton achieved his highest ranking. where Lewis Hamilton achieved his highest ranking.

BRIELRR This requires first identifying the driver’s unique identifier by  This requires first identifying the driver’s unique identifier by
filtering for their full name, then retrieving all race records asso- filtering for their full name, then retrieving all race records where
ciated with that driver, and finally fetching the corresponding race  that driver achieved the highest ranking, and finally fetching the
names based on the race IDs. corresponding race names based on the race 1Ds.

LMK  SELECT _ FROM _ WHERE _ = ( SELECT _ FROM _ SELECT _ FROM _ WHERE _ IN ( SELECT _ FROM _
WHERE _=(SELECT _FROM_WHERE = AND_=_)) WHERE =_AND _=(SELECT FROM _WHERE _=_

AND _=_))
SQL SELECT name FROM races WHERE raceld IN ( SELECT raceld FROM results WHERE rank = 1 AND driverld = ( SELECT drive-
rld FROM drivers WHERE forename = 'Lewis’ AND surname = 'Hamilton') )
zero-shot text-to-sql capability. arXiv preprint arXiv:2303.13547, 2023.
6 é:éﬁ;% [2] Li J, Hui B, Qu G, et al. Can lim already serve as a dtabase interface? a
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BRAENERE WA
1% Your task is to analyze the semantic hint of a Text-to-SQL task. You will be provided
ik with a database schema, a question, SQL query, and intent-related schema elements.

Referring to intent-related schema elements, rephrase the question to clarify the query
objective.

bl Database Schema:
CREATE TABLE "department" (

"Department_ID" int;

Question: List the name, born state and age of the heads of departments ordered by
age.

SQL: SELECT name, born_state, age FROM head ORDER BY age

Intent-related schema elements: name, born_state, age .

Semantic hint: The question is asking for a list of the names, birth states, and ages of
the heads of departments, sorted by their age in ascending order.

(.. RfhTH..)

Database Schema:
ﬁﬁﬁ CREATE TABLE "stadium" (

“Stadium_ID" int,

JA 7l Question: Show the name and the release year of the song by the youngest singer.
SQL  SQL: SELECT song_name, song_release_year FROM singer ORDER BY age LIMIT
1

P TR Intent-related schema elements:  song_name, song_release_year

B14 4 RiE LR R UK ARG
A2 BRI G AR RIA
B LR 11 2 AR 17 T 51 9 LLMs {8 P SQUAE 1 1)
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BB RIELR MiorA

% Your task is to analyze the operational hint of a Text-to-SQL task question. You will
Z be provided with a database schema, a question, SQL query, and the semantic hint.
#ig Using SQL-specific thinking to plan a series of operational steps to achieve the query
objective in t the semantic hint.

7~ffl  Database Schema:
CREATE TABLE "frpm" (
"CDSCode" text;
(... HfigZA14y...)
Question: Please list the lowest three eligible free rates for students aged 5-17 in
continuation schools.

SQL: SELECT “Free Meal Count (Ages 5-17)" / “Enrollment (Ages 5-17)° FROM
frpom WHERE "Educational Option Type™ = ‘Continuation School' AND “Free Meal
Count (Ages 5-17)" / “Enrollment (Ages 5-17)" IS NOT NULL ORDER BY “Free
Meal Count (Ages 5-17)" / “Enrollment (Ages 5-17)° ASC LIMIT 3,

Semantic hint: The question is asking for the lowest three free meal eligibility rates
for students aged 5-17 in continuation schools.

Operational hint: This requires focusing on continuation schools as specified by the
Educational Option Type, calculating the free meal eligibility rate using the formula
‘Free Meal Count (Ages 5-17)/Enrollment (Ages 5-17)’, sorting the results from
lowest to highest, and selecting the first three entries.

(. MR H..)

¥4 PE  Database Schema:
CREATE TABLE "account” (
"account_id" text;
(... HAtup ez,
FA 7 B Question: How many accounts who choose issuance after transaction are staying in
East Bohemia region?

SQL  SQL: SELECT COUNT(T2.account_id) FROM district AS T1 JOIN account AS T2
ON T1.district_id = T2.district_id WHERE T1.A3 = 'east Bohemia' AND
T2.frequency = 'POPLATEK PO OBRATU',

iE X £&& Semantic hint: The question is looking to count the number of accounts that have
chosen issuance after a transaction and are located in the East Bohemia region.

Kl 15 & dRIELR Mt 1 R
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FgEps  Database:

CREATE TABLE account (
"account_id" text;
(... Hftbit9%1...)
FA7 e & Question: How many accounts who choose issuance after transaction are staying in
East Bohemia region?
5 RS Analyze the query intent based on the given table and columns, and clarify the query
(I%)  objective.

|
LR BIEAR T

/P Database Schema:

CREATE TABLE "frpm" (
"CDSCode" text;
(... HMbpgZAI7...)

R I Question: How many accounts who choose issuance after transaction are staying in
v East Bohemia region?

B gy Semantic hint: The question is looking to count the number of accounts that have
chosen issuance after a transaction and are located in the East Bohemia region.

5 Based on the given tables and columns, combined with the question and semantic
b hint, use SQL-specific thinking to plan the SQL operational steps required to achieve
(@) the query objective outlined in the semantic hints

|
B SR TR R

HA{EE Database Schema:
CREATE TABLE "frpm" (

"CDSCode" text;
HAgent (... ZMbig#F7...)
I jal B Question: How many accounts who choose issuance after transaction are staying in

East Bohemia region?
iE X £F& Semantic hint: The question is looking to count the number of accounts that have
chosen issuance after a transaction and are located in the East Bohemia region
BERR Operational hint: This requires filtering accounts based on their issuance preference
= and location, and then counting the filtered results.
f£45-#5 4 Based on the given tables and columns, understand the content of semantic hint and
(1) operational hint, and map the question to a specific SQL skeleton.

GhskE ]

SELECT _FROM _JOIN _ON_=_WHERE _=_AND _=

K16 2 A R T R
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HI B Database:

CREATE TABLE account (
“account_id" text;
(... ZHhi94y...)
/* 3 example rows:
SELECT * FROM employee LIMIT 3;
~account_id | district_id | frequency | date
UM% 1) 18| POPLATEK MESICNE | 1995-03-24
2| 1| POPLATEK MESICNE | 1993-02-26
3|5 | POPLATEK MESICNE | 1997-07-07
*/
(.. BAMII#...)
it -- External Knowledge: 'POPLATEK PO OBRATU' represents for ‘issuance after
transaction’.
FH A B Question: How many accounts who choose issuance after transaction are staying
in East Bohemia region?
HENLEER  Semantic hint:The question is looking to count the number of accounts that have
chosen issuance after a transaction and are located in the East Bohemia region.
HIELRE Operational hint: This requires filtering accounts based on their issuance
preference and location, and then counting the filtered results.
ZHRE  Sturctural hint :SELECT _FROM _JOIN _ON_=_WHERE _=_AND _=_
LTV Semantic hint clarify the query’s objective, operational hint indicate the logical
steps of the query, and structural hint form the SQL skeleton. Based on the
provided tables and columns, please write a correct SQL.ite query to answer the

Hos Pt

question.
@
¥
SELECT COUNT(T2.account_id) FROM district AS T1 JOIN account AS T2 ON
SQL Ti.district_id = T2.district_id WHERE T1.A3 = ‘east Bohemia' AND

T2.frequency = 'POPLATEK PO OBRATU'

17 TR T RISQLAE R 1A A+ 41
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VR Database:
CREATE TABLE frpm (
CDSCode text;
(.. HA95Y...)
/* 3 example rows:
SELECT * FROM employee LIMIT 3;
CDSCode | Academic Year | County Code | District Code | ...

109835...| 20142015 | 01 | 10017 ...
112607...| 20142015 | 01 | 10017 ...
124024...| 2014-2015 | 19 | 64733 ..
|

(. HRNIE...)
-- External Knowledge: None.

B S Question: What is the administrator's last name that oversees the school with
Charter number 40? Indicate the district, the county where the school is situated,
and the name of the school.

BN 2k%E  Semantic hint: The question is looking for the administrator's last name and
additional details (district, county, and school name) for a school that is
identified by a specific Charter number.

#/ELRE  Operational hint: This requires retrieving data from a table and filtering the
results based on a condition..

& Sturctural hint: SELECT _, _, _,_FROM _WHERE _=_

1£%5484 (1) Semantic hint clarify the query‘s objective, operational hint ...
SQL SQL: SELECT AdmLNamel, District, County, School FROM schools WHERE
CharterNum = '0040'

(... RICHITH...)

Bl Database:
CREATE TABLE account (
"account_id" text;
(... FHOHTHY...)
I* 3 example rows:
SELECT * FROM employee LIMIT 3;
LK
(.. FMATE...)
FAREE External Knowledge: 'POPLATEK PO OBRATU' represents ...
e Question: How many accounts who choose issuance after transaction ...
" Semantic hint:The question is looking to count the number of accounts ...
BERR Operational hint: This requires filtering accounts based on their ...
HHIRE  Sturctural hint :SELECT_FROM _JOIN_ON _=_WHERE_=_AND _=_
H£4484-(1) Semantic hint clarify the query's objective, operational hint indicate ...

@
¥
SELECT COUNT(T2.account_id) FROM district AS T1 JOIN account AS T2 ON
sQL Ti.district_id = T2.district_id WHERE T1.A3 = 'east Bohemia' AND
T2.frequency = 'POPLATEK PO OBRATU'
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1 YRl BREDY = 0, DYy =0, Dy = 0;
2. FOR (S,0,47",B”",c”",19,1°,1°) € D}, DO
3. AR -

AY = HAgent — SFT(S;,Q;,1%)
B" = HAgent — SFT(S;,Q;, AY",1”)
¢;’" = HAgent — SFT(S;, Q, AY", BY", I°)
4. WEiE LR, AT AP 515 LLMs 5
J& Text-to-SQL £:55 :
SQLI™ = LiMs(S, Q. AT)
SQLA™™ = LLMs(S;, Qi A™™)

TAN Zhao, Ph.D. candidate. His main research areas are ma-

chine learning and natuxxral language processing.

5. H &
IF SQL! /" IE#s AND SQL/ ™4 THEN
A = SQLITIE AT = sQui "
IF SQL! /" #%i% AND SQL/ ™" IEHfy THEN
A; = SQLIT™ A7 = sQLI T

6. G eiE
ot = Dy U{(S;, Qi 14, 4;, A7)}
7. WAFHRELR, (EAIBY FIBY" 515 LLMs 58

Al Text-to-SQL:
SQLE™I = LiMs(S;, Qi B
SQLY™™ = LLMs(S;, Q;, B™"
8. F 45
IF SQLY™/* IE#i AND SQLE ™4 THEN
B; = SQLY™* B = QL ™"
IF SQLY ™/ 4% AND SQLP ™™ IE#fi THEN
B; = SQLE ™", Bl = sQL? /"

8. BRI 4
Dy =Dy U (5, Qi 1°, B, B}
10. WAFE%E, IF ¢7° # ¢ THEN
C=C""C = Cisft
1. RERT R

SQLE™' = LLMs(S;, Q;, C!)

IF SQLS M $UUTIER AND SQLS ™t 4 5

Cf —3 THEN
CONTINUE

ELSE

12. SEHHELE
Dy =Dy U{(S:, Qi 1%, €, €7}

13. END FOR
14. R[FID, = {Dgz'ﬂgz'ﬂﬁl}o
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Background

Text-to-SQL is a cross-disciplinary problem at the inter-
section of natural language processing and databases. Its goal is
to convert natural language queries into executable SQL state-
ments, enabling non-expert users to access data with ease. Cur-
rently, prompting large language models (LLMs) has become
the mainstream approach for tackling Text-to-SQL tasks. A
typical prompt includes demonstrations, the task database, user
queries, and task instructions. Recently, researchers have
started incorporating hints into prompts that provide specific
Text-to-SQL suggestions. However, most existing hints are
derived from statistical analyses of common errors in
Text-to-SQL tasks, rendering them generalized and less effec-
tive for diverse and specific queries.

This paper systematically explores the role of hints in
Text-to-SQL and introduces Hint-SQL, a novel SQL generation
method via task-specific hints. Hint-SQL employs a
Hint-generation Agent (HAgent) to produce tailored semantic,
operational, and structural hints, providing LLMs with precise

and actionable guidance. By integrating Hint-SQL, the effec-

LIU De-Xi, Ph.D., professor. His main research areas are social
media processing, information retrieval, and natural language

processing.

WAN Chang-Xuan, Ph.D., professor. His main research areas

are sentiment analysis and data mining.
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tiveness of six existing Text-to-SQL prompting methods is
significantly improved, with execution accuracy on the Spider
and BIRD datasets increasing by an average of 2.74% and
4.63%, respectively. Furthermore, Hint-SQL enhances the per-
formance of the state-of-the-art method, RSL-SQL, boosting its
execution accuracy on the Spider and BIRD datasets by 1.35%
and 4.37%, respectively. This study is the first to systematically
investigate the importance of hints in Text-to-SQL, offering
valuable insights and laying the foundation for future research
in this area.
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