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g User Question
What is the charter number of the school that the
average score in Writing is 499?
J

N
" N
x Pred SQL

SELECT T2.CharterNum FROM satscores AS T1 JOIN
schools AS T2 ON Tl.cds = T2.CDSCode WHERE
T1.AvgScrWrite IS NOT NULL AND T2.CharterNum IS
NOT NULL GROUP BY T2.CharterNum HAVING
AVG(T1.AvgScrWrite) = 499;

- J

[« 6Gold sQL |

SELECT T1.CharterNum FROM schools AS T1 INNER
JOIN satscores AS T2 ON T1.CDSCode = T2.cds
WHERE T2.AvgScrWrite = 499

_ J

1: A BIRD JFAR i, HApifik EA R Pred SQL
P WUEAT T BB BRI R AR
PR BEATRA, N IR S SR — BT ok 499
IS i

A, XS, RERETE B eeE) (ICL) iR,
MAEER T H et B ARK -, 5 R L 58
R ERITERE . (Powrreza and Rafiei 2023; Li et al.
2023a; Liu et al. 2024)

Despite this significant progress, a critical chal-
lenge persists: ensuring the generated SQL query is not
only syntactically correct but also semantically faith-
ful to the user’s original intent. This challenge stems
from the inherent semantic gap between an unstruc-
tured Natural Language Question (NLQ) and the for-
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mal structure of SQL, which remains a primary source
of failure. A syntactically valid query can still misinter-
pret the user’s goal, producing plausible but erroneous
results that are difficult to detect. For instance, as il-
lustrated in Figure 1, when asked for a school whose
“average score” column has a value of 499, a model
might instead generate a query that performs an un-
necessary aggregation, calculating the average of the
“average score” column across a group of schools and
checking if that new result is 499. This error, transform-
ing a direct filtering condition (‘WHERE?’) into a flawed
aggregation condition (‘HAVING’), highlights the inad-
equacy of syntax-only verification. While existing state-
of-the-art methods employ techniques like query decom-
position (Gao et al. 2024a; Xie, Wu, and Zhou 2024) and
multi-agent collaboration (Wang et al. 2025) to ensure
that LLMs generate reasonable SQL, they often lack
a dedicated mechanism to robustly validate the final
query’s logic against the NLQ’s semantics.
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Database ID: car_1

# Table: continents

(ContId, cont id [PRIMARY KEY]. Value examples:column type is
INTEGER, [1, 2, 3, 41.),

(Continent, continent. Value examples:column type is TEXT,
['europe', 'australia', 'asia', 'america'l.)

# Table: countries

(CountryId, country id [PRIMARY KEY]. Value examples:column type is
INTEGER, [1, 2, 3, 4]1.),

(CountryName, country name. Value examples:column type is TEXT,
['usa', 'uk', 'sweden', 'russia'l.),

(Continent, continent [FOREIGN KEY — continents.ContId]. Value
examples:column type is INTEGER, [2, 1, 5, 4]1.)

69 Foreign keys

countries. ‘Continent’ = continents.'ContId"
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Algorithm 1: SQL #2351k

BN FE g, BdEPE db, LS, WIlh SQL
5qlpre

il H®Z& SQLsql

: sql < ReduceFormat(q, sqlpre, S”)
: count <0
: while count < maxTryTime do
(pass, err, res) + execTool(sql, db)

dlL]

i}

1

2

3

4

5:  if pass then
6

7 else

8 vals « valueRetrieve(q, sql, S’, db)

9: sql < Refiner(q, sql, S’, err, res, vals)
10: end if
11:  count < count + 1
12: end while

13:

14: return sql
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2024a), MAC-SQL(Wang et al. 2025) . MAG-SQL(Xie,
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Hik mER MRt mE |
GPT-4 (zero-shot) - - - 46.35 51.75
Deepseek-v3 (zero-shot) 49.84 34.70 25.52 42.96 53.25
DIN-SQL + GPT-4 - - - 50.72 58.79
MAG-SQL + GPT-4 - - - 61.08 -
DAIL-SQL + GPT-4 63.02 45.59 43.05 54.76 -
CogSQL + GPT-4 - - - 59.58 64.30
CogSQL + Deepseek-v2 64.11 46.67 39.58 56.52 -
MAC-SQL + GPT-4 65.73  52.96 40.28 59.39 66.24
MAC-SQL + Deepseek-v3 62.92 50.75 43.75 57.43 68.40
GBV-SQL + Deepseek-v3 (ours) | 69.51 54.62 50.69 63.23 (15.8%) | 69.87
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| A2:Incorrect Semantic & Logical
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'~ A3: Syntactic & Execution Errors

New Gold Error
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B1: Ambiguity

B. Flawed Natural
L Questi

B2: L
Assumptions

& Implicit

The SQL captures the basic intent of
——the NLQ but is not the optimal or most
standard representation.
~A2.2: Incorrect JOIN Logic

\~A2.3: Improper Query Conditions

A2.4: Incorrect Aggregation/Grouping
Logic
|~ A2.5: Incorrect Value Usage

'~ A2.6: Nuanced Implementation Errors

'~A2.7: Incorrect Sorting Logic

'-~A2.8: Deduplication Errors
A3.1: Syntax Errors
{AS.Z: Schema Mismatch
B1.1: Lexical/Semantic Ambiguity
B1.2: Syntactic Ambiguity

B1.3: Schema-Induced Ambiguity

B2.1: Implicit Assumptions

B2.2: Ambiguous JOIN Decisions

The is logically

B3:L
Questions

C1: Dirty Data
C. Database Errors
C2: Deficient Schema Design

or Self-C ictory

or requests information unavailable in
the database.

The database contains erroneous or
inconsistent data.

The database's schema has structural
or design flaws.

Bl 5 BB e R K
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& 6: Gold Error Z5FI¥E Spider HIT & £/ i) 01 15
o, He EX=0,

SN TR, RO REBRAL ] — R S PR AR R T RE
HATENE, BRI R AR RIS
SQLChecker 2 FEUR ML NI . X 3R 1Ayl
PATHERNIE RS A M H 5 T AT (BEX) 3P
RIS -

INTEGER
INTEGER
TEXT

FlightNo
Airline
SourceAirport
DestAirport

INTEGER  uid

TEXT Airline

TEXT Abbreviation
TEXT Country

~A2.1: Incorrect Table/Column Selection — The SQL uses incorrect tables/columns or omits necessary ones.

——The SQL's join types or conditions are incorrect.

__The SQL's "WHERE' or "HAVING' filtering logic is incorrect, redundant,
or missing.

__The sQL's aggregate functions or ‘GROUP BY" clauses are used
incorrectly.

~——The SQL hardcodes incorrect literal values in its conditions.
A2.6.1: Improper handling of NULL values

{AZ.G.Z: Issues from implicit data type conversions

~——The SQL's sorting column or direction ("ASC’/"DESC’) is incorrect.

___The "DISTINCT" keyword is either missing when required or used
unnecessarily.

——The SQL query itself contains syntax errors and cannot be parsed.

___The SQL references tables or columns that do not exist in the
database schema.

A word or phrase in the question has multiple valid meanings.

The grammatical structure of the question allows for multiple parse
trees.

A term in the question can map to multiple elements in the database
schema.

The question lacks necessary details, forcing the annotator to make a
subjective assumption.

The question does not clearly specify how tables should be joined.
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SELECT T1.City FROM AIRPORTS AS T1 JOIN FLIGHTS AS T2 ON T1.AirportCode

[SELECT City, Country FROM AIRPORTS WHERE AirportName = "Alton"
[= T2.DestAirport GROUP BY T1.City ORDER BY count(*) DESC LIMIT 1
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