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ABSTRACT

Large language models (LLMs) have advanced Text-to-SQL by
enabling natural language interfaces to databases without task-
speci�c �ne-tuning. However, existing LLM-based systems remain
unreliable, often generating SQL queries that are invalid under
the database schema, referencing non-existent tables, attributes,
functions, or values. Such errors persist because interactions with
the database management system (DBMS) are typically limited to
error messages, leaving it in a largely passive role during query
re�nement. This paper proposes SafeQL, a search-based re�nement

paradigm that rede�nes the role of the DBMS as an active guide in

the re�nement process. Instead of regenerating entire queries after
execution failure, SafeQL interprets DBMS feedback to incremen-
tally repair only the erroneous components. Each re�nement step
is formulated as a guided search within a safe query space, where
candidate queries are progressively validated through DBMS exe-
cution, thereby converging to an executable query and preventing
repeated regeneration of errors. Experiments on the Bird and Spider
benchmarks show that SafeQL signi�cantly improves execution
accuracy and e�ciency compared to regeneration-based methods.
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1 INTRODUCTION

Natural language interfaces to databases (NLIDBs) have long been
a key research goal at the intersection of database systems and nat-
ural language processing [11, 58]. Among them, Text-to-SQL—the
task of translating a natural language question into an executable
SQL query—represents the most concrete realization of this vision,
enabling users to access structured data through natural language
rather than query syntax. By eliminating the need for SQL expertise,
Text-to-SQL systems make data access more inclusive and have
broad applications in analytics, business intelligence, and scienti�c
data exploration [12, 13, 21].
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Research on Text-to-SQL has evolved through several genera-
tions. Early symbolic systems such as PRECISE [29], NaLIR [17],
SQLizer [55], and ATHENA [36] relied on rule-based parsing and
semantic grammars that explicitly mapped natural language to SQL
templates. Although interpretable, these systems were fragile and
required manual engineering for each domain. Subsequent neu-
ral semantic parsers replaced handcrafted rules with data-driven
models trained on paired natural-language and SQL examples. Rep-
resentative models include Seq2SQL [63], SQLNet [53], IRNet [9],
RAT-SQL [49], and SmBoP [35], which introduced neural encoders
and schema linking for cross-domain generalization. Later work
incorporated syntax constraints and intermediate representations
to improve validity and cross-schema transfer [20, 38]. Despite sub-
stantial progress, these models still require expensive annotation
and retraining whenever the database schemas change, limiting
their scalability in practical deployments.

The emergence of large language models (LLMs) such as GPT [3]
has profoundly transformed the Text-to-SQL landscape. Prompt-
based approaches like DAIL-SQL [7] and MCS-SQL [15] demon-
strated that general-purpose LLMs can perform Text-to-SQL gen-
eration through schema-aware prompting, without task-speci�c
�ne-tuning. Building on this paradigm, subsequent prompting tech-
niques—including few-shot sampling [3, 7, 15, 19, 24, 47], chain-of-
thought reasoning [50, 59], and least-to-most decomposition [31, 32,
64]—further improved logical coherence and interpretability. More
recently, multi-agent systems including MAC-SQL [48], CHESS-
SQL [42], CHASE-SQL [30], Alpha-SQL [16], and OpenSearch-
SQL [52] have introduced collaborative reasoning, in which multi-
ple LLM agents decompose, verify, and align candidate SQL queries
to ensure consistent output. These systems mark a shift from one-
shot generation to autonomous reasoning pipelines that incorporate
coordination among multiple agents.

Despite these advances, reliability remains a critical challenge
due to the inherent hallucination tendencies of LLMs. In practice,
many failures arise when generated queries cannot be executed,
for example, due to references to nonexistent relations, attributes,
or functions. Even state-of-the-art LLMs often produce queries that
appear plausible but fail at the DBMS level. Such failures expose
a mismatch between the user’s intent and the database schema
and disrupt downstream work�ows, making it essential to re�ne
queries into safe (i.e., executable) ones.

Recent studies [31, 34, 42, 48, 52] have attempted to mitigate this
issue through regeneration-based re�nement: executing the gener-
ated SQL, capturing DBMS error messages, and prompting the LLM
to regenerate a corrected query. However, this paradigm treats the
DBMS primarily as a passive checker that provides error messages,
and repeatedly regenerates entire queries based on the errors. As a
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result, the regeneration loop is both ine�cient—requiring excessive
tokens and computation—and unreliable, often reintroducing previ-
ous errors with no guarantee of convergence. Figure 1(a) illustrates
a regeneration-based re�nement process. The model begins with
an initial query @0, which fails during execution. Upon failure, the
entire query is discarded, and a new query @1 is regenerated based
on the previous error message. This cycle repeats (e.g., @2, @3 . . . )
until an executable query is obtained. Each iteration re-parses and
re-executes the entire query, resulting in redundant computation
and limited reuse of valid fragments.

In contrast, we propose SafeQL, a re�nement framework that
achieves safe and e�cient correction through a search-based re-

�nement paradigm that fundamentally rethinks how Text-to-SQL
errors are corrected. Rather than discarding the initial query @0,
SafeQL interprets and incrementally re�nes it. As shown in Fig-
ure 1(b), when@0 fails, SafeQL does not regenerate a new@1. Instead,
it analyzes the DBMS feedback to precisely locate the faulty com-
ponent—whether a relation, attribute, or function—and applies a
minimal, structure-preserving correction as depicted in blue arrows
in the Figure 1(b). This transforms @0 directly into re�ned and exe-
cutable queries, while preserving all valid fragments of the original
logic. Through this process, SafeQL replaces the traditional trial-
and-error regeneration loop with a guided search over a safe query
space as depicted in the green part of the Figure 1(b), where candi-
dates are incrementally repaired to satisfy schema-level constraints
enforced by the DBMS. Since this safe query space may contain
multiple executable re�nements for a single input @0—for example,
when an unknown attribute can be repaired using several attributes
in the schema-—SafeQL selects the candidate that is semantically
the most aligned with the initial query @0. This paradigm shift re-
de�nes the DBMS from a passive checker into an active reasoning

engine that incrementally narrows the search to the most faithful
executable query, improving both safety and e�ciency.

DBMSDBMS 𝑞0

𝑞0
(a) Regenera�on-based refinement (b) Search-based refinement

execu�on layer 1

(check rela�ons)

LLM

execu�on layer N

(check types)

execu�on layer 2

(check a�ributes)

𝑞0
Error

𝑞2
Error

𝑞1

Error

execu�on layer 1

(check rela�ons)

LLM

execu�on layer N

(check types)

execu�on layer 2

(check a�ributes)

Execu�on result

Figure 1: High-level comparison of re�nement paradigms.

Beyond the paradigm itself, the e�ectiveness of SafeQL critically
depends on how search and optimization processes are conducted.
The safe query space can grow exponentially, as each detected error
may yield multiple candidate substitutions for relations, attributes,
or values. To manage this combinatorial complexity, SafeQL em-
ploys a best-�rst search strategy guided by a semantic distance

metric that combines structural similarity and embedding-based
relevance. This prioritization ensures that the most promising can-
didates are explored �rst, improving convergence while preserving
the user’s original query intent. In terms of optimizations, SafeQL in-
corporates type-based pruning, which eliminates type-inconsistent

re�nements, and top- pruning, which restricts candidate substi-
tutions to the most semantically relevant ones. Together, these
optimizations make search-based re�nement both practical and
scalable.

Equally important is how SafeQL is realized as a practical, system-
level framework rather than merely an algorithmic concept. SafeQL
is integrated directly into the DBMS, enabling re�nement through
the database’s own parser, binder, and type analyzer instead of treat-
ing SQL as plain text. This tight integration allows for precise error
localization, while system-level optimizations—such as caching and
vector indexing—make semantic similarity computations e�cient at
scale. Moreover, SafeQL incorporates a hybrid re�nement strategy

that combines its search-based re�nement with selective regen-
eration to handle cases where the initial query is fundamentally
misgenerated. Together, these system-level integrations make our
SafeQL a complete, end-to-end framework that delivers reliable and
e�cient Text-to-SQL re�nement in real-world environments.
Our main contributions are summarized as follows:
• We propose a search-based re�nement paradigm that reformu-
lates Text-to-SQL re�nement as a guided exploration of a safe
query space, where execution feedback serves as actionable se-
mantic guidance rather than passive error reporting.

• We propose a best-�rst search guided by a semantic distance
metric, augmented with type-based and top-K pruning, enabling
scalable and accurate re�nement.

• We implement SafeQL as a DBMS-integrated re�nement frame-
work, incorporating caching, vector indexing, and hybrid re�ne-
ment to achieve e�cient and robust execution.

• We conduct comprehensive experiments on Bird and Spider
benchmarks, demonstrating up to 5.8% improvements in exe-
cution accuracy and 15⇥ reductions in token usage compared to
regeneration-based baselines.

The remainder of this paper is organized as follows. Section 2
provides background and de�nitions. Section 3 introduces the safe
query space and the re�nement tree formulation. Section 4 details
the search strategy, and Section 5 presents pruning optimizations
for scalable re�nement. Section 6 describes the system architecture,
and Section 7 reports the experimental results. Finally, Section 8
discusses related work, and Section 9 concludes the paper.

2 PRELIMINARIES

2.1 Text-to-SQL Stages

The Text-to-SQL task translates a natural language question into
an executable SQL query over a given database. Typically, this
process can be decomposed into three stages: (1) extracting database
information, (2) generating candidate SQL queries, and (3) re�ning
them using DBMS execution. We formalize these stages as follows.

De�nition 1 (Text-to-SQL Process). Let ⇡ denote a database, and
let N , P, and Q denote the natural language, prompt, and query
spaces, respectively. The Text-to-SQL process is de�ned as

N
5extract
�����! P

5generate
������! Q

5re�ne
�����! Q, where:

• Extraction.

5extract : N ⇥ ⇡ ! P

interprets the natural language question in the context of ⇡ and
constructs a prompt enriched with database-level hints.
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• Generation.

5generate : P ! Q

synthesizes an SQL query using the LLM that re�ects the intent
expressed in the prompt.

• Re�nement.

5re�ne : Q ⇥ ⇡ ! Q

corrects the generated query using feedback obtained fromDBMS
execution over ⇡ . É

Although LLMs can generate plausible SQL queries, they may
still su�er from hallucinations. Hence, the re�nement stage us-
ing DBMS execution is crucial to ensure reliability, regardless of
whether the generation is based on the prompt [7, 15, 19, 31, 59] or
the agent [5, 16, 40, 42, 52].

2.2 Re�nement Stage

In the re�nement stage, the execution of the DBMS plays a central
role in guiding the correction of the query, as shown in Figure 1.
Execution errors provide essential feedback signals that enable the
Text-to-SQL system to identify and correct invalid parts of a query.
By interpreting these errors, the system can transform an invalid
query into one that is both executable and semantically faithful
to the user’s intent. To formalize how DBMS execution supports
this process, we �rst de�ne the notions of Database and Execution

Error, describing how DBMS is utilized during re�nement. Here,
we adopt a simpli�ed database de�nition tailored for Text-to-SQL
scenarios (e.g., assuming that all attributes in �CCB are distinct).

De�nition 2 (Database). A database ⇡ is a collection of relations,
attributes, and values under schema and type constraints. Formally,

⇡ = ('4;B,�CCB,+0;B,)~?B,⇤, �), where:

• '4;B and�CCB are the sets of relations and attributes, respectively.
• +0;B is a set of instance-level values that populate the relations.
• )~?B is a set of data types (e.g., int, varchar, text).
• ⇤ : '4;B ! 2�CCB is a relation signature mapping each relation to
its corresponding set of attributes.

• � : �CCB [ +0;B ! )~?B is a type constraint mapping each
attribute or value to its data type. É

Figure 2 illustrates a simple schemawith two relations,Users and
Posts, where ⇤(Users) = {ID, name, age} and �(name) = varchar.

�me

(date)

txt_len

(int)

txt

(text)

UserID

(int)

2025/7/281,3521

2025/9/259731

2025/10/187,4923

Users Posts

age

(int)

name

(varchar)

ID

(int)

24James1

20Leo2

26Hana3

𝑅𝑒𝑙𝑠 : bold���𝑠 : italic��𝑙𝑠 : plain	
�𝑠: (bracket)

Figure 2: Example of a database.

During query re�nement, some candidate queries fail during
execution due to schema or type violations. We refer to these cases
as execution errors, as formally de�ned as follows.

De�nition 3 (Execution Error). Consider a DBMS that manages
a database ⇡ . We denote the execution of @ 2 Q by the DBMS as
⇡ ` @ ) »@…, where DBMS executes @ on ⇡ and returns the
result »@…. An execution error occurs when the execution fails, in
which case we write:

DBMS : ⇡ ` @ ) n (@),

where n (@) is the error reported by the DBMS. The most common
errors in the Text-to-SQL scenario include:

• unknown relation: The query references a non-existent table.
• unknown a�ribute: The query refers to an unde�ned column.
• unknown function (or operator): The query invokes a function
(or operator) not supported by the DBMS.

• empty result: The query executes successfully, but returns no
tuples due to unsatis�able predicates. É

Figure 3 presents typical examples of execution errors along
with their correct (gold) SQL counterparts. The top-left query fails
because it references a non-existent attribute (username), whereas
the top-right query accesses attributes (txt, time) from another
relation without performing a join. In the bottom-left example, the
function str�ime fails to execute, illustrating how dialect-speci�c
di�erences in SQL function support can cause errors. Finally, the
bottom-right query returns an empty result due to a case-sensitive
predicate mismatch (‘leo’ vs. ‘Leo’). Although empty results do
not trigger runtime errors in standard DBMSs, many Text-to-SQL
benchmarks treat them as errors [34, 39]. We follow this convention,
while noting that empty results may not always correspond to
incorrect queries in practice. Our system also provides con�gurable
controls for re�nement per error type, and reports detailed error
statistics (Figure 9) to facilitate analysis.

Error: unknown a�ribute

SELECT ID, username, age

FROM Users

WHERE age >= 24;

SELECT ID, name, age

FROM Users

WHERE age >= 24;

SELECT txt, time

FROM Users

WHERE age >= 24;

SELECT txt, time

FROM Users

JOIN Posts ON UserID = ID

WHERE age >= 24;

SELECT txt

FROM Posts

WHERE

strftime(′y′,time) = 2025

SELECT txt

FROM Posts

WHERE

date_part(′y′,time) = 2025

Generated

SQL

SELECT name, age

FROM Users

WHERE name = ′leo′;
SELECT name, age

FROM Users

WHERE name = ′Leo′;

(a) Errors requiring different types of refinements

(b) Errors lacking inferable hints from error messages

Error: unknown func�on

Gold

SQL

Generated

SQL

Gold

SQL

Error: empty result

Error: unknown a�ribute

Figure 3: Examples of erroneous SQLs and gold SQLs.

Regeneration-based Text-to-SQL methods [31, 34, 42, 48, 52]
attempt to correct these errors through a regeneration-based re-
�nement process, formally de�ned as follows.

De�nition 4 (Regeneration-based Re�nement). Let @8 2 & denote
the query at iteration 8 (8 � 0). The re�nement process

5
regenerate
re�ne

: Q ⇥ ⇡ ! Q, consists of:

• Execution. The DBMS executes the current query @8 . If execu-
tion succeeds (i.e., ⇡ ` @8 ) »@8…), it returns the result »@8….
Otherwise, if execution failed, it returns an execution error n (@8 ).

• Regeneration. The re�ner updates the prompt ?8 into the new
one ?8+1 with the error information and regenerates a new query:

?8+1 = (?8 ,@8 , n (@8 )), @8+1 = 5generate (?8+1)

This repeats until a valid query @: satis�es ⇡ ` @: ) »@:…. É
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Figure 4 illustrates this common prompt structure adopted by
most regeneration-basedmethods. However, as shown in Figure 3(a),
identical error messages Error: unknown attribute may correspond
to di�erent underlying causes, each requiring a distinct re�nement
strategy. Moreover, as shown in Figure 3(b), DBMS error messages
often provide little or no actionable guidance, making it di�cult for
the model to determine the correct �x. To alleviate these limitations,
several follow-upmethods [34, 42, 52] enrich the error context. RED-
SQL [34] augments the error message with constraints violations

details to provide a more informative signal. Meanwhile, CHESS-
SQL [42] and OpenSearch-SQL [52] incorporate few-shot re�nement

examples to guide the model toward more plausible re�nements.
Despite these improvements, all regeneration-based methods

fundamentally rely on the LLM to regenerate an error-free query.
Since the model o�ers no guaranty that a newly generated query
will execute successfully, the process often requires multiple it-
erations before convergence. This iterative regeneration loop is
both computationally expensive and time-consuming, signi�cantly
increasing LLM token usage and system latency.

Refine the SQL based on the followings.

[�estion]

Show me the posts from people who are older than 24

[Database Schema]

CREATE TABLE Users (ID int, name varchar, age int)

CREATE TABLE Posts (UserID int, txt text, time date)

[Generated SQL]

SELECT txt, time FROM Users WHERE age >= 24

[Execution result] Error: unknown a�ribute - txt

[Few shot] {refinement examples}

Figure 4: Example of a regeneration prompt.

3 SAFE QUERY SPACE

This section formalizes the search space in which SafeQL performs
query re�nement. Unlike regenerating entire queries after each
failure, SafeQL systematically explores a structured space of re-
�nements—syntactic transformations that incrementally repair an
erroneous query based on its observed error. SafeQL focuses on
error-directed transformations, i.e., targeted adjustments that resolve
the speci�c cause of failure while retaining the original query’s
structure and intent. We �rst de�ne by de�ning the atomic re�ne-
ment step, then construct the safe re�nement tree that organizes
these steps into error-resolving paths, and �nally formalize the safe
query space comprising executable, error-free queries.

3.1 Re�nement Step

We begin with a simpli�ed SQL grammar that captures the core
syntactic components. Section 6.4 later extends this grammar to
support subquery, aliasing, and other complex SQL structures.

Query ::= SELECT S FROM F WHERE W

F ::= R | F JOIN R ON W

W ::= 01 �
† 02 | 0 � E

S ::= E | 0 | f(01,02, ...)

Figure 5: Simpli�ed SQL syntax.
† The symbol � denotes a comparison operator (e.g., =, <, >).

Based on this grammar, we de�ne the re�nement stage a se-
quence of atomic re�nement steps, where each step is a transforma-
tion between two SQL queries that modi�es exactly one syntactic
component while preserving the structural validity of the query.
Each re�nement step corresponds to one of several canonical oper-
ations, formally described in De�nition 5.

De�nition 5 (Re�nement Step,
A
�! ). A re�nement step A is the

application of one of the following operations to a given SQL query.

• Relation Re�nement: replace a relation ' with another '0:

FROM '
A
�! FROM '0

• Join Re�nement: add a join with another relation '0 and a
suitable condition, 0:

FROM '
A
�! FROM ' JOIN '0 ON, 0

• Attribute Re�nement: replace an attribute 0 with another 00,
in either SELECT or WHERE. Typical cases include:

SELECT 0
A
�! SELECT 00

SELECT 5 (01,02, . . .)
A
�! SELECT 5 (001,02, . . .)

WHERE 01 � 02
A
�! WHERE 001 � 02 or WHERE 01 � 0

0
2

WHERE 0 � E A
�! WHERE 00 � E

• Value Re�nement: replace a constant value E with another E 0:

WHERE 0 � E A
�! WHERE 0 � E 0

• FunctionRe�nement: replace a function symbol 5 with another
5 0 while preserving its argument structure:

SELECT 5 (01,02, . . .)
A
�! SELECT 5 0 (01,02, . . .) É

3.2 Safe Re�nement Tree

Although each re�nement step de�nes a syntactically valid trans-
formation, executing all possible steps would lead to an excessively
large and semantically irrelevant search space. In practice, most exe-
cution errors arise from speci�c syntactic components of the query
(e.g., relations, attributes, or functions), and only re�nements target-
ing those components can e�ectively resolve the error [4, 26, 39].
For instance, an unknown relation error is typically resolved by
replacing the relation in the FROM clause, whereas an unknown

attribute error is commonly addressed by replacing the invalid
attribute in the SELECT clause. These re�nements di�ers from tra-
ditional rule-based generation [17, 36, 55], whose handcrafted rules
restrict what queries can be produced in the �rst place; SafeQL’s
re�nement act only after a query is generated, correcting errors
without limiting the overall expressiveness of the query. This obser-
vation motivates the notion of a safe re�nement tree, which de�nes
the entire search space of SafeQL that can be explored through
admissible re�nement steps for a given error.

De�nition 6 (Safe Re�nement Tree, Tsafe,@). Given an query @, the
safe re�nement tree Tsafe,@ is a directed tree that represents error-
resolving re�nement paths from @ and is de�ned as follows:

• The root of Tsafe,@ is the initial query @.
• An edge is added if the parent query produces an execution error.
• Each edge corresponds to a re�nement step

@
A
�! @0 for some A 2 R(n (@)).

Here, R(n) denotes the set of admissible re�nement operations
allowed for each error n :
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R(n) =

8>>>>>>>>>>><
>>>>>>>>>>>:

Relation Re�nement if n = unknown relation

Relation Re�nement
Join Re�nement

Attribute Re�nement

™Æ̈ if n = unknown attribute

Function Re�nement
Attribute Re�nement

◆
if n = unknown function

Value Re�nement if n = empty result É

For unknown attribute and unknown function errors, multiple
re�nement operations are admissible because their causes are often
indirect. An unknown attribute may not only indicate a misspelled
or mismatched column name, but also reveal that the necessary
relation has not been joined at all. Likewise, an unknown function

may arise either from an unde�ned function name or from invalid
arguments within its call—for example, when a missing attribute
renders the function signature invalid.

Figure 6 illustrates an example Safe Re�nement Tree. The root
query �rst fails with an unknown attribute error because the at-
tribute txt does not exist in the Users relation in the FROM clause.
Accordingly, SafeQL explores only the admissible re�nements for
this error type—Attribute, Join, and Relation re�nement—and Fig-
ure 6 highlights three representative re�nement steps:

(1) Relation Re�nement (Users! Posts);

(2) Join Re�nement (Users JOIN Posts ON UserID = ID);

(3) Attribute Re�nement (txt! name).

After the attribute error is resolved—e.g., txt is resolved through
the middle branch, where a Join Re�nement introduces the missing
Posts relation—the next level of the re�nement tree produces a
new failure in the function call. Although sum is a valid aggregate
function, it is not de�ned over string-typed arguments such as txt,
leading to an unknown function error. At this re�nement level, both
function-level and attribute-level corrections are admissible, and
two representative re�nements are shown:

(1) Function Re�nement (sum! count);

(2) Attribute Re�nement (txt! txt_len).

SELECT sum(txt)
FROM Users
WHERE age = 24

SELECT sum(txt)
FROM Posts
WHERE age = 24

SELECT sum(txt)
FROM Users
JOIN Posts ON ...
WHERE age = 24

SELECT sum(name)
FROM Users
WHERE age = 24

SELECT count(txt)
FROM Users
JOIN Posts ON ...
WHERE age = 24

SELECT sum(txt_len)
FROM Users
JOIN Posts ON ...
WHERE age = 24

SELECT count(name)
FROM Users
WHERE age = 24

SELECT sum(age)
FROM Users
WHERE age = 24

unknown a�ribute

unknown a�ribute unknown func�on

Users→ Posts
JOIN
Posts txt→ name

sum→ count sum→ count

unknown func�on

txt→ txt_len name→ age

……

Safe Query Space

…

…

Figure 6: Example of a Safe Re�nement Tree.

The example above provides the intuition that each execution
error can be resolved by one of the admissible re�nements de�ned

for its error type. To complete this intuition, we now formalize that
such error-resolving re�nements are not merely illustrative but are
guaranteed to exist within the Safe Re�nement Tree.

L���� 7 (R����������� �� E�������������� R����������).

Given a database ⇡ = ('4;B,�CCB,+0;B,)~?B,⇤, �) and the safe re-

�nement tree Tsafe,@ , every execution error n (@) at a node @ 2 Tsafe,@
has a corresponding re�nement edge (@,@0) such that the re�nement

operation A 2 R(n (@)) resolves the error under the database ⇡ .

To formalize this guarantee, we introduce a lightweight opera-
tional semantics [10] of SQL execution, in which an error judgment
⇡ ` @ ) n (@) is produced when the corresponding error condition
holds. Formally:

the error condition indicating a violation of execution premise

⇡ ` @ ) n (@)

P����. We analyze each error type by making its operational
error condition explicit and showing that at least one re�nement in
R(n) always restores the violated execution premise. Let relations(� )
denote the set of base relations that appear in the FROM clause � .
(1) Unknown Relation. SQL execution requires that every relation
referenced in � exist in the database schema:

9' 2 relations(� ), ' 8 '4;B

⇡ ` SELECT S FROM F WHERE W) unknown relation

A Relation Re�nement replaces the invalid ' with a valid
relation '0 2 '4;B , thereby restoring the failed premise. Thus, at
least one re�nement edge (@,@0) always exists.
(2) Unknown A�ribute. An attribute must belong to the union of
attribute signatures of all relations in F :

0 8
–

'2relations(� ) ⇤(')

⇡ ` SELECT a FROM F WHERE W) unknown attribute

This error can be repaired by one of the following re�nements:

(2.1) Relation Re�nement. Replace a relation ' in the FROM

clause with a relation '0 such that 0 2 ⇤('0), ensuring that the
referenced attribute exists in the revised schema context.
(2.2) Join Re�nement. Add a relation '0 to the query such that
0 2 ⇤('0), so that relations(� ) is extended with '0 and the at-
tribute reference to be valid.
(2.3) Attribute Re�nement. Replace the unresolved attribute
0 with an attribute 00 satisfying 00 2

–
'2relations(� ) ⇤('), making

the attribute reference to match one of the attributes provided
by the current FROM clause.

In either case, the violated condition is recoverable: if 0 exists
elsewhere in the schema, Relation or Join re�nement brings the cor-
responding relation into the query; otherwise, Attribute re�nement
replaces 0 with a valid attribute. Hence at least one re�nement edge
(@,@0) always resolves the error.
(3) Unknown Function. A function expression may fail for one
of two reasons: either the function itself is unsupported by the
DBMS, or the function exists, but its argument expressions do not
satisfy the type requirements imposed by its signature. Here, �D=2B
denotes the set of all function symbols supported by the DBMS.

5 8 �D=2B

⇡ ` 5 (01, . . . ,0: ) ) unknown function

5 : g1, . . . , g: ! gout, �(08 ) = g
0
8 , (g

0
1, . . . , g

0
:
) < (g1, . . . , g: )

⇡ ` 5 (01, . . . ,0: ) ) unknown function

2214



This error can be repaired by one of the following re�nements:

(3.1) Function Re�nement. If 5 8 �D=2B , replace 5 with a sup-
ported function 5 0 2 �D=2B , restoring the violated condition.
(3.2) Attribute Re�nement. If the function symbol exists, but
the argument types do not match its signature 5 : g1, . . . , g: !
gout, we assume the schema includes at least one attribute of each
required type g8 . Under this assumption, the violation is repaired
by replacing one or more arguments 08 with attributes 008 such
that �(008 ) = g8 , thereby restoring the required types.

In either case, the violation is recoverable: it is replaced, and a
type mismatch is �xed via argument re�nement. Thus, at least one
re�nement edge (@,@0) resolves the error.
(4) Empty Result. This error occurs when the query is syntac-
tically and semantically valid, but its predicate evaluates to false
for all tuples. Typical causes include overly restrictive comparison
operators (e.g., =, >, < applied in a way that no tuple can satisfy),
comparisons against values that do not exist in the database, or con-
tradictory �lter conditions. In such cases, the error can be repaired
by adjusting the value conditions, such as relaxing a comparison,
modifying a constant, or substituting a value that appears in the
data—so that the predicate becomes satis�able. Accordingly, a Value
Re�nement typically provides a re�nement edge (@,@0) that adjusts
the predicate to produce a non-empty result.

Taken together, these four cases show that every violated execu-
tion premise can be repaired by an admissible re�nement. É

To illustrate how the operational semantics used in the proof
relate to the re�nement process, we present two examples that
instantiate the re�nement steps shown in Figure 6.
Example 1 (Join Re�nement; Case 2.2).

txt 8 ⇤(Users)

⇡ ` SELECT txt FROM Users) unknown attribute
If txt 2 ⇤(Posts), then Join Re�nement extends FROM clause:

FROM Users ! FROM Users JOIN Posts ON UserID = ID.

The violated premise is restored because txt 2 ⇤(Posts), This
corresponds to the middle edge of the �rst level shown in Figure 6.
Example 2 (Attribute Re�nement; Case 3.2).

sum : int! int, �(name) = text, text < int

⇡ ` SELECT sum(name) FROM Users) unknown function
If the schema provides an attribute of the required type, such as
�(age) = int, then Attribute Re�nement replaces the argument:

sum(name) ! sum(age).

This corresponds to the rightmost edge of the second level shown
in Figure 6. Together, the Lemma 7 ensures that every erroneous
node in the safe re�nement tree has at least one valid re�nement
leading to a safe (i.e., executable) query. Consequently, the re�ne-
ment process is guaranteed to reach a region of error-free queries,
which we de�ne as the safe query space, formalized below.

De�nition 8 (Safe Query Space). Every leaf node @0 in the re�ne-
ment tree Tsafe,@ satis�es »@0… < n (@). We refer to the set of all such
leaf nodes as the Safe Query Space:

Qsafe = {@0 | @0 is a leaf node of Tsafe,@ and »@0… < n (@0) }.

P����. By construction of Tsafe,@ , a query @ is re�ned when
»@… = n (@). Thus, if a node @0 has no children (i.e., it is a leaf), it
must satisfy »@0… < n (@0). Therefore, all leaf nodes in Tsafe,@ are
error-free, and their set constitutes the safe query space. É

In Figure 6, the green-highlighted queries correspond exactly to
such leaf nodes in Tsafe,@ and thus serve as concrete instances of
queries contained in the safe query space.

4 SEARCH ALGORITHM

This section explains how SafeQL navigates the safe query space
to identify the most semantically faithful executable query. We
�rst de�ne the search objective based on semantic distance, then
describe a best-�rst search algorithm that prioritizes re�nements
closest to the original query.

4.1 Search Objective under Semantics

Having de�ned the safe query space Qsafe, we now formalize the
objective that governs the search process within this space. Even
among valid candidates in Qsafe, re�nements may di�er in how well
they preserve the original intent. To quantify such a deviation, we
de�ne a semantic distance that jointly measures structural change
and embedding-level drift.

De�nition 9 (Semantic Distance, X). For two queries @8 and @ 9 ,
the semantic distance X (@8 ,@ 9 ) is de�ned as

X (@8 ,@ 9 ) = U · 3struct (@8 ,@ 9 ) + (1 � U) · 3embed (@8 ,@ 9 ), U 2 [0, 1] .

• 3struct (@8 ,@ 9 ) measures structural deviation (e.g., relation or join
re�nements) using the normalized tree edit distance [60] be-
tween the abstract syntax trees of @8 and @ 9 , a standard metric
for comparing hierarchical structures such as XML and JSON.

• 3embed (@8 ,@ 9 ) measures semantic deviation based on embeddings:

3embed (@8 ,@ 9 ) =
’

(C!C 0 )

kEC � EC 0 k,

where (C!C 0) denotes each replaced token (relation, attribute,
or value) and EC is the embedding vector of token C computed by
a neural embedding model [33]. É

This hybrid formulation is conceptually analogous to the sparse-
dense hybrid retrieval in information retrieval, which combines
complementary lexical and semantic signals to improve ranking
robustness [6, 37]. Similarly, combining 3struct and 3embed provides a
more robust and balanced measure of syntactic �delity and seman-
tic preservation, while remaining a heuristic rather than a strict
notion of semantic equivalence. The former enforces grammatical
consistency, while the latter maintains semantic proximity in em-
bedding space. The weighting parameter U controls this trade-o�,
and we empirically validate its e�ect in Section 7.4.

With semantic distance formalized, we now explain how SafeQL
leverages it during the re�nement process. Unlike regeneration-
based methods that repeatedly apply Q ! Q by regenerating full
SQLs after every failure, SafeQL rede�nes re�nement as a guided
search from the general query space Q into the executable subset
Qsafe under the database ⇡ . In this view, each erroneous query
serves not as a terminal failure but as a starting point from which
SafeQL identi�es the nearest semantically consistent counterpart
in Qsafe under the distance metric X . We formalize this as follows:

De�nition 10 (Search-based Re�nement). The re�nement process
�nds the safe query nearest to the input query @ within a distance X .

5 searchre�ne : Q ⇥ ⇡ ! Qsafe, @safe = arg min
@02Qsafe

X (@,@0) .
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4.2 Best-�rst Search-based Re�nement

The overall re�nement process follows a best-�rst exploration of
the safe query space, as shown in Algorithm 1. Unlike exhaustive
search, which explore all re�nements uniformly, best-�rst search
naturally limits exploration in a branch-and-bound style [25], accel-
erating convergence. The search initializes a priority queue ordered
by semantic distance from the LLM-generated initial query, expand-
ing the closest candidates �rst. This design takes the initial query as
the reference point under the assumption that it re�ects the LLM’s
interpretation of the user’s intent and thus serves as a reasonable
available signal for recovering the original intent. When this ini-
tial query is fundamentally misgenerated, search-based re�nement
alone is insu�cient, and SafeQL therefore incorporates a hybrid
re�nement strategy to regenerate the query and establish a better
starting point, as described later in Section 6.3.

During each iteration of the loop (Lines 4-16), the algorithm
dequeues the nearest candidate query @ (Line 5) and attempts to
execute it within the tryExecute block (Lines 7). If execution suc-
ceeds, the algorithm immediately returns @ as the nearest safe query
(Line 8), thus guaranteeing that the �rst valid query discovered is
the one most semantically similar to the original input.

When execution fails, SafeQL captures the corresponding error
type n (@) within the catchError block (Lines 9-16) and uses it to
guide subsequent re�nements. The G�������R���������� proce-
dure (Line 10) selects the appropriate re�nement operations (e.g.,
relation, join, or attribute re�nements) based on n , while P����R��
��������� (Line 11) �lters out redundant or semantically invalid
re�nements. Each surviving re�nement A is then applied to produce
a new candidate query @0 (Line 13), which is enqueued for future
exploration only if it has not been visited previously (Lines 16).

5 PRUNING METHODS

Although all queries in the safe space are executable, the space can
grow rapidly as each re�nement generates many candidates. For
each error, all schema-level elements (relations, attributes, values)
are considered, causing a single step to branch into dozens of can-
didates. Value re�nements can expand even further, since every
possible value in the database becomes a potential substitution.

For example, in Figure 7, an unknown attribute error for user
leads SafeQL to try all attributes (e.g., name, ID, age). Even after
correction, WHERE name = ‘leo’ may produce an empty result,
triggering another round of re�nements where ‘leo’ is substituted
with every possible value in the table—‘Leo’, ‘Hana’, ‘James’, and
so on. This results in combinatorial growth of candidates across
re�nement layers.

P���������� 11 (E���������� S��� �� S��� ���� S����). For

a safe re�nement tree Tsafe,@ with branching factor A and depth 3 ,

the total size of the search space is O(A3 ), since each re�nement can

generate A new candidates at every level.

This exponential growth makes exhaustive enumeration infeasi-
ble even for moderately complex databases. To mitigate this issue,
SafeQL introduces pruning mechanisms that restrict the number
of re�nements explored at each step. These strategies—type-based
pruning and top  re�nement pruning—jointly suppress unpromis-
ing branches in the re�nement tree, e�ectively reducing fan-out
while preserving meaningful candidates.

Algorithm 1: Best-�rst Search-based Re�nement

Input: @ /* original query */

Input: U /* structure–embedding weight factor */

Input: re�neQueue /* priority queue ordered by X (@,@0 ) */

1 push (@, 0) into re�neQueue;

2 mark @ as visited;

3 Function searchBasedRefine(@):
4 while re�neQueue is not empty do

5 @current  argmin@02re�neQueue X (@,@
0);

6 mark @current as visited;

7 tryExecute (@current)
8 return @current; /* nearest safe query found */

9 catchError

10 R  generateRefinements(n (@current));

11 Rpruned  pruneRefinements(R);

12 forall A 2 Rpruned do

13 @0  applyRefinements (@current, A );

14 if @0 not visited then

15 X  calculateDistance(@,@0,U);

16 push (@0, X) into re�neQueue;

SELECT ID, age

FROM Users
WHERE ID = ′leo′

SELECT ID, age

FROM Users
WHERE user = ′leo′

SELECT ID, age

FROM Users
WHERE name = ′leo′

SELECT ID, age

FROM Users
WHERE name = ′Leo′

…

SELECT ID, age

FROM Users
WHERE name = ′Hana′ SELECT ID, age

FROM Users
WHERE name = ′James′

Type-based pruned

empty result

→user

(text)

name

(text)
→user

(text)

ID

(int)
→user

(text)

age

(int)

ʹleoʹ→ ʹLeoʹ
(� = 0.13)

ʹleoʹ→ ʹJamesʹ
(� = 0.49)

…

ʹleoʹ→ ʹHanaʹ
(� = 0.27)

unknown a�ribute

Top-K pruned (K = 1)

SELECT ID, age

FROM Users
WHERE age = ′leo′

Figure 7: Example of pruning in the safe re�nement tree.

5.1 Type-based Re�nement Pruning

Type information provides a strong pruning signal because any
type mismatch immediately yields an invalid query. In SQL, each
operator and function has a �xed input signature; thus, if a substi-
tuted attribute or value violates this signature, execution inevitably
results in an error. SafeQL leverages the typing environment � to
discard such candidates before semantic evaluation.

Algorithm 2 presents this mechanism. It validates re�nements
under � and prunes type-inconsistent candidates. In Figure 7, WHERE
user = ‘leo’ yields name, ID, and age, with �(name) = TEXT and
�(ID) = �(age) = INT. Applying T���C����, only name is retained
since ‘leo’ is TEXT. This prevents non-executable branches from
entering the search.

5.2 Top- Re�nement Pruning

Even after type-based pruning, many re�nements remain type-
consistent but semantically distant. To improve e�ciency, SafeQL
ranks candidates by embedding similarity and retains only the top-
 per category. This is particularly bene�cial for value re�nements,
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where the out-degree is large and most database values are se-
mantically unrelated to the query; in such cases, embedding-based
similarity provides an e�ective signal for �ltering out implausible
candidates. A smaller  yields higher e�ciency but risks over-
pruning, while a larger  improves accuracy at increased search
cost, a tradeo� we examine empirically in Section 7.4.

Algorithm 3 summarizes this mechanism. SafeQL retrieves candi-
dates, ranks them by semantic distance, and retains only the top- .
Examples are shown in Figure 7. This pruning suppresses unpromis-
ing branches and focuses re�nement on relevant candidates.

Algorithm 2: T����B���� R��������� P������

1 Function pruneRefinements(R):
2 foreach A 2 R do

3 switch A do

4 case Attribute Re�nement: 01 � 02
A
�! 001 � 02 do

5 g1, g2  �(001), �(02);

6 if typeCheck(�, g1, g2) pass then
7 add A to Rpruned;

8 case Value Re�nement: 0 � E A
�! 0 � E 0 do

9 g0, gE  �(0), �(E 0);

10 if typeCheck(g0, gE) pass then
11 add A to Rpruned;

12 case Function Re�nement: 5 A
�! 5 0 do

13 if typeCheck(5 0, �(01), . . .) pass then
14 add A to Rpruned;

Algorithm 3: T��� R��������� P������

Input:  /* number of nearest neighbors to explore */

1 Function pruneRefinements(R):
2 foreach A 2 R do

3 switch A do

4 case Relation Re�nement: ' A
�! '0 do

5 if |{G 2 '4;B : kE' � EG k  kE' � E'0 k}|   
6 add A to Rpruned;

7 case Attribute Re�nement: 0 A
�! 00 do

8 if |{G 2 �CCB : kE0 � EG k  kE0 � E00 k}|   
9 add A to Rpruned;

10 case Value Re�nement: E A
�! E 0 do

11 if |{G 2 +0;B : kEE � EG k  kEE � EE0 k}|   
12 add A to Rpruned;

13 case Function Re�nement: 5 A
�! 5 0 do

14 if |{G 2 �D=2 : kE 5 � EG k  kE 5 � E 5 0 k}|   
15 add A to Rpruned;

6 SYSTEM ARCHITECTURE DESIGN

Although the core of SafeQL lies in its search-based re�nement
algorithm, realizing it as a re�nement framework for building prac-
tical text-to-SQL systems requires addressing several system-level
challenges. Unlike a conceptual re�nement algorithm, an actual
implementation must integrate deeply with the DBMS, eliminate
redundant computation, remain robust against fundamentally in-
correct queries, support syntactically complex SQL structures, and
stay compatible with diverse Text-to-SQL systems. Consequently,
SafeQL’s architecture is built around �ve key design considerations:

• In-DBMS integration for precise error detection.
• Systematic optimization for scalable re�nement.
• Hybrid re�nement that complements search with regeneration.
• Grammar extensions enabling broad SQL coverage.
• Compatibility with diverse Text-to-SQL systems as a post-
generation re�nement layer. We describe each aspect below.

6.1 In-DBMS Integration

External Text-to-SQL systems rely on error strings, which may
mention identi�ers (e.g., unknown relation R) but do not reliably
indicate error locations; some DBMSs provide no positions, and
even when they do (e.g., position 15), they refer only to character
o�sets and cannot distinguish multiple occurrences such as SELECT
R.a FROM R. Locating the correct occurrence thus requires addi-
tional parsing, which is ambiguous under aliasing, nested queries,
or repeated references. SafeQL instead performs re�nement inside
the DBMS over the Abstract Syntax Tree (AST). When a query @8
fails, the analyzer directly identi�es the corresponding AST node.
Modi�cations are restricted to these nodes; since the AST encodes
attribute–relation links (e.g., R.a refers to R), updates can be ap-
plied without a�ecting unrelated occurrences, and each re�ned
query is re-analyzed and validated. This enables precise and safer
structurally grounded re�nement beyond text-based approaches,
despite slightly higher implementation complexity.

6.2 Systematic Optimization

Executing re�nement inside the DBMS introduces a new bottle-
neck: repeated embedding and similarity computations across over-
lapping query fragments. To eliminate such redundancy, SafeQL
incorporates two in-database optimization layers:

• Embedding Cache. Embeddings of relations, attributes, and
values are precomputed and stored on disk, while frequently
accessed items are cached in memory. This prevents repeated
embedding computation across re�nements.

• Vector Index. To e�ciently perform nearest-neighbor search
(particularly for Top- pruning), SafeQL builds an HNSW-based
vector similarity index over cached embeddings.

Since these structures are maintained in the DBMS, tuple and
embedding updates are consistently re�ected in the vector index
via a vector extended relational system. Optimizing update main-
tenance via incremental techniques [54, 56] is left for future work.

6.3 Hybrid Re�nement Strategy

Even with precise in-database re�nement, some queries are funda-
mentally misgenerated. To handle these, SafeQL adopts a hybrid
strategy combining search-based and regeneration-based re�ne-
ment. When the number of re�nement steps reaches a threshold
(default 100) without producing a valid query, SafeQL triggers a re-
generation loop. Such cases typically indicate that the initial query
is too far from a valid structure for localized re�nement to succeed,
in which case an LLM generates a new candidate conditioned on
the original input, the current query, and the DBMS error feed-
back. This also addresses LLM-side errors, such as invalid or even
non-parsable generations by reinitializing the search from a new
candidate. The relative contribution of search-based re�nement
and hybrid fallback is analyzed in Table 3 and Subsection 7.2.1. This
hybrid design ensures robustness to deeply misgenerated queries
without undermining the e�ciency of search-based re�nement.
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6.4 Grammar Extensions

Practical Text-to-SQL systems must handle more complex SQL than
the simpli�ed grammar presented in Section 3. SafeQL therefore
extends its support to standard SQL constructs appearing in bench-
marks such as Bird [18] and Spider [57], including:

• Nested subqueries: supports recursively scoped queries by re-
�ning subqueries in an inside-out manner. A subquery @B is
recursively re�ned into @0B (Line 3) and replaced (Line 5), after
which re�nement continues on the outer query (Line 6). The
output ⇤(@0B ) is exposed to the DBMS analyzer (Line 4), enabling
proper scope resolution for outer references.

• Alias re�nement: extends relation and attribute re�nement to
handle alias normalization (e.g., R.a).

• Clause-level extensions: support clauses such as GROUP BY,
ORDER BY, and LIMIT. For example, ORDER BY O takes the form
(O ::= 0 | 5 (01,02, . . .)) and is re�ned as:

ORDER BY 0
A
�! 00, 5 (01, ...)

A
�! 5 (001, ...), 5 (01, ...)

A
�! 5 0 (01, ...).

GROUP BY and LIMIT are handled analogously.

Algorithm 4: N����� S������ R���������

1 Function recursiveRefine(@):
2 if @ contains a subquery @B then
3 @0B  recursiveRefine(@B);

4 ⇤(@0B )  {01,02, . . . }; /* @0
B
= SELECT 01,02, . . . */

5 replace @B in @ with @
0
B ;

6 return searchBasedRefine(@);

6.5 Compatibility with Text-to-SQL Systems

SafeQL integrates with diverse Text-to-SQL systems as a post-
generation re�nement layer. It attaches to prompt-based systems
without modifying prompts and applies to agent-based systems by
re�ning their �nal queries to ensure safe execution in the DBMS.

6.6 Architecture

Figure 8 summarizes how these components interact within the
SafeQL architecture. When a query @8 fails over the database ⇡ , the
query re�ner operates inside the DBMS to locate the error source
n (@8 ) and generate re�ned candidates @08 that correct the erroneous
AST nodes (Section 6.1), while leveraging cached embeddings and
vector indices for e�cient similarity computation (Section 6.2).

DBMS

𝜖(��)�� ,

Hybrid Refinement Manager

Large

Language

Model

Database (�)

Query

Executor

Query Refiner

Cache
Manager

Vector Index
Manager

�� ��+1

�� ′
�� �safe regenera�on

loop

search
loop

Query Parser

Figure 8: Architecture of the SafeQL framework.

Within the search loop, the query re�ner iteratively explores can-
didate re�nements until a valid query @safe is found. If unsuccessful
until a threshold is reached, control moves to the regeneration loop,
where an LLM regenerates a new query @8+1 guided by the hybrid

re�nement manager (Section 6.3). Throughout the process, all inter-
mediate queries are parsed and validated under the extended SQL
grammar (Section 6.4), ensuring that even complex transformations
remain syntactically correct and executable. Together, these mech-
anisms elevate SafeQL from an algorithmic concept to a practical,
database-native Text-to-SQL re�nement framework.
Implementation: SafeQL is implemented on top of PostgreSQL’s
RawStmt structure, the canonical AST representation of SQL queries.
It is packaged as a PostgreSQL [46] extension, using fastembed [43]
with the bge-base-en-v1.5 model [51] for embedding computation
and pgvecto.rs [45] for e�cient vector indexing inside the DBMS.

7 EXPERIMENTAL EVALUATION

In this section, we evaluate SafeQL in terms of two key dimensions:
(1) accuracy, measured by execution accuracy, and (2) e�ciency,
measured by elapsed time and the number of LLM tokens consumed.
Our goal is to demonstrate that SafeQL improves accuracy while
reducing expensive LLM invocations across various settings.

7.1 Experimental Setup

7.1.1 Benchmarks.

Bird [18] is a widely used cross-domain Text-to-SQL benchmark
and our primary evaluation dataset. To align with our PostgreSQL-
based implementation, we migrated the Bird to PostgreSQL. We
evaluate both the full dev set (1,534 queries) and the mini dev set
(500 queries), for main and detailed evaluation, respectively. Both
dev sets span 11 databases and cover diverse queries, including
joins, grouping, and subqueries.
Spider [57] is another major cross-domain benchmark, consisting
of 10,181 text-to-SQL pairs across 200 relational databases spanning
more than 130 domains. For our experiments, we migrated Spider
to PostgreSQL to verify SafeQL’s generalizability across di�erent
benchmarks and database environments.

7.1.2 Testbed systems. We integrate SafeQL with two representa-
tive Text-to-SQL approaches: prompt-based and agent-based meth-
ods. Speci�cally, we adopt DAIL-SQL and OpenSearch-SQL as the
state-of-the-art systems for these approaches, respectively.

DAIL-SQL [7] is a prompt-based system that optimizes question
representation, example selection, and example organization for in-
context learning. As the state-of-the-art prompt-based method on
the Spider benchmark, it serves as a strong baseline for evaluating
SafeQL’s re�nement in prompting-based settings.
OpenSearch-SQL [52] is an agent-based system that decomposes
the Text-to-SQL process into four modules—Preprocessing, Extrac-
tion, Generation, and Re�nement—linked through a consistency
alignment mechanism. It leverages dynamic few-shot learning with
self-taught Query-CoT-SQL pairs and structured few-shot tem-
plates, achieving state-of-the-art performance on the Bird bench-
mark. We integrate SafeQL into OpenSearch-SQL to evaluate its
re�nement behavior under multi-agent coordination.

7.1.3 Comparison methods. To isolate the e�ect of re�nement,
we compare SafeQL with the re�nement methods of �ve promi-
nent Text-to-SQL systems—DIN-SQL, MAC-SQL, RED-SQL, CHESS-
SQL, and OpenSearch-SQL—all of which adopt regeneration-based
paradigms.
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• DIN-SQL [31] re�nes SQLwithout execution, assuming potential
errors. Among its two prompt variants, GENERIC and GENTLE,
we use GENTLE, which performed better in our experiments.

• MAC-SQL [48] regenerates SQL using DBMS error messages.
• RED-SQL [34] re�nes SQL using constraint-based violation

reports rather than raw DBMS errors, providing data-aware feed-
back that helps the LLM correct semantic inconsistencies.

• CHESS-SQL [42] uses few-shot re�nement examples combined
with an execution error message.

• OpenSearch-SQL [52] also uses few-shot examples, but provides
more structured templates tailored to speci�c error messages.

Table 1: Comparison of re�nement methods.

Re�nement

Methods

Re�nement

Paradigm

Use of

Error Msg

Use of

Examples

DIN-SQL

Regeneration

No Zero-shot
MAC-SQL Yes Zero-shot
RED-SQL Yes† Zero-shot
CHESS-SQL Yes Few-shot
OpenSearch-SQL Yes Few-shot

SafeQL (ours) Search + Regeneration Yes Few-shot
† RED-SQL uses constraint violation reports as extended error feedback.

7.1.4 Models. We use GPT-OSS-120B [1] as the primary model
for all methods, as it provides strong performance among open-
source LLMs while ensuring transparent and reproducible evalu-
ation across methods. We also evaluate SafeQL with two comple-
mentary model families:

• commercial LLMs—GPT-4o [28] and GPT-3.5-turbo [27]
• open source LLMs—Llama-3 [2] and Qwen-2.5 [44]

This diversity allows us to assess SafeQL’s robustness and portabil-
ity across model architectures and training paradigms.

7.1.5 Hardware and So�ware Environment. All experiments were
conducted on a single server equipped with two AMD EPYC 7302
CPUs (3.0 GHz, 16 cores each), 2096 GB RAM (3200 MHz), and two
NVIDIA A100 GPUs. LLM inference was served using vLLM [14].

7.2 Main results

We evaluate SafeQL on both the Bird and Spider benchmarks, mea-
suring its impact on execution accuracy, token e�ciency, and re-
�nement time. Across all settings, SafeQL consistently achieves
higher accuracy while consuming far fewer LLM tokens than prior
regeneration-based re�nement methods.

7.2.1 Bird results. Table 3 summarizes the results on the Bird full
dev benchmark. SafeQL achieves the best overall performance, im-
proving execution accuracy to 63.3% with DAIL-SQL in the prompt-
based approach and 69.4% with OpenSearch-SQL in the agent-based
approach—gains of +5.8% and +5.2%, respectively—while reducing
execution errors by up to 87.4%, showing its robustness across
both approaches. A deeper look at the regeneration-based methods
highlights their inherent trade-o�s:

• DIN-SQL regenerates queries without execution feedback, and
this often makes the queries worse, leading to accuracy loss.

• MAC-SQL incorporates raw error messages but provides limited
semantic guidance, resulting in modest gains.

• RED-SQL improves accuracy with constraint-violation feedback,
but at the cost of extremely high token usage and latency.

• CHESS-SQL and OpenSearch-SQL leverage few-shot examples
for stronger accuracy; among them, OpenSearch-SQL is the most
balanced, requiring fewer tokens through a short prompt design
while maintaining high performance. However, both still rely on
full regeneration after every failure.

In contrast, SafeQL(hybrid) employs search-based re�nement
that explores a structured space of error-directed transformations
and invokes regeneration only when necessary. This approach
enables SafeQL to reach valid queries with 1.8–15.1⇥ fewer tokens
and 1.9–29.6⇥ far shorter re�nement latency, achieving both higher
accuracy and greater e�ciency than existing regeneration-based
methods. In addition, SafeQL(search), which relies solely on search-
based re�nement without issuing new SQL generations, resolves a
large fraction of errors with no token overhead. As re�ected in �Err
(%), search-based re�nement already reduces a substantial portion
of errors, leaving only 13%–17% of erroneous queries to proceed to
hybrid fallback, while incurring a moderate runtime overhead of
approximately 1.3–1.8⇥ on average.

7.2.2 Spider results. Table 4 shows the results on the Spider bench-
mark in the prompt-based setting (DAIL-SQL), where prompting
systems already achieve strong performance and agent-based sys-
tems o�er limited additional bene�t. SafeQL achieves 91.7% execu-
tion accuracy, improving the baseline by +4.6% and outperforming
regeneration-based methods by 2.6–6.4%. SafeQL also demonstrates
strong e�ciency, requiring 5.1–96.5⇥ fewer tokens and achieving
4.2–34.5⇥ shorter re�nement latency, while reducing execution
errors by 77.4%. SafeQL(search) delivers most gains without ad-
ditional tokens, indicating that search-based re�nement remains
e�ective and stable even in larger, diverse settings.

7.3 Accuracy analysis

7.3.1 Model-wise results. Table 2 compares SafeQL across di�erent
model families on the Bird mini dev benchmark. The results show
that SafeQL consistently improves execution accuracy regardless of
model size or architecture. Open-source models such as Qwen and
Llama exhibit substantial gains of +5–12%, narrowing the perfor-
mance gap with larger proprietary models, while commercial LLMs
(GPT-3.5-Turbo, GPT-4o) also improve by +4–9% in both prompt
and agent-based settings.

These results indicate that SafeQL’s search-based re�nement
is model-agnostic: it strengthens weaker models through explicit
structural guidancewhile still providingmeasurable gains for strong
systems. This consistency across model families highlights its gen-
eral applicability and robustness across diverse LLM architectures.

Table 2: Model-wise comparison of SafeQL performance on

the Bird mini dev benchmark, where �EX denotes the accu-

racy gain over the no-re�nement baseline.

Model
Prompt-based Agent-based

EX (%) �EX (%) EX (%) �EX (%)

Qwen-2.5-7B 44.0 +9.6 47.2 +9.0
Qwen-2.5-72B 60.2 +5.8 63.4 +5.2

Llama-3-8B 37.4 +11.6 39.8 +10.2
Llama-3.3-70B 60.6 +5.6 63.6 +5.4

GPT-3.5-Turbo 52.4 +9.4 53.0 +8.8
GPT-4o 61.8 +4.8 66.0 +4.6
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Table 3: Comparison on the Bird full dev benchmark using GPT-OSS-120B, showing the absolute execution accuracy (EX), error

reduction (�Err), additional LLM costs (�Tokens), and elapsed time (�Time) for accuracy gains (�EX) via re�nements.

Re�nements
Prompt-based (DAIL-SQL) Agent-based (OpenSearch-SQL)

EX (%) �EX (%) �Err (%) �Tokens ( ) �Time (s) EX (%) �EX (%) �Err (%) �Tokens ( ) �Time (s)

No re�nement 57.5 – – – – 64.2 – – – –

DIN-SQL [31] 57.2 �0.3 4.2 +7,748 +5,079 62.7 �1.6 11.0 +118,615 +62,104

MAC-SQL [48] 59.3 +1.8 23.0 +3,865 +3,505 65.6 +1.4 19.7 +66,358 +42,004

RED-SQL [34] 62.9 +5.4 44.2 +19,594 +20,110 66.7 +2.5 46.5 +411,469 +474,390

CHESS-SQL [42] 62.6 +5.1 69.1 +6,653 +3,295 68.5 +4.3 80.3 +79,934 +35,573

OpenSearch-SQL [52] 62.0 +4.5 63.0 +3,799 +3,141 68.3 +4.1 69.3 +53,143 +30,880

SafeQL (search) 62.5 +5.0 +70.9 +0 +1,249 68.1 +3.9 +70.1 +0 +8,656

SafeQL (hybrid) 63.3 +5.8 +83.0 +1,305 +1,653 69.4 +5.2 +87.4 +28,779 +16,029

Table 4: Comparison on the Spider benchmark using GPT-

OSS-120B under the DAIL-SQL prompt.

Re�nements
Prompt-based

EX (%) �EX (%) �Err (%) �Tokens ( ) �Time (s)

No re�nement 87.1 – – – –

DIN-SQL 85.3 �1.8 �3.2 +1, 055 +1194

MAC-SQL 88.4 +1.3 �22.6 +396 +753

RED-SQL 88.6 +1.5 �29.0 +7,528 +6,120

CHESS-SQL 89.1 +2.0 �45.1 +1,279 +1,305

OpenSearch-SQL 89.1 +2.0 �48.7 +465 +1,050

SafeQL (search) 91.3 +4.2 -68.5 +0 +37

SafeQL (hybrid) 91.7 +4.6 -77.4 +78 +177

(a) Prompt-based
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Figure 9: Error statistics of SafeQL.

7.3.2 Error analysis. Figure 9 compares the SafeQL’s error reduc-
tion across the major error categories. These four representative
forms of errors—unknown relation, unknown attribute, unknown
function, and empty result—cover most of the execution failures
observed in practice, and SafeQL consistently reduces all of them
in both prompting- and agent-based settings.

In the prompt-based setting, as shown in Figure 9(a), the majority
of errors arise from unknown attribute or empty result. Because its
extraction stage is less sophisticated than that of an agent-based set-
ting, attribute mismatches and overly restrictive predicates appear
more frequently. SafeQL resolves 81% of unknown attribute errors
and 71% of empty result cases, demonstrating that search-based
re�nement substantially improves the reliability of prompt-driven
generation. The remaining failures typically stem from severely
misgenerated queries that cannot enter the safe query space, so no

sequence of valid re�nement steps can ever transform them into
an executable query.

In contrast, the agent-based setting, as shown in Figure 9(b)
starts from a stronger baseline, as the LLM handles both extraction
and generation, leading to a more balanced error distribution. Even
so, SafeQL further eliminates nearly all remaining structural and
functional errors—resolving 100% of unknown relation, attribute,
and function errors—and reduces empty result errors by 84%. These
results demonstrate that SafeQL operates orthogonally to the un-
derlying Text-to-SQL systems and that the de�ned safe query space
is not only theoretically sound but also practically e�ective in cap-
turing nearly all executable re�nements in real workloads.

7.4 E�ciency analysis

Figure 10 presents e�ciency ablation experiments on the Bird mini
dev under the prompt-based setting, isolating the e�ects of SafeQL’s
components: (1) pruning methods and (2) systematic optimizations.

• E�ect of pruning. Figure 10(a) shows that pruning substantially
improves search e�ciency without any loss of accuracy. Without
pruning, re�nement requires 1403 sec on Bird and 581 sec on
Spider. Applying either type-based or top- pruning individu-
ally shortens this time, and combining both achieves the best
performance—reducing the elapsed time to 647 sec and 177 sec, re-
spectively. These results show that pruning strategies e�ectively
bound the search space while preserving re�nement quality.

• E�ect of systematic optimizations. Figure 10(b) evaluates the
impact of systematic optimization on re�nement latency. The
baseline–lacking caching and indexing–requires over 20,000 sec
on Bird and 9,000 sec on Spider. Introducing caching reduces this
time to 1357 sec and 433 sec, while indexing alone yields only
a modest improvement. When combined, the total time further
decreases to 647 sec and 177 sec—amounting to over 30⇥ over-
all reduction—again with no degradation in execution accuracy.
Among these optimizations, caching contributes the most by
eliminating redundant embedding computations, whereas index-
ing provides complementary acceleration for similarity lookups.

Figure 11 shows how performance changes on the Bird mini
dev benchmark, as we vary the two key parameters U and  . We
report results in a search-only setting to isolate the e�ect of these
parameters.
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• E�ect of " . The higher U increases the penalty for structural
transformation during re�nement, making the search space more
compact and substantially reducing latency. However, this also
introduces a trade-o�: mid-range values (U ⇡ 0.3–0.4) consis-
tently provide the best execution accuracy, while larger U values
prioritize speed over precision.

• E�ect of Q . Raising  allows SafeQL to keep more candidates
at each re�nement step, e�ectively widening the search tree.
This improves accuracy through broader exploration but also
increases search time. In practice, accuracy saturates once  � 3,
so setting  to at least 3 provides near-optimal performance
while keeping runtime manageable.
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7.5 System overhead

Table 5 reports the system overhead of SafeQL on the Bird dev data-
base; Spider is omitted due to its small size (<1 GB), where both the
embedding cache and index are negligible. The reported primary
storage includes all tuples and value embeddings, which are com-
mon in Text-to-SQL systems [21] and are not introduced by SafeQL.
SafeQL adds two auxiliary structures—an embedding cache and
a vector index—both substantially smaller than the primary data,
resulting in minimal storage overhead. Although index construc-
tion is relatively expensive with a single thread (2472 sec), it can be
signi�cantly reduced via parallelism (295 sec). Since construction
is performed once upfront and subsequent updates can be handled
via incremental strategies [54, 56], the overhead remains moderate
in practice and can be further reduced with future optimizations.

Table 5: SafeQL overhead on the Bird database (T = # threads).

Primary

storage

SafeQL overhead

Cache size Index size Index build time (1T / 16T)

8.04 GB 686.6 MB 375.2 MB 2472 sec / 295 sec

8 RELATED WORK
• LLM-basedText-to-SQL can be broadly categorized into prompt-

based and agent-based approaches. Prompt-based approaches im-
prove generation quality via prompt design. DAIL-SQL [7], MCS-
SQL [15], PET-SQL [19], and CodexDB [47] enable in-context
learning through few-shot prompting. Act-SQL [59] and CoT-
SQL [41] enhance reasoning via Chain-of-Thought, while DTS-
SQL [32] and DIN-SQL [31] uses a decomposition to breakdown
complex questions. Agent-based approaches coordinate agents to
generate queries and maintain consistency. C3 [5], CHESS [42],
and CSC-SQL [40] select consistent outputs across candidates,
OpenSearch-SQL [52] aligns intermediate states, and Alpha-
SQL [16] applies Monte Carlo Tree Search over agent actions.

• Search techniques in Text-to-SQL are used in decoding dur-
ing generation, where greedy search selects the most probable
token, as in SQLNet [53] and Seq2SQL [63], and beam search ex-
plores multiple candidates, as in RAT-SQL [49], EditSQL [62], Sm-
BoP [35], and ZeroNL2SQL [8]. At a higher level, Alpha-SQL [16]
applies search via MCTS over agent actions to guide generation.
These approaches perform search during generation, exploring
multiple candidates while constructing SQL. However, while
substantially enhancing generation quality and robustness, this
also involves maintaining multiple candidates during decoding
and generation, introducing additional computational overhead,
which is further exacerbated in large models (e.g., LLMs), along
with hallucination issues inherent to such models that may com-
promise query safety. In contrast, SafeQL introduces search in the
re�nement stage within the DBMS, leveraging execution feed-
back to ensure safety while avoiding unnecessary regeneration,
enabling faster and more token-e�cient re�nement.

9 CONCLUSION AND DISCUSSION
SafeQL introduces a novel search-based perspective on Text-to-
SQL re�nement, transforming database feedback into structured
guidance for executable, intent-preserving queries. By coupling
semantic search with in-database optimization, it achieves both
reliability and e�ciency, improving execution accuracy by up to
5.8% while reducing token usage by 15⇥ over regeneration-based
baselines. Rather than replacing existing generation paradigms,
SafeQL complements them through structured, error-guided search
process tightly coupled with database semantics.

More broadly, this work relates to e�orts to improve the safety of
LLMs under formal correctness constraints, where hallucinations
often produce invalid or non-executable results. Recent work in
Automatic Program Repair (APR) similarly treats generation as a
constraint-guided process integrated with type systems [22, 23, 61].
Likewise, SafeQL uses the DBMS analyzer as structured constraints
to ground re�nement in database semantics and ensure execution-
safe query construction, suggesting broader integration of symbolic
database reasoning with LLMs for more reliable database interfaces.
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