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Abstract

While Large Language Models have signifi-
cantly advanced Text2SQL generation, a crit-
ical semantic gap persists: syntactically valid
queries can still misinterpret user intent. To mit-
igate this challenge, we propose GBV-SQL, a
multi-agent framework that introduces Guided
Generation with SQL2Text Back-translation
Validation. In particular, a dedicated valida-
tor translates generated SQL back into natu-
ral language and checks whether its logic is
aligned with the original question. Beyond the
method itself, we also conduct a systematic
audit of benchmark quality and introduce a ty-
pology of “Gold Errors” in Text2SQL datasets.
Our analysis shows that benchmark issues can
coexist with strong execution accuracy and
can substantially affect evaluation outcomes.
On the challenging BIRD benchmark, GBV-
SQL achieves 63.23% execution accuracy, a
5.8% absolute improvement over the Deepseek-
v3-based MAC-SQL setting. Under manu-
ally audited benchmark corrections, GBV-SQL
reaches 96.5% (dev) and 97.6% (test) on Spi-
der, and 90.42% on repaired BIRD dev, provid-
ing a diagnostic view of model behavior under
improved gold quality. Our work contributes
both a practical framework for semantic vali-
dation and an empirical analysis of benchmark
integrity in Text2SQL evaluation.

1 Introduction

Text2SQL is a challenging task that involves auto-
matically converting a Natural Language Question
(NLQ) into Structured Query Language (SQL) that
can be executed on a relational database (Zelle and
Mooney, 1996; Qin et al., 2022). The primary goal
is to enable non-technical users to interact with
complex databases using only natural language, re-
moving the barrier of learning SQL syntax. As a
long-standing objective in both natural language
processing and database research (Nguyen et al.,

*Corresponding author.

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

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

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

Gold SQL

Figure 1: A BIRD dev example where syntactically
valid Pred SQL semantically misinterprets the query:
it unnecessarily aggregates “average score" by charter
groups, while the user explicitly seeks a single school
with a score of 499.

2023; Zhu et al., 2023), this field has been pro-
foundly reshaped by recent advancements in Large
Language Models (LLMs). These models, partic-
ularly through the paradigm of in-context learn-
ing (ICL), now represent the state-of-the-art, often
achieving performance that surpasses traditional
fine-tuned approaches (Pourreza 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 seman-
tically faithful to the user’s original intent. This
challenge stems from the inherent semantic gap
between an unstructured Natural Language Ques-
tion (NLQ) and the formal structure of SQL, which
remains a primary source of failure. A syntacti-
cally valid query can still misinterpret the user’s
goal, producing plausible but erroneous results that
are difficult to detect. For instance, as illustrated
in Figure 1, when asked for a school whose “av-
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erage score” column has a value of 499, a model
might instead generate a query that performs an
unnecessary aggregation, calculating the average
of the “average score” column across a group of
schools and checking if that new result is 499.
This error, transforming a direct filtering condition
(‘WHERE’) into a flawed aggregation condition
(‘HAVING’), highlights the inadequacy of syntax-
only verification. While existing state-of-the-art
methods employ techniques like query decomposi-
tion (Gao et al., 2024a; Xie et al., 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 seman-
tics. To bridge this semantic gap, we propose GBV-
SQL, a multi-agent framework integrating Guided
Generation with SQL2Text Back-translation Vali-
dation. The workflow is orchestrated by four spe-
cialized agents (Figure 2). The process starts with
a Planner that prunes the database schema and
decomposes the NLQ into simpler sub-problems.
An SQLGenerator then constructs the query us-
ing a novel Human-like Chain-of-Thought process.
Critically, to ensure semantic fidelity, a dedicated
SQL2TextValidator performs back-translation, cor-
recting the query to produce an improved version if
a logical mismatch with the user’s intent is found.
Finally, an SQLChecker conducts final checks, ini-
tiating an iterative repair cycle to resolve any syn-

tactic or execution errors until the query is valid.
This entire process is designed to systematically
target and minimize inaccuracies.

Our evaluation also reveals a complementary
benchmark-level finding. During manual analysis
of execution failures, we observe that a substantial
portion of the apparent errors are associated with
issues in the benchmark annotations or databases
rather than clear model mistakes. We refer to these
issues as “Gold Errors” and propose a structured
typology to categorize them. Rather than claiming
that existing benchmarks are invalid, we use this
analysis to show that benchmark imperfections can
materially affect execution-based evaluation and
should be considered when interpreting Text2SQL
results.

Our main contributions are as follows:

• We propose GBV-SQL, a novel multi-agent
framework that introduces a SQL2Text back-
translation validation mechanism to explicitly
bridge the semantic gap in Text2SQL, ensur-
ing the generated query’s logic is faithful to
the user’s original intent.

• We conduct a systematic audit of benchmark
quality and introduce a structured typology
of “Gold Errors,” covering issues originating
from SQL annotations, natural language ques-
tions, and databases.

• On BIRD dev, GBV-SQL achieves 63.23%
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execution accuracy, improving over the
Deepseek-v3-based MAC-SQL setting by
5.8%. On manually audited benchmark cor-
rections, GBV-SQL reaches 96.5%/97.6% on
Spider dev/test and 90.42% on repaired BIRD
dev, offering a diagnostic view of model be-
havior under improved gold quality.

2 Related Work

2.1 ICL-based Methods for Text2SQL

In-context learning (ICL) with Large Language
Models (LLMs) is the current state-of-the-art
paradigm for Text2SQL. A dominant strategy for
tackling complex queries is decomposition, where
methods break a difficult question into simpler sub-
problems. For example, DIN-SQL (Pourreza and
Rafiei, 2023) first applied CoT prompting for de-
composition. DAIL-SQL (Gao et al., 2024a) then
explored advanced prompt designs in this frame-
work. (Tai et al., 2023) evaluated multiple prompt
strategies and introduced QDecomp to incremen-
tally add schema details to sub-questions. To im-
prove overall robustness, other research has fo-
cused on two primary directions. The first is en-
hancing the quality of the model’s input via more
accurate schema linking (Cao et al., 2024; Wang
and Liu, 2025; Li et al., 2024b). The second is
refining the model’s output through post-hoc cor-
rection of generated SQL (Dong et al., 2023; Ren
et al., 2024) or by selecting the optimal query from
multiple candidates (Lee et al., 2025; Pourreza
et al., 2024). While these diverse strategies have
advanced the field, they predominantly operate in
a unidirectional workflow. They lack an explicit
mechanism to verify if the final, syntactically cor-
rect SQL is truly semantically aligned with the
user’s original intent. Our work directly targets this
semantic gap with a novel validation step.

2.2 Multi-Agent Systems for Text2SQL

Recent work has adopted multi-agent systems to
coordinate the multi-step reasoning process in
Text2SQL. MAC-SQL (Wang et al., 2025) and
MAG-SQL (Xie et al., 2024) employ several LLM-
based agents to collaboratively manage decom-
position, SQL generation, and refinement, show-
ing that a division of labor can effectively han-
dle complex queries. Other agent-based systems,
such as SQLFixAgent (Cen et al., 2025), focus
specifically on correcting errors from fine-tuned
models, which corresponds to a different task set-

ting. In contrast, GBV-SQL instantiates a dedicated
SQL2TextValidator within a multi-agent Text2SQL
pipeline. This module explicitly verifies whether
the generated SQL is semantically aligned with the
original NLQ, thereby adding a semantic validation
step that is not the main focus of prior multi-agent
Text2SQL systems.

2.3 Back-translation and Natural Language
Feedback for Semantic Parsing

Back-translation and natural language feedback
have been explored in semantic parsing and
Text2SQL-related settings. Prior work has stud-
ied correcting semantic parses through natural lan-
guage interaction (Elgohary et al., 2021), dynamic
schema-aware feedback (Glenn et al., 2023), sim-
ulated natural language feedback for interactive
semantic parsing (Yan et al., 2023), and editable
step-by-step explanations for interactive Text2SQL
generation (Tian et al., 2023). Our work is related
to this line of research, but differs in both role and
integration. Rather than using natural language
feedback primarily for interactive revision, GBV-
SQL introduces a plug-in SQL2TextValidator in-
side a multi-agent pipeline to automatically verify
semantic fidelity and improve generated SQL be-
fore final execution-oriented repair.

2.4 Benchmark Quality and Gold Errors

The reliability of Text2SQL evaluation is intrinsi-
cally tied to the quality of benchmark datasets. The
presence of flaws in the ground-truth labels, termed
“Gold Errors”, has been noted in the error analy-
ses of prior work (Wang et al., 2025; Lee et al.,
2025). Further research has delved into specific
quality issues, such as analyzing label accuracy
(Renggli et al., 2025), classifying question ambigu-
ity (Dong et al., 2024), or automatically detecting
incorrect SQL-NLQ mappings (Yang et al., 2025).
These efforts highlight a growing awareness of data
quality challenges. Our work builds upon this foun-
dation by proposing a formal, structured typology
for Gold Errors. Unlike previous post-hoc analy-
ses, our classification system is more comprehen-
sive, categorizing errors originating from the SQL,
the NLQ, and the database itself. This systematic
framework not only allows for a more precise and
fair re-evaluation of GBV-SQL’s true capabilities
but also offers a valuable tool for the future curation
and maintenance of Text2SQL benchmarks.
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3 Methodology

3.1 Overview

In this section, we introduce GBV-SQL, a novel
multi-agent framework for Text2SQL leveraging
large language models. As shown in Figure 2, our
framework comprises four agents: Planner, SQL-
Generator, SQL2TextValidator and SQLChecker.
The Planner initiates the process by invoking an
LLM to prune the database schema to its most
relevant elements and then decomposes the NLQ
into sub-questions. Mimicking human thought
processes, the SQLGenerator generates SQL for
each sub-question before synthesizing them into
the final query. The SQL2TextValidator ensures
semantic integrity by prompting an LLM to trans-
late the complete SQL back into natural language
for comparison with the original NLQ, yielding a
refined query. Finally, the SQLChecker focuses
on execution-oriented repair, handling formatting,
syntax, and executability issues through an iterative
refinement cycle to guarantee an executable final
SQL.

3.2 Planner

3.2.1 Schema Representation
Prior work (Bogin et al., 2019; Guo et al., 2019;
Lei et al., 2020; Gao et al., 2024b) has shown that
a well-organized representation of the database
schema can improve the accuracy of SQL gener-
ation by LLMs. In this paper, we organize our
schema description based on the approach in MAC-
SQL, but with augmentations. We incorporate the
data types of database columns and provide more
intuitive foreign key descriptions. Furthermore,
we are the first to include descriptions for primary
keys within the schema representation. The specific
prompt design is illustrated in Appendix C.2.

3.2.2 Schema Pruning
Overly long schemas can cause an LLM to focus
on information irrelevant to the NLQ and incur
high token costs. Therefore, we perform an initial
pruning of the full database schema by prompting
the LLM. We prompt the LLM to analyze the NLQ
(Q) and the full database schema (D), retaining
only the most relevant information.

Sinitial = Prune(Q,D) , (1)

where Sinitial represents the pruned schema rele-
vant to the question.

3.2.3 NLQ Decomposition
As demonstrated in prior surveys (Pourreza and
Rafiei, 2023, 2024), decomposing a question
into sub-questions is an effective strategy. We
employ a decomposition strategy based on the
divide-and-conquer paradigm, wherein question
decomposition and SQL generation are separate
processes. Specifically, we adopt the Targets-
Conditions method proposed in MAG-SQL (Xie
et al., 2024) to decompose the NLQ based on its
distinct conditional clauses and query targets, as
shown in Figure 2.

3.3 SQLGenerator
3.3.1 Human-like CoT
To emulate the human thought process for draft-
ing SQL queries (Yuan et al., 2025), we have de-
signed a novel CoT method, illustrated in Figure 10.
This approach first analyzes the intent of the NLQ.
It then identifies the relevant tables and columns
based on the database schema and determines the
specific information to be returned. Subsequently,
it systematically analyzes how to construct essen-
tial SQL clauses, considering the specific logic
for joins, the columns for grouping and ordering,
and the potential need for deduplication with DIS-
TINCT. Finally, it emphasizes adherence to proper
SQL syntax throughout the generation process.

3.3.2 Sub-SQL Generation and Merging
Our framework employs a two-stage process to gen-
erate the SQL. First, for each sub-question decom-
posed by the Planner, we generate a corresponding
sub-SQL. Subsequently, we merge the contextual
information from these sub-SQLs to synthesize the
final answer. This process begins by applying our
Human-like CoT method to generate a sub-SQL
for each sub-question (qi) using the initially pruned
schema, Sinitial. A crucial step follows where we
perform a “back-linking” operation on each gener-
ated sub-SQL (SQLi). This operation is an LLM
inference step, where the model is prompted to ex-
tract the precise set of table-column pairs (Si) that
were essential for the sub-query’s creation.

SQLi = HumanCoT(Sinitial, qi) (2)

Si = BackLink(SQLi) (3)

These extracted schema subsets are then merged to
create a more refined and highly relevant schema,
Score. This new schema is more accurate than
Sinitial because it is derived directly from the SQL
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logic required to answer each sub-question. The
merging operation is defined as the union of all
table-column pairs from the individual schema sub-
sets:

Score =
n⊕

i=1

Si (4)

where the operator is defined for any table tk in the
schema as:

(
n⊕

i=1

Si

)
(tk) =

n⋃

i=1

Si(tk) (5)

Finally, this consolidated schema Score, along with
the complete set of sub-question and sub-SQL
pairs, provides a rich and focused context for the
LLM to generate the final comprehensive query,
referred to as Initial SQL in Figure 2.

3.4 SQL2TextValidator
As one of the core modules in GBV-SQL, the
SQL2TextValidator performs semantic validation
by prompting the LLM to translate the initial SQL
query from the SQLGenerator into a detailed nat-
ural language explanation. This explanation de-
scribes the query’s overall function and the specific
mechanics of its components, with a particular fo-
cus on the query’s execution process. The LLM is
then tasked with comparing this explanation against
the original NLQ to identify any semantic discrep-
ancies. If the logic is consistent, the query is ac-
cepted; otherwise, the LLM is prompted to correct
the SQL to align with the user’s intent, yielding
a validated improved SQL. To maximize the vali-
dation’s efficacy, we incorporate a binary selector
inspired by RSL-SQL (Cao et al., 2024). This
selector uses the LLM to evaluate the semantic con-
sistency of both the initial and the validated SQL
versions against the original NLQ, taking their exe-
cution results into account to select the Final SQL.
This back-translation validation is a cornerstone
of our framework, playing a critical role in ensur-
ing the final query’s logic is faithful to the user’s
original intent. As our experimental results will
demonstrate, this validation step is pivotal for cor-
recting semantic deviations and improving overall
accuracy.

3.5 SQLChecker
Due to the hallucinatory nature of large models,
the generated SQL often contain formatting errors
(Shen et al., 2025). Therefore, this module intro-
duces an SQL format trimmer. This component

Algorithm 1 The SQLChecker Algorithm
Input: Question q, database db, schema S′, initial SQL

sqlpre
Output: final SQL sql
1: sql← ReduceFormat(q, sqlpre, S

′)
2: count← 0
3: while count < maxTryTime do
4: (pass, err, res)← execTool(sql, db)
5: if pass then
6: break
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: return sql

optimizes the query according to two key princi-
ples: a minimization principle, which eliminates
superfluous fields and redundant operations, and a
minimal usability principle, which avoids intrusive
formatting (e.g., rounding decimals) that could al-
ter the result’s meaning unless explicitly required.
Subsequently, we employ a multi-round iterative
checking process to analyze the query’s executabil-
ity. If the SQL execution yields an empty result,
a value of 0, or contains NULL values, the query
is repaired. This repair cycle continues until the
query executes successfully or the maximum num-
ber of iterations is exceeded. For the repair process,
we retrieve the top-k most relevant values from the
database based on the SQL and combine them with
the partial execution results as context for prompt-
ing the LLM to make corrections. Algorithm 1
details this process.

4 Experiments

4.1 Experimental Setup

4.1.1 Datasets

We evaluate GBV-SQL on two widely-used
Text2SQL benchmarks: Spider (Yu et al., 2018),
to assess cross-domain generalization across its
over 200 databases (e.g., flight_2), and the more
challenging BIRD (Li et al., 2023b), to test per-
formance against real-world complexity involving
noisy data and external knowledge. While Spi-
der 2.0 (Lei et al., 2024) is an important industry-
oriented evolution, its complexity in long-context
understanding and multi-tool usage currently hin-
ders a clear evaluation of our semantic validation
mechanism. We plan to adapt GBV-SQL for such
enterprise scenarios in future work.
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Methods EX VESSimple Moderate Challenging Total

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 (↑5.8%) 69.87

Table 1: The EX and VES results on BIRD’s dev set. “–” indicates that the value was not reported by the
corresponding authors.

4.1.2 Baseline

In our experiments, we compare our proposed
method GBV-SQL against a wide range of ICL-
based methods, including DIN-SQL (Pourreza and
Rafiei, 2023), DAIL-SQL (Gao et al., 2024a),
MAC-SQL (Wang et al., 2025), MAG-SQL (Xie
et al., 2024), SuperSQL (Li et al., 2024a), and
CogSQL (Yuan et al., 2025).

4.1.3 Evaluation Metrics

We evaluate our framework using two metrics: ex-
ecution accuracy and valid efficiency score. Exe-
cution accuracy (EX) is defined as the proportion
of predicted SQL queries whose execution results
exactly match those of the ground-truth SQL. The
valid efficiency score (VES), introduced by the
BIRD dataset, jointly considers the correctness and
execution efficiency of generated SQL. The effi-
ciency score (related to execution time) is calcu-
lated only if the predicted and real SQL results
match; otherwise, the score is 0.

4.1.4 Implementation Details

Our experiments primarily use Deepseek-v3 as the
backbone large language model, accessed through
the Deepseek API. For supplementary validation,
we also employ GPT-4o via the OpenAI API. The
temperature for both models is set to 0. In our
SQLChecker module, the maximum number of
repair iterations is set to 3. Our multi-agent ar-
chitecture draws inspiration from MAC-SQL. Our
method is capable of handling moderately complex
queries, covering scenarios that involve both single
and multiple tables.

4.2 Main Result

4.2.1 BIRD Result
The results in Table 1 show that our method signifi-
cantly enhances the performance of the Deepseek
baseline. Using the Deepseek-v3 model, GBV-SQL
achieves an EX of 63.23% on the BIRD dev dataset,
which is a 5.8% improvement over MAC-SQL that
also uses the Deepseek model, and even surpasses
numerous methods that use GPT-4. This highlights
the effectiveness of GBV-SQL in Text2SQL tasks.

4.2.2 Spider Result
Table 2 shows the performance of our framework
and baseline methods on the Spider dataset. GBV-
SQL achieves execution accuracies of 79.6% and
82.8% on the Spider dev and test sets, respectively.
On the test set, our method outperforms the MAC-
SQL baseline by a notable 5.2% when using the
same Deepseek-v3 model, achieving performance
comparable to methods that rely on GPT-4. How-
ever, the performance on the dev set is unexpect-
edly lower than anticipated. This discrepancy mo-
tivates a deeper investigation into the nature of
the execution failures, which reveals that the issue
stems not from our model’s capabilities but from
what we identify as “Gold Errors”: pervasive qual-
ity issues within the benchmark’s ground-truth data
itself, as detailed in the following section.

4.3 Error Analysis

A rigorous manual review of all items that failed
execution on the Spider benchmark reveals the over-
whelming majority of failures are not caused by our
model but by inherent quality issues in the dataset.
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Methods Dev Test

GPT-4 (zero-shot) 74.6 –
DIN-SQL + GPT-4 82.8 85.3
DAIL-SQL + GPT-4 84.4 86.6
CogSQL + GPT4 85.4 86.4
SuperSQL + GPT4 87.0 –
MAG-SQL + GPT-4 85.3 85.6
MAC-SQL + GPT-4 86.8 82.8

MAC-SQL + Deepseek-v3 80.1 77.6
GBV-SQL + Deepseek-v3 (ours) 79.6 82.8(↑5.2%)
GBV-SQL + GPT-4o (ours) 79.7 83.9
GBV-SQL + No Gold Errors 96.5 97.6

Table 2: The EX results on the Spider dev and test
sets. Improvements relative to MAC-SQL+Deepseek-
v3 are shown in parentheses. The “No Gold Errors”
designation indicates evaluation on a cleaned subset of
the benchmark, from which entries with quality issues
have been removed.

Consequently, we develop a novel framework for
classifying these gold-standard errors.

4.3.1 Gold Error Identification

To ensure an objective and reproducible analysis,
we establish a rigorous protocol to audit the quality
of each data item. The process is conducted by
three SQL-proficient graduate students. Initially,
two students independently inspect and classify
potential quality issues in every data item according
to our proposed typology (Figure 4), achieving
a substantial inter-annotator agreement (Cohen’s
Kappa = 0.86). A third student then adjudicates
all disagreements to make the final classification,
ensuring the reliability of our findings.

4.3.2 A New Typology of Gold Errors

While prior research has acknowledged the exis-
tence of data quality problems, a clear and sys-
tematic classification has been absent. We address
this gap by introducing a new standard that cate-
gorizes Gold Errors into three distinct types based
on a comprehensive analysis of recurring issues.
For concrete examples illustrating each category
and subcategory, please refer to the case studies in
Appendix B.

• Type A (SQL-Side Errors): Covers all errors
originating from the gold SQL itself, assum-
ing the NLQ is valid. This includes semantic
errors where the query fails to correctly or op-
timally represent the user’s intent, as well as
syntactic errors that prevent the query from
executing.

• Type B (NLQ-Side Errors): Includes all
cases where the NLQ itself is the source of
the problem. This covers questions that are
ambiguous, underspecified, logically flawed,
or unanswerable with the given database.

• Type C (Database Errors): Signifies er-
rors found within the database itself, such
as flawed schema design or inconsistent and
“dirty” data values.

As detailed in Appendix A.1, each primary cate-
gory is further partitioned into a granular hierarchy
of subcategories.

4.3.3 Analysis of Gold Errors in Spider

Our analysis of the Spider dev set uncovers a sig-
nificant number of “Gold Errors” (i.e., errors in the
ground-truth labels), with 183 instances found in
samples our model failed (EX=0) and 62 in those
it passed (EX=1). Figure 5 provides a quantitative
breakdown of the various Gold Error categories
within these failed samples. A prominent exam-
ple is the data contamination within the flight_2
database, which is illustrated in Figure 8; here, ex-
traneous spaces in TEXT attributes cause many offi-
cial Gold SQL queries to fail, whereas our method
correctly handles such “dirty data”. After man-
ually correcting for these dataset flaws, we find
that only 37 were genuine model failures. Conse-
quently, re-evaluating on a “clean” subset improves
our model’s execution accuracy to 96.5% on the
dev set and 97.6% on the test set (Table 2, “No
Gold Errors” row). This finding highlights how
benchmark quality issues can substantially affect
execution-based evaluation and can mask model
behavior under cleaner gold annotations. Due to
space limitations, further details of our analysis on
the Spider test set are available in Figure 6.

4.3.4 Analysis of Gold Errors in BIRD

Figure 3 illustrates the standard evaluation pro-
cess for a question-SQL pair in existing bench-
marks such as Spider and BIRD. In this process,
the model-generated SQL (predicted SQL) is com-
pared against a single ground-truth query (gold
SQL). A binary score of 1 or 0 is awarded based
on whether their execution results on the database
match. The final Execution Accuracy (EX) met-
ric is then calculated by aggregating these scores
across all samples. This process is highly sensitive
to the quality of the gold standard; any “Gold Error”
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Method / Metric Gold Error Subset Full Dev Set

Number of Samples 577 1534
GBV-SQL Original EX 6.93 63.23
GBV-SQL Corrected EX 79.20 90.42
MAC-SQL Corrected EX 76.08 83.77

Table 3: Diagnostic re-evaluation on the BIRD dev set under manually repaired gold annotations. The “Gold Error
Subset” refers to samples identified with ground-truth flaws.

in the benchmark can lead to a correct model pre-
diction being incorrectly penalized, thus distorting
the performance metrics. Motivated by our findings
on Spider, we conducted a comprehensive quality
review of the entire BIRD dev set.

Unlike our approach with Spider, where prob-
lematic samples were excluded for re-evaluation,
our analysis of BIRD involved a more intensive
effort: we manually repaired the identified “Gold
Errors” within the ground-truth data. Our review
revealed that 37.6% of the samples in the BIRD
dev set contained “Gold Errors”, corroborating re-
cent studies (Shen et al., 2025; Yang et al., 2025),
spanning a range of issues from flawed SQL logic
to ambiguous natural language questions.

After correcting these flaws, we re-evaluated our
model’s predictions on this repaired subset. The
results showed that on the BIRD dev set, GBV-
SQL’s execution accuracy increased to 90.42%. We
also re-evaluated MAC-SQL on the same repaired
BIRD dev set, obtaining 83.77% EX. Table 3 pro-
vides a detailed breakdown of the evaluation results
before and after the correction. This significant im-
provement not only highlights the pervasive quality
issues within the BIRD benchmark but also shows
that GBV-SQL remains stronger than a representa-
tive multi-agent baseline under the repaired evalua-
tion setting. A detailed breakdown of Gold Error
distribution and case studies for the BIRD dataset
is provided in Appendix A.2.2. It is worth noting
that even after this meticulous repair effort, the
overwhelming majority of the remaining 20.8% of
inconsistencies were found to be caused by more
subtle or complex Gold Errors, while only a small
fraction constituted actual model failures.

4.4 Ablation Study

Table 4 presents our ablation study on the BIRD
dev set. “w/o Planner/SQLGenerator” indicates re-
placement with MAC-SQL’s modules, while other
variants remove the specified component. “w/o
Human-like CoT” indicates replacing the chain-

of-thought prompting with a standard zero-shot
prompt. The results confirm that each component
of the GBV-SQL framework is integral, as remov-
ing any one of them degrades overall performance.
Notably, ablating the SQLChecker, which handles
final formatting and executability analysis, causes
the most significant performance drop. This un-
derscores the profound impact of query executabil-
ity and proper formatting on the current execution
based (EX) evaluation paradigm.

4.5 Discussion
The standard Text2SQL evaluation compares the
execution results of predicted queries against gold
queries, a process highly susceptible to dataset qual-
ity. Our comprehensive analyses of both the Spider
and BIRD datasets confirm that this is a widespread
issue. For instance, an ambiguous natural language
question can render a single gold SQL query in-
sufficient for reliable judgment. Likewise, a cor-
rect question paired with a flawed gold SQL will
still yield an inaccurate EX score. More critically,
database-level errors can cause substantial devia-
tions in evaluation. Therefore, we strongly urge
the community to place greater emphasis on the in-
tegrity of Text2SQL benchmarks, adopting a more
rigorous approach to their creation and mainte-
nance. Benchmarks should not be treated as static,
infallible standards, but as dynamic entities that
require continuous validation, correction, and ver-
sioning.

5 Conclusion

This paper investigates the problem of semantic in-
consistency in Text2SQL, proposing GBV-SQL,
a novel multi-agent framework designed to en-
sure a query’s logic is faithful to user intent. The
cornerstone of our approach is a SQL2Text back-
translation validation mechanism, which effec-
tively bridges the semantic gap between the user’s
question and the generated SQL. This method
demonstrates significant effectiveness, achieving a
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Model Simple Moderate Challenging Total

GBV-SQL + Deepseek-v3 69.51 54.62 50.69 63.23
w/o Planner 68.76 53.98 45.83 62.13 (↓)
w/o SQLGenerator 67.78 53.76 48.61 61.73 (↓)
w/o Human-like CoT 66.70 52.90 51.39 61.08 (↓)
w/o SQL2TextValidator 68.54 52.69 47.92 61.80 (↓)
w/o SQLChecker 66.49 49.89 47.22 59.65 (↓)

Table 4: Ablation of GBV-SQL on the BIRD’s dev set.

5.8% absolute accuracy improvement on the BIRD
benchmark. In our comprehensive evaluation, we
also uncovered pervasive flaws in the benchmark
datasets, which we classify using a novel “Gold
Error” typology. After correcting for these bench-
mark issues, the true performance of GBV-SQL
was revealed, with execution accuracy reaching
96.5% and 97.6% on the Spider development and
test sets, respectively, and 90.42% on a corrected
version of the BIRD development set. Our work,
therefore, offers a robust framework for enhancing
semantic fidelity and highlights the critical need for
benchmark curation, suggesting future directions in
automated validation for complex reasoning tasks.

Limitations

Despite the improvements achieved by GBV-SQL,
several limitations persist. First, our evaluation re-
lies on existing benchmarks (Spider, BIRD) where
questions are paired with definitive SQL queries. In
real-world enterprise scenarios, user intent is often
ambiguous or underspecified, requiring multi-turn
clarification—a capability our current framework
lacks. Second, while we address semantic errors,
our method essentially relies on the capabilities of
the underlying LLM; if the model’s internal world
knowledge is insufficient (e.g., domain-specific
acronyms), the back-translation validator may yield
false positives. Finally, we have not yet adapted
GBV-SQL to handle long-context retrieval scenar-
ios as introduced in Spider 2.0, which remains a
direction for future work.
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A Detailed Analysis of Gold Errors

To better understand the context of our error analy-
sis, we first revisit the standard evaluation pipeline.
As illustrated in Figure 3, the traditional evalua-
tion process relies heavily on the exact match of
execution results between the predicted SQL and
the Gold SQL. This dependency makes the metric

highly sensitive to any flaws in the ground truth
(Gold Errors).

A.1 Expanded Gold Error Typology
We categorize benchmark flaws into three primary
types (Type A: SQL-side, Type B: NLQ-side, Type
C: Database-side). Figure 4 provides a hierarchical
view of this classification system.

A.2 Distribution Analysis on Datasets
We analyzed the distribution of these error types
on both Spider and BIRD datasets.

A.2.1 Spider Dataset Analysis
Figure 5 illustrates the breakdown of Gold Errors
for samples in the Spider development set where
our model initially failed (EX=0). The high preva-
lence of Type A and Type C errors explains the
discrepancy between the reported score and the
model’s actual capability.

For the Spider test set, a similar distribution was
observed, as shown in Figure 6.

A.2.2 BIRD Dataset Analysis
Figure 7 shows the overall distribution of error
types found across the entire BIRD development
set.

B Case Studies of Gold Errors

We present detailed case studies to exemplify the
error types defined in our typology.

Case 1: Suboptimal SQL Representation (A1)

ID Spider_dev(idx:484)

NL What are the names and ranks of the three
youngest winners across all matches?

Gold SQL SELECT DISTINCT winner_name ,
winner_rank FROM matches
ORDER BY winner_age LIMIT 3

Real SQL WITH winner_min_age AS (
SELECT winner_id,
MIN(winner_age) AS min_age
FROM matches
GROUP BY winner_id

)
SELECT m.winner_name, m.winner_rank
FROM matches AS m
INNER JOIN winner_min_age AS w
ON m.winner_id = w.winner_id
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Figure 3: The standard Text2SQL evaluation pipeline. Any error in the "Gold SQL" or "Database" directly
propagates to the final accuracy metric.

New Gold Error 
Classification

A. SQL Semantic 
Mismatch Errors

A1: Suboptimal SQL Representation
The SQL captures the basic intent of 
the NLQ but is not the optimal or most 
standard representation.

A2: Incorrect Semantic & Logical 
Implementation

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

A2.2: Incorrect JOIN Logic The SQL's join types or conditions are incorrect.

A2.3: Improper Query Conditions The SQL's `WHERE` or `HAVING` filtering logic is incorrect, redundant, 
or missing.

A2.4: Incorrect Aggregation/Grouping 
Logic

The SQL's aggregate functions or `GROUP BY` clauses are used 
incorrectly.

A2.5: Incorrect Value Usage The SQL hardcodes incorrect literal values in its conditions.

A2.6: Nuanced Implementation Errors
A2.6.1: Improper handling of NULL values

A2.6.2: Issues from implicit data type conversions

A2.7: Incorrect Sorting Logic The SQL's sorting column or direction (`ASC`/`DESC`) is incorrect.

A2.8: Deduplication Errors The `DISTINCT` keyword is either missing when required or used 
unnecessarily.

A3: Syntactic & Execution Errors
A3.1: Syntax Errors The SQL query itself contains syntax errors and cannot be parsed.

A3.2: Schema Mismatch The SQL references tables or columns that do not exist in the 
database schema.

B. Flawed Natural 
Language Questions

B1: Ambiguity

B1.1: Lexical/Semantic Ambiguity A word or phrase in the question has multiple valid meanings.

B1.2: Syntactic Ambiguity The grammatical structure of the question allows for multiple parse 
trees.

B1.3: Schema-Induced Ambiguity A term in the question can map to multiple elements in the database 
schema.

B2: Underspecification & Implicit 
Assumptions

B2.1: Implicit Assumptions The question lacks necessary details, forcing the annotator to make a 
subjective assumption.

B2.2: Ambiguous JOIN Decisions The question does not clearly specify how tables should be joined.

B3: Unanswerable or Self-Contradictory 
Questions

The question is logically contradictory 
or requests information unavailable in 
the database.

C. Database Errors

C1: Dirty Data The database contains erroneous or 
inconsistent data.

C2: Deficient Schema Design The database's schema has structural 
or design flaws.

Figure 4: The new Gold Error Classification proposed in this work.

AND m.winner_age = w.min_age
ORDER BY w.min_age ASC
LIMIT 3;

Explanation Overlooked the fact that a contestant
might have multiple wins, which ultimately
resulted in always returning the same person.

Case 2: Improper Query Conditions (A2.3)

ID Spider_dev(idx:241)

NL Find all airlines that have at least 10 flights.

Gold SQL SELECT T1.Airline
FROM AIRLINES AS T1

JOIN FLIGHTS AS T2 ON
T1.uid = T2.Airline
GROUP BY T1.Airline
HAVING count( * ) > 10;

Real SQL SELECT T1.Airline
FROM AIRLINES AS T1
JOIN FLIGHTS AS T2 ON
T1.uid = T2.Airline
GROUP BY T1.Airline
HAVING count( * ) >= 10;

Explanation The filtering condition is incorrect.
It should be >= 10.
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Figure 5: The distribution of Gold Error types in the
Spider’s dev set with EX=0.

Figure 6: The distribution of Gold Error types in the
Spider’s test set with EX=0.

Case 3: Incorrect Aggregation/Grouping Logic
(A2.4)

ID Spider_test(idx:1601)

NL Find the make that has more than one team.

Gold SQL SELECT make
FROM team
GROUP BY team
HAVING count( * ) > 1;

Real SQL SELECT make
FROM team
GROUP BY team.make
HAVING count( * ) > 1;

Explanation Incorrect grouping conditions.

Case 4: Incorrect Value Usage (A2.5)

ID BIRD_dev(idx:93)

Figure 7: The distribution of Gold Error types in the
BIRD’s dev set.

NL How many male customers who are living in
North Bohemia have average salary greater
than 8000? (Male means that gender = ‘M’;
A3 refers to region; A11 pertains to average
salary.)

Gold SQL SELECT COUNT(T1.client_id)
FROM client AS T1
INNER JOIN district AS T2
ON T1.district_id = T2.district_id

WHERE T1.gender = 'M'
AND T2.A3 = 'North Bohemia'
AND T2.A11 > 8000;

Real SQL SELECT COUNT(T1.client_id)
FROM client AS T1
INNER JOIN district AS T2
ON T1.district_id = T2.district_id

WHERE T1.gender = 'M'
AND T2.A3 = 'north Bohemia'
AND T2.A11 > 8000;

Explanation The database actually stores ‘north
Bohemia’ (lowercase ‘n’).

Case 5: Improper handling of NULL values
(A2.6.1)

ID Spider_test(idx:1841)

NL Find the name of theaters that has at least one
movie playing.

Gold SQL SELECT name
FROM movietheaters
GROUP BY name
HAVING count( * ) >= 1;

Real SQL SELECT Name
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FROM MovieTheaters
WHERE Movie IS NOT NULL;

Explanation Gold SQL ignores the possibility of
NULL values in the data.

Case 6: Lexical/Semantic Ambiguity (B1.1)

ID BIRD_dev(idx:3)

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

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

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

Explanation The phrase ‘mailing address’ in the
question is ambiguous and cannot accurately
refer to the MailStreet column.

Case 7: Implicit Assumptions (B2.1)

ID BIRD_dev(idx:54)

NL Please specify all of the schools and their re-
lated mailing zip codes that are under Avetik
Atoian’s administration.

Gold SQL SELECT School, MailZip
FROM schools
WHERE AdmFName1 = 'Avetik' AND
AdmLName1 = 'Atoian';

Pred SQL SELECT School, MailZip
FROM schools
WHERE (AdmFName1 = 'Avetik'
AND AdmLName1 = 'Atoian')
OR (AdmFName2 = 'Avetik' AND
AdmLName2 = 'Atoian') OR
(AdmFName3 = 'Avetik' AND
AdmLName3 = 'Atoian');

Explanation Each school has up to three adminis-
trators, but the Gold SQL only considers the
first one by default.

Case 8: Dirty Data (C1)

ID Spider_dev(idx:185)(flight_2)

NL List the airport code and name in the city of
Anthony.

Gold SQL SELECT AirportCode,
AirportName
FROM AIRPORTS
WHERE city = "Anthony";

Pred SQL SELECT AirportCode,
AirportName
FROM airports
WHERE City = 'Anthony ';

Explanation Dirty data in the database causes the
Gold SQL to return an empty result because
the database stores ‘Anthony ’ (with a trailing
space).

As shown in Figure 8, data inconsistency (extra-
neous spaces in the database values) causes valid
queries to fail execution checks. The database
stores ’Anthony ’ instead of ’Anthony’, causing
standard equality checks to fail.

airlines

INTEGER uid PK

TEXT Airline

TEXT Abbreviation

TEXT Country

airports

TEXT AirportCode PK

TEXT AirportName

TEXT City

TEXT Country

TEXT CountryAbbrew

fligths

INTEGER FlightNo PK

INTEGER Airline PK

TEXT SourceAirport FK

TEXT DestAirport FK

SourceAirport DestAirport

‘ APG’ ‘ ASY’

‘ ASY’ ‘ APG’

AirportCode City AirportName

‘APG’ ‘Aberdeen ’ ‘Phillips AAF ’

‘ABR’ ‘Aberdeen ’ ‘Municipal ’

SELECT AirportCode, AirportName FROM AIRPORTS WHERE city = "Anthony"

SELECT City, Country FROM AIRPORTS WHERE AirportName = "Alton"

SELECT T1.City FROM AIRPORTS AS T1 JOIN FLIGHTS AS T2 ON T1.AirportCode  
= T2.DestAirport GROUP BY T1.City ORDER BY count(*) DESC LIMIT 1

Empty Result

Gold SQL

Figure 8: An example of (C1:Dirty Data) from database
flight_2 in Spider’s dev set.

C Implementation Details and Prompts

This section details the specific prompt designs
used in the GBV-SQL framework.

C.1 Schema Representation

The template used for Schema Representation in
the Planner agent is shown in Figure 9.
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(ContId, cont id [PRIMARY KEY]. Value examples:column type is 
INTEGER, [1, 2, 3, 4].),
(Continent, continent. Value examples:column type is TEXT, 
['europe', 'australia', 'asia', 'america'].)

Database ID: car_1

# Table: continents

(CountryId, country id [PRIMARY KEY]. Value examples:column type is 
INTEGER, [1, 2, 3, 4].),
(CountryName, country name. Value examples:column type is TEXT, 
['usa', 'uk', 'sweden', 'russia'].),
(Continent, continent [FOREIGN KEY -> continents.ContId]. Value 
examples:column type is INTEGER, [2, 1, 5, 4].)
.[[

# Table: countries

countries.`Continent` = continents.`ContId`
.[[

Foreign keys

Figure 9: The prompt template for Schema Representa-
tion.

C.2 Human-like Chain-of-Thought

Figure 10 illustrates the workflow of our Human-
like CoT reasoning process.

Draft SQL

Query

Evaluate

DISTINCT

Plan JOIN

Operations

Map to

Schema

Natural

Language

Question

Define GROUP

BY & ORDER BY

Determine

SELECT Fields

Analyze

Intent

Figure 10: Human-like Chain-of-Thought Workflow for
Drafting SQL Queries.

Prompt Content:

As a SQL expert, your task is to complete the
following steps according to the SQLite specifica-
tion, based on the given [Question], [Evidence],
and [Database Schema]:

Step 1: Based solely on the [Question] and [Ev-
idence], analyze the specific intent of the
[Question] to determine what information
needs to be retrieved.

Step 2: Based on the results from Step 1 and in
conjunction with the [Database Schema],
analyze and identify the database tables
and columns required to generate the corre-
sponding SQL query.

Step 3: Determine the exact columns to re-
turn based on the question’s intent. Do
not include extraneous columns. For ex-
ample, if the question is “Who is the
youngest singer?”, you should only return
the singer’s name or ID, not their age.

Step 4: Analyze if a JOIN operation is required.
If so, specify the type of join (e.g., INNER
JOIN, LEFT JOIN) and the columns to be
used for the join condition.

Step 5: Analyze if grouping is needed. If so,
specify the columns for the GROUP BY
clause.

Step 6: Analyze if ordering is needed. If so, spec-
ify the columns for the ORDER BY clause.
Do not add an ORDER BY clause unless it
is explicitly required by the question.

Step 7: Analyze whether the DISTINCT keyword
is needed for deduplication. Generally, if
the [Question] asks for specific attributes of
each entity record, the results should have
a one-to-one correspondence with the en-
tities, and DISTINCT is unnecessary. How-
ever, when joining multiple tables, carefully
consider whether join amplification might
produce duplicate records, which would re-
quire using DISTINCT. This decision must
be based on the specific problem.

Step 8: Based on the information gathered
above, generate the final SQL query using
SQLite syntax.

C.3 SQL Formatting
The SQLChecker agent utilizes the prompt shown
in Figure 11 for SQL formatting and optimization.
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You are an SQL optimization assistant. Your task is, based on the user’s Question and Evidence and 
the provided SQL statement and related Database Schema, to complete the following tasks: 
  Task1: Strictly follow the minimization principle: return only the fields requested in the question; do 
not perform any derived inference, even if extra fields could enrich the information. 
  Task2: Follow the minimal-usable principle: operations not explicitly mentioned in the question 
must not appear (e.g., avoid string concatenation; you may directly return two separate fields). 
  Task3: Ensure the return format and the fields exactly match what the Question requests, including 
the number and order of fields. In SQL, return the columns in the same order as they appear in the 
Question. 
  Task4: Finally, output an executable and semantically correct SQL code block, ```sql```, and do not 
include any explanatory comments inside the code block. 
- - - - - - - - - - - - - - -
  case 1: What is the age and student id for the student called `Mark`? Indicate the student's class id. 
  sql1: select T1.age, T1.student_id, T1.class_id from student as T1 where T1.name = 'Mark’ 
  sql2: select T1.age, T1.class_id, T1.student_id from student as T1 where T1.name = 'Mark’ 
  Reason: sql2 is incorrect because the field order should be age, class_id, student_id, while the order 
in sql2 is wrong. 
- - - - - - - - - - - - - - -
  case 2: Which student has the highest average score? 
  sql1: SELECT s.student_id FROM students AS T1 JOIN scores AS T2 ON T1.student_id = 
T2.student_id GROUP BY T1.student_id ORDER BY AVG(T2.score) DESC LIMIT 1; 
  sql2: SELECT s.student_id, AVG(T2.score) FROM students AS T1 JOIN scores AS T2 ON 
T1.student_id = T2.student_id GROUP BY T1.student_id ORDER BY AVG(T2.score) DESC 
LIMIT 1; 
  Reason: sql1 is correct.Because he original question only asks which student has the highest average 
score, and does not ask for the corresponding score. Therefore, fields not requested by the question 
must not be returned.
- - - - - - - - - - - - - - -
  Please follow the above process, accept the following content, and output the modified SQL. 
```sql ``` 
Question:{Question} 
Evidence:{Evidence} 
SQL: {Sql} 
[Database Schema] 
{desc_db} 
[Foreign keys] 
{fk_info}

Figure 11: The prompt used by the SQLChecker agent for query formatting and reduction.
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