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Abstract

Text-to-SQL generation aims to translate nat-
ural language questions into SQL statements.
In Text-to-SQL based on large language mod-
els, schema linking is a widely adopted strategy
to streamline the input for LLMs by selecting
only relevant schema elements, therefore reduc-
ing noise and computational overhead. How-
ever, schema linking faces risks that require
caution, including the potential omission of nec-
essary elements and disruption of the structural
integrity of database. To address these chal-
lenges, we propose a novel framework called
RSL-SQL that combines bidirectional schema
linking, contextual information augmentation,
and risk hedging selection strategy. On the
BIRD dataset, we use both forward and back-
ward pruning methods to improve the recall rate
of schema linking, achieving a strict recall rate
of 94%, while reducing the number of input
columns by 83%. Furthermore, it hedges the
risk by voting between a full mode and a sim-
plified mode enhanced with contextual infor-
mation. Experiments of our approach are com-
parable to state-of-the-art accuracy on different
benchmarks. Furthermore, our approach out-
performs a series of GPT-4 based Text-to-SQL
systems when adopting DeepSeek-V2 (much
cheaper) with the same intact prompts. Exten-
sive analysis and ablation studies confirm the
effectiveness of each component in our frame-
work.

1 Introduction

In recent years, the task of Text-to-SQL, i.e., trans-
lating natural language questions into structured
query language—has emerged as a critical technol-
ogy for enabling non-expert users to access rela-
tional databases (Qin et al., 2022; Wang et al., 2019;
Katsogiannis-Meimarakis and Koutrika, 2023).
With the rapid advancement of large language
models (LLMs) in both understanding and gener-
ation (Achiam et al., 2023; Anthropic, 2024; Ope-
nAl, 2024), a growing body of research has ex-
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Figure 1: Two critical risks in schema linking: (a) In-
complete Recall, where necessary elements are dis-
carded; and (b) Volatile Gains, where contextual loss
hinders structural understanding.

plored prompt engineering to guide LLMs in SQL
generation, yielding impressive results. Prior stud-
ies have demonstrated that providing richer and
more detailed database descriptions—such as the
database’s structure, annotations, sample data, and
relational mappings—can significantly improve the
accuracy of the generated SQL queries (Lee et al.,
2024; Li et al., 20244d).

For many real-world databases, the schema
can be extensive, containing numerous tables and
columns, especially with detailed descriptions (Li
et al., 2024c; Lei et al., 2024). However, a user’s
natural language query usually pertains to only a
much smaller subset of these database fields. Con-
sequently, feeding the complete schema to the LLM
for SQL generation may introduce a significant
amount of irrelevant information, which can dilute
the model’s focus and hinder its ability to accu-
rately comprehend the user’s intent and generate
precise SQL. To address this, many studies have
adopted a two-step cascading approach in LLM-
based Text-to-SQL pipelines (Li et al., 2024b; Ta-
laei et al., 2024): 1) Schema Linking aims to iden-
tify and extract relevant schema elements from the
complete database schema, thereby forming a sim-
plified schema subset; 2) SQL Generation aims



to generated the target SQL query solely on above
simplified schema.

However, schema linking can indeed bring about
several risks. The First Risk is that the perfor-
mance of schema linking itself directly caps the
upper bound of subsequent SQL accuracy. If the
simplified schema misses any necessary tables or
columns required to answer the user’s question,
the generated SQL will inevitably be erroneous
(Figure 1 (a)). The Second Risk is that the gains
Jrom schema simplification on downstream SQL
generation are somehow volatile; even if all nec-
essary schema elements are fully identified during
the schema linking phase, it may not always yield
positive gains (Figure 1 (b)). Precisely due to these
risks, some studies (Maamari et al., 2024) have
found that for particularly strong models like GPT-
4o, the benefits brought by schema linking are often
marginal or negligible. These risks highlight a del-
icate balance: while schema linking can reduce
noise and computational cost, it may also intro-
duce errors through incomplete schema recall or
undermine the LLM’s holistic comprehension of
the complete database context.

To enhance the advantages of schema linking
while mitigating its risks, we propose RSL-SQL,
a framework for mitigating the risks of schema
linking in Text-to-SQL generation. In RSL-SQL,
we first introduce a bidirectional schema linking
method to address the risk of incomplete recall. It
combines direct inference of relevant schema ele-
ments from the user question with a reverse process
that parses schema elements from generated SQL
draft for the user question. By merging these, it
achieves better coverage and efficiency than ex-
isting schema linking techniques. To handle the
second risk of unstable effects from schema sim-
plification, we enrich the simplified schema with
additional contextual information. This makes it
more informative and helps compensate for any
loss in the LLM’s overall understanding of the
database. More critically, We apply a risk hedg-
ing strategy that selects the optimal SQL based on
the two generated SQL queries from the complete
schema and the enriched simplified schema. This
approach provides a more focused alternative dif-
fers from traditional self-consistency methods (Li
et al., 2024d), which generate multiple SQLs from
the same schema. Together, these components al-
low RSL-SQL to amplify the benefits of schema
linking while reducing its drawbacks, resulting in
significant performance improvements.

In our experiments, we evaluate the proposed
method, RSL-SQL, on the BIRD, Spider and Spi-
der2.0 datasets, comparing its performance against
a range of existing Text-to-SQL methods. RSL-
SQL, powered by GPT-40, delivers strong execu-
tion accuracy on BIRD and Spider. Additionally,
it reaches high on Spider 2.0-lite when utilizing
GPT-03.Moreover, we demonstrate that when using
the cost-effective model DeepSeek-v2, RSL-SQL
outperforms many GPT-4-based methods on both
datasets. The ablation study reveals that each com-
ponent of our method contributes to the overall per-
formance gains. The main contributions of this pa-
per are summarized as follows: (1)A Novel Text-to-
SQL Framework:We propose RSL-SQL, a com-
prehensive framework composed of two key mod-
ules: Bidirectional Schema Linking for efficient
column pruning and Question Information Augmen-
tation for semantic enhancement. This architecture
effectively mitigates schema noise and enhances
reasoning capabilities, enabling precise SQL gen-
eration in large-scale environments. (2)Strong
Generalizability Across Benchmarks: RSL-SQL
demonstrates strong transferability without domain-
specific fine-tuning. It consistently achieves near-
optimal performance (ranking second) across di-
verse scenarios, ranging from the standardized Spi-
der dataset to the noisy BIRD and the massive Spi-
der 2.0-Lite benchmarks. (3)High Performance
with Low Consumption: We achieve a superior
balance between accuracy and cost. Unlike meth-
ods relying on resource-intensive multi-candidate
sampling, RSL-SQL delivers competitive execu-
tion accuracy with significantly lower token con-
sumption and inference latency.

2 Related Work

2.1 Schema Linking in Text-to-SQL

Schema linking is a key step in text-to-SQL tasks,
aiming to identify relevant database tables and
columns for natural language queries. Models like
RAT-SQL (Guo et al., 2019), SchemaGNN (Bo-
gin et al., 2019), and ShadowGNN (Chen et al.,
2021b) use relationship-aware self-attention mech-
anisms to enhance schema integration. SADGA
(Cai et al., 2021) introduces a dual-graph frame-
work to encode and aggregate information from
both queries and schemas. With LLMs excelling
in NLP tasks, methods like CHESS (Talaei et al.,
2024) improve schema linking by retrieving rele-
vant database information, while MCS-SQL (Lee



et al., 2024) uses multiple prompts and LLM re-
sponses to filter out irrelevant tables and columns.
SQL-to-schema approaches perform schema link-
ing by parsing the SQL query itself (Yang et al.,
2024). Most recently, reasoning-enhanced models
such as SQL-R1 (Ma et al., 2025) have emerged,
which treat schema linking as a distinct reasoning
step within a reinforcement learning or multi-agent
framework to better align schema understanding
with execution correctness.Our approach applies
bidirectional schema linking to better analyze the
relationship between the initial SQL and the neces-
sary elements to answer the user’s query.

2.2 Candidate Generation Strategies for SQL
Synthesis

Early Text-to-SQL research relied on hand-
designed templates (Zelle and Mooney, 1996),
which worked well for simple cases but were lim-
ited by manual. With the rise of Transformer
models, especially sequence-to-sequence architec-
tures (Sutskever, 2014; Vaswani, 2017), Text-to-
SQL research advanced significantly. Models like
IRNet (Guo et al., 2019) and RAT-SQL (Wang
et al., 2019) integrated schema information into
SQL generation via relationship-aware attention
mechanisms. As LLMs proved effective for NLP
tasks, research increasingly focused on their poten-
tial for Text-to-SQL, introducing task decomposi-
tion and reasoning strategies like Chain of Thought
(CoT) (Wei et al., 2022) to improve performance.
Methods generating multiple candidate SQLs and
selecting the best have shown success (Chen et al.,
2021a; Li et al., 2022; Ni et al., 2023), such as
using different prompts to generate and choose op-
timal solutions (Pourreza et al., 2024).In 2025, gen-
eration strategies have shifted towards reinforce-
ment learning and self-correction , such us Arctic-
Text2SQL-R1 (Yao et al., 2025) optimizes genera-
tion via execution-based rewards. In contrast, our
approach generates only two candidate SQLs—one
from the full schema and one from the simplified
schema—greatly reducing token usage and enhanc-
ing efficiency.

3 Method

We introduce RSL-SQL, a training-free framework
for Text-to-SQL with LLMs. The framework ad-
dresses two primary risks: Risk 1 (incomplete re-
call) is mitigated via a Bidirectional Schema Link-
ing mechanism; Risk 2 (volatile gains from simpli-

fication) is addressed through a pipeline compris-
ing Preliminary SQL Generation, Contextual
Information Augmentation, and a Risk Hedging
Selection Strategy. Unlike self-consistency meth-
ods (Lee et al., 2024), RSL-SQL deterministically
generates SQL; and SQL, using distinct schema in-
formation.

We formulate the task under two sub-tasks: (1)
Schema Element Recall, identifying a subset
S’ C S that maximally recalls all necessary el-
ements required to generate the correct SQL. The
objective is to ensure that the subset contains all es-
sential schema elements; (2) SQL Generation for
Risk Hedging, designing a strategy to maximize
query reliability by balancing semantic precision
and structural integrity.

The database schema S follows an M-schema
style (Gao et al., 2024b), providing a modular de-
scription including table names, column types, for-
eign keys, and value samples to aid value-based
reasoning (Li et al., 2024d). The detailed execution
process is provided in the Appendix A

3.1 Bidirectional Schema Linking

To mitigate the risk of insufficient recall, we present
Bidirectional Schema Linking. As compared in
Figure 3 in the Appendix, unlike retrieval-based
methods (Figure 3(a)) that score each elements
individually or standard generative methods (Fig-
ure 3(b)) that select elements in a single pass, our
approach (Figure 3(c)) combines forward schema
linking and backward schema linking to derive a
simplified database schema.

Forward Schema Linking In this step, we
prompt the LLMs with database schema & and
the natural language query O to identify poten-
tially relevant tables and columns. Since columns
mentioned in the user query may be directly re-
lated to the correct SQL, we also perform an exact
match to recall the columns explicitly referenced
in the query. Together, these steps constitute For-
ward Schema Linking. To avoid naming conflicts,
the output list is formatted as table_name and
table_name.column_name. The prompt is shown
in Figure 9. This yields a set of potentially relevant
elements, denoted L¢,q4:

Lyg = LLMg,4(Q, S) U Matchp,g(Q,S) (1)

Backward Schema Linking We observed that
while an initial SQL generated directly may be in-
correct, the fields it references are often strongly
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Figure 2: Comparison of SQL generation strategies. (a) Sampling-based Self-Consistency: Generates multiple
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against schema linking risks.

correlated with the correct SQL. Based on this,
we propose Backward Schema Linking. First, the
LLM is provided with the initial schema and L4
to guide SQL generation. Next, we parse the
generated SQL using the sqlglot (tobymao, 2024)
tool to extract referenced tables and columns, de-
noted as Ly,q: The backward linking set is de-
rived as L,y = Tool(SQL,S), where SQL =
LLMgen(Q, Leyg)- This process complements for-
ward schema linking, as L4 may capture impor-
tant elements missed in Lg,q. Particularly, if the
generated SQL is already correct, Ly, will cer-
tainly encompass all necessary tables and columns.
Bidirectional Integration In each iteration, we
perform forward and backward linking to obtain
Le,g and Ly,q. The number of iterations is ad-
justable. For Spider (Yu et al., 2018) and BIRD (Li
et al., 2024c), we perform a single iteration, while
for Spider2.0 (Lei et al., 2024), we perform three
iterations. Finally, we merge the sets obtained in
each iteration to derive the simplified schema S':

N
s'=J (2 uLil) @)
i=1
We refer to this process as Bidirectional Schema
Linking, which effectively eliminates unrelated de-
tails while preserving high recall. In all subsequent
steps, we rely only on the simplified schema S'.

3.2 Contextual Augmented SQL Generation

Schema linking simplifies the schema but may de-
stroy the integrity of the complete database or
obscure the connection between the user ques-
tion and schema elements. To improve ro-
bustness, we introduce two augmentation strate-
gies:Preliminary SQL Generation and Contextual
Information Augmentation,which all collectively
enhance the LLM’s semantic and structural under-
standing of the database.Please refer to Appendix B
for the detailed execution process of two steps.

3.3 Risk Hedging Selection Strategy

SQL; (from full schema) and SQL, (from simplified
schema) each have distinct advantages: the for-
mer preserves structural integrity, while the latter
reduces noise. To balance this trade-off, we de-
sign a Risk Hedging Selection Strategy.Figure 2
illustrates the difference between our approach
and varying decoding strategies. Unlike Sampling-
based Self-Consistency (Figure 2(a)) or Prompt-
based strategies (Figure 2(b)) that rely on generat-
ing multiple candidates via randomness or varying
prompts, our method (Figure 2(c)) deterministi-
cally generates two complementary candidates and
employs execution-based binary selection.

SQL Execution and Result Annotation We ex-
ecute both SQL; and SQL, on database D to obtain



results R, and R,. We annotate these results by
capturing error messages or summarizing returned
rows like "No rows returned" or "100 rows total,
showing first 5 rows".

LLM based Binary Selection = We then prompt
the LLM to select the better query between SQL;
and SQL,, denoted as SQL5. The input includes 5‘/,
Q, SQLy, R, SQLy, and Ry:

SQL3 = LLMselect(‘glv Qa SQLla R17 SQI—27 RZ) (3)

The goal of SQLj is to explicitly balance schema
completeness and noise reduction. In cases where
both candidates are flawed, the LLM may generate
a new query (occurring in = 2% of cases). The
prompt is shown in Figure 12 in the Appendix.
Besides, to address potential syntax errors in
SQL3, we employ an iterative self-correction mecha-
nism guided by execution feedback (Pourreza et al.,
2024). For BIRD and Spider, where schema com-
plexity is moderate, we perform up to 3 rounds of
refinement on SQL3 to minimize token overhead.
In contrast, for the more challenging Spider 2.0
benchmark, we adopt an aggressive strategy by in-
dependently correcting SQL; and SQL, before per-
forming the final selection to maximally mitigate
hallucinations caused by massive schema fields.

4 Experiment

4.1 Benchmarks

To comprehensively evaluate the effectiveness
and generalization capabilities of RSL-SQL across
varying database complexities, we conduct exten-
sive experiments on three prominent Text-to-SQL
benchmarks: BIRD, Spider, and Spider 2.0-Lite.
These datasets encompass a wide range of scenar-
ios, from standardized academic schemas to mas-
sive, enterprise-scale real-world databases.

BIRD Benchmark The BIRD dataset (Li et al.,
2024c) is a large-scale, cross-domain Text-to-SQL
dataset. Its key characteristic is the emphasis
on processing database values while highlighting
the challenges posed by dirty external knowledge
bases, noisy database values, and the efficiency of
SQL queries—especially in large-scale database
environments.

Spider Benchmark The Spider dataset (Yuet al.,
2018) is a large-scale, cross-domain Text-to-SQL
task dataset. Its key characteristic is that it not
only contains complex SQL queries but also cov-
ers multi-table databases, making it an important

resource for testing model generalization capabili-
ties.

Spider2.0-Lite Benchmark The databases in
Spider 2.0 (Lei et al., 2024) come from real appli-
cations, typically containing over 1,000 columns
and stored in local or cloud systems such as Big-
Query and Snowflake. Spider 2.0-Lite simplifies
the task by offering a self-contained setup with
well-prepared database metadata and documenta-
tion. With 547 examples, this version focuses on a
text-in, text-out approach, enabling faster develop-
ment and evaluation.

4.2 Evaluation Metrics

We evaluate the performance of RSL-SQL using
four key metrics. Execution Accuracy (EX) mea-
sures the proportion of predicted SQL queries that
functionally match the ground truth (Yu et al.,
2018), while the Valid Efficiency Score (VES)
assesses the execution efficiency of these correct
queries (Li et al., 2024c). To quantify schema link-
ing effectiveness, we employ Non-Strict Recall
(NSR) for element-level overlap analysis and Strict
Recall Rate (SRR) to determine the ratio of sam-
ples where all required elements are successfully
recalled. Our framework prioritizes maximizing
SRR while minimizing the linked schema size |S|
to ensure both precision and robustness. Detailed
mathematical formulations for each metric are pro-
vided in Appendix C.

4.3 Results and Analysis
4.3.1 SQL Generation Results

The comparative performance of RSL-SQL against
representative baselines on BIRD (Li et al., 2024c),
Spider (Yu et al., 2018), and Spider 2.0-Lite (Lei
et al., 2024) is summarized in Table 1.

BIRD Benchmark On the BIRD dataset (Li
et al., 2024c), RSL-SQL demonstrates high com-
petitiveness using both GPT-40 and DeepSeek-V?2
backbones. Within the landscape of prompt-based
solutions, our framework ranks second only to
CHESSr, g ut (Talaei et al., 2024). However, it
is important to note that CHESS requires a substan-
tial computational budget to generate 20 candidate
SQL queries, whereas RSL-SQL delivers superior
Valid Efficiency Scores (VES) at a significantly
lower inference cost. Crucially, as illustrated in
Table 2, RSL-SQL significantly outperforms ro-
bust baselines such as E-SQL (Caferoglu and
Ulusoy, 2024) and CHESS ., ss.cc (Talaei et al.,
2024) when evaluated under identical DeepSeek



Table 1: Comparison of different methods on BIRD, Spider, and Spider-2.0-Lite benchmarks. Note: 1) MCS
column indicates Multi-Candidate Strategy; 2) We merge results from different benchmarks under the Test EX
(Execution Accuracy) metric; 3) For RSL-SQL (Ours), we report performance across various models; 4) Bold
denotes the best result, and underlined denotes the second best.

Method Model

Test EX
BIRD Spider Spider 2.0

MCS

Fine-tuning-based methods

DTS-SQL (Pourreza and Rafiei, 2024b) DeepSeek-7B X 60.31 799 -
CodeS (Li et al., 2024b) CodeS-7B X 59.25 - -
CodeS (Li et al., 2024b) CodeS-15B X 64.62 - 0.73
Distillery (Maamari et al., 2024) GPT-40 (FT) X 71.83 - -
MSc-SQL (Gorti et al., 2024) Gemma-2-9B v - 84.7 -
XiYan-SQL (Gao et al., 2024a) - v 75.63 - -
Prompt-based methods
DIN-SQL (Pourreza and Rafiei, 2024a) GPT-4 X 5590 853 1.46
DAIL-SQL (Gao et al., 2023) GPT-4 X 5741  86.6 5.68
MCS-SQL (Lee et al., 2024) GPT-4 vV 6545 89.6 -
TA-SQL (Qu et al., 2024) GPT-4 X 59.14 - -
SuperSQL (Li et al., 2024a) GPT-4 X 62.66 - -
MAG-SQL (Xie et al., 2024) GPT-4 X - 85.6 -
E-SQL (Caferoglu and Ulusoy, 2024) GPT-40 v 66.29 - -
MAC-SQL (Wang et al., 2023) GPT-3.5/4 X 59.59  82.8 -
CHESS (Talaei et al., 2024) Proprietary X 66.69 - 3.84
CHESS (Talaei et al., 2024) Gemini-1.5 v 7110 - -
Spider-Agent (Lei et al., 2024) GPT-40/R1 X - - 13.71
ReFoRCE (Deng et al., 2025) GPT-03 v - - 37.84
RSL-SQL (Ours)
RSL-SQL DeepSeek-V3 X 64.08 87.5 26.14
RSL-SQL GPT-40 X 68.70 879 19.01

Table 2: Comparison of different methods under the
same LLM on the BIRD and spider-2.0 benchmark.

Method Model MCS DevEX
BIRD
E-SQL DeepSeek-V3 X 60.10
CHESS ;554G DeepSeek-V3 X 61.34
RSL-SQL (Ours) DeepSeek-V3 X 64.08
Spider-2.0
ReFoRCE (Deng et al., 2025)  GPT-03 v 37.84
RSL-SQL(Ours) GPT-03 X 33.09

backbones, all while maintaining higher token
efficiency.

Spider Benchmark To verify the generaliza-
tion capability across simpler schema structures,
we evaluated RSL-SQL on the Spider benchmark
(Yu et al., 2018). Our approach secures the
second-best position, trailing only MCS-SQL (Lee
et al., 2024)—which relies on an intensive Self-
Consistency strategy (Wang et al., 2022) involving
up to 60 candidates. This result confirms that RSL-
SQL remains highly effective even in environments
with standardized naming and moderate complex-
ity.

Spider 2.0-Lite Benchmark Transitioning to
enterprise-scale schemas with thousands of fields,
Spider 2.0-Lite (Lei et al., 2024) presents a far
more rigorous challenge. While established meth-
ods like DIN-SQL (Pourreza and Rafiei, 2024a)

and DAIL-SQL (Gao et al., 2023) experience sharp
performance declines in this setting, RSL-SQL
maintains strong accuracy. Utilizing GPT-4o,
our framework outperforms these baselines by a
margin exceeding 10 percentage points, ranking
second overall behind only ReFoRCE (Deng et al.,
2025).

4.3.2 Schema Linking Results

Schema linking quality is critical to both SQL ac-
curacy and token efficiency. We evaluate our bidi-
rectional schema linking method on the BIRD and
Spider 2.0-Lite benchmarks, with results detailed
in Table 3.

BIRD Benchmark On the BIRD development
set, we compare RSL-SQL against two primary
categories of schema linking. Fine-tuning-based
methods, such as CodeS (Li et al., 2024b), RESD-
SQL (Li et al., 2023), and FinSQL (Zhang et al.,
2024), typically rely on trained T5-based Cross-
Encoders (C-E), which score and rank schema
elements based on their relevance to the natural
language question. While our reproduction of
the CodeS retriever shows that strict recall (SRR)
improves as the number of retrieved columns in-
creases (Top-10 to Top-30), its Top-30 performance
remains only marginally higher than our DeepSeek-



Table 3: Comparison of SRR and NSR metrics across
different methods on the BIRD development set and
Spider2.0-Lite benchmark. Avg. C denotes the average
number of columns input per question.

Table 4: Ablation Study on Execution Accuracy and
Contribution of Each Component at Different Difficulty
Levels on the BIRD Development Set Based on GPT-40
Models.

Data Method NSR SRR Avg. C Execution Accuracy
Full Schema 100 100 76.28 Step
Gold 100 100 4.74 Simple Moderate Challenging Total
Fine-tuning-based methods Step 1 70.05 52.59 48.28 62.71
CE (K=10) 88.05 7783 10.00 Step 2 72.11 54.74 53.10 65.06
C-E (K=20) 95.90 8930 19.14 Step 3 74.38 57.11 53.79 67.21
C-E (K=30) 97.69 93.74 27.82
Prompt-based methods Step 2 72.11 54.74 53.10 65.06
BIRD HySCSL [Maamari et al. (2024)] 90.36 - w/o SIA 71.03 53.66 51.03 63.89
SCSL [Maamari et al. (2024)] 88.77 - w/o QIA 71.24 54.09 48.97 63.95
HyTCSL [Maamari et al. (2024)] 83.00 -w/oBoth  70.70 49.35 49.66 62.26
TCSL [Maamari et al. (2024)] 77.44
MCS [Lee et al. (2024)] 89.80

92.10 86.63 6.31
97.29 9328 14.85
97.69 94.32 13.02

CHESS [Talaei et al. (2024)]
RSL-SQL (DeepSeek-V3)
RSL-SQL (GPT-40)

C-E (K=100) 8127 65.60 10733
C-E (K=200) 86.86 7520 168.98

C-E (K=300) 89.43 80.40 222.18

. C-E (K=400) 9044 8120 264.97
Spider2.0 | - b k=500 91.49 8240 305.42
ReFoRCE(DeepSeek-V3) 93.94 90.00 410.57
RSL-SQL (DeepSeek-V3) 9453 8560 81.75
RSL-SQL (GPT-01) 94.10 82.00 82.15

V2 results. In contrast, prompt-based methods
like CHESS (Talaei et al., 2024) and MCS-SQL
(Lee et al., 2024) require dozens of LLM calls, yet
achieve SRR significantly lower than ours. RSL-
SQL invokes the LLM only twice; with GPT-40, we
achieve a 94.32% SRR and 97.69% NSR with an
average of only 13 columns, demonstrating a sub-
stantial advantage in both precision and efficiency.
Spider 2.0-Lite Benchmark For enterprise-scale
schemas in Spider 2.0-Lite, RSL-SQL demon-
strates superior field reduction capabilities. Com-
pared to the 500-column cross-encoder baseline,
using GPT-o01 reduces the input column count by
approximately 73% while maintaining a compa-
rable SRR. While ReFoRCE (Deng et al., 2025)
achieves a high SRR of 90%, it is limited to table
linking and results in an average of 410 columns,
failing to achieve effective column reduction. No-
tably, RSL-SQL maintains strong performance
when using the DeepSeek-V3 model, confirming
that our approach’s overhead is not a bottleneck
even in complex environments.

4.4 Ablation Study

We conduct ablation experiments on the BIRD de-
velopment set to investigate the impact of each
component in RSL-SQL on execution accuracy in
Table 4. Additionally, we explore the effective-
ness of bidirectional schema linking on complex
benchmarks in Table 7.

SQL Generation and Risk Hedging As shown
in Table 4, each component in our framework im-
proves execution accuracy by 1% to 3%. Notably,
performance significantly deteriorates without con-
textual information augmentation (CIA), consis-
tent with findings in Maamari et al. (2024). CIA
improves accuracy from 62.26% to 65.06% by mit-
igating simplification risks. Detailed ablation on
H,,, components (H,, H, Hy) on the subsampled
set confirms their collective effectiveness in Ta-
ble 6.

The risk-hedging selection strategy balances

schema integrity and noise reduction by choosing
between SQL; and SQL,, contributing a crucial
2% accuracy gain. As illustrated in Fig. 4 in the Ap-
pendix, this strategy maintains high execution ac-
curacy even under low strict recall scenarios. In the
left panel, while single-directional Forward linking
leads to a decline in accuracy due to low recall, our
selection strategy consistently yields substantial
gains.
Schema Linking Analysis As shown in Table 7,
our bidirectional mechanism effectively mitigates
the risk of losing critical fields. On BIRD, forward
linking achieves 84% recall, whereas backward
linking reaches 90%, indicating its unique advan-
tages. Their integration reaches a SOTA 94% recall
without significantly increasing column overhead.
Furthermore, evaluating retrieval-based linking at
different k values reveals that even when recall is
sub-optimal, RSL-SQL’s risk-hedging maintains
competitive accuracy across all stages.

4.5 Token Consumption

On BIRD benchmark, we replicate the MAC-
SQL (Wang et al., 2023), TA-SQL (Qu et al,,
2024), E-SQL (Caferoglu and Ulusoy, 2024), and
CHESS (Talaei et al., 2024) methods. Due to
cost limitations, we randomly select 100 samples



Table 5: Token Consumption and Execution Accuracy Across Different Methods. Bold denotes the best result, and

underlined denotes the second best.

Avg. Tokens EX

Benchmark Method Model
Input Output
MAC-SQL (Wang et al., 2023) GPT-4 620k 0.58k 59.39
TA-SQL (Qu et al., 2024) GPT-4 690k 033k 56.19
E-SQL (Caferoglu and Ulusoy, 2024) GPT-40 4380k 093k 65.58
BIRD Dev  CHESSir.ss.cg (Talaei et al., 2024) - 11425k 326k 65.00
CHESSr,cqsut (Talaei et al., 2024)  Gemini-1.5 27621k 12.80k 68.31
RSL-SQL (ours) DeepSeek-V3 1457k  0.53k 63.56
RSL-SQL (ours) GPT-40 1422k 047k 67.21
Spider 2.0 ReFoRCE (Deng et al., 2025) DeepSeek-R1  524.11k 73.28k 29.61
Pl : RSL-SQL (ours) DeepSeek-R1 7045k 29.55k 30.53

Table 6: Ablation Study on the Question Information
Augmentation Component on the Subsampled Develop-
ment Set Using GPT-40 Model, Hy.. = {H,, H,, Hy}.

Execution Accuracy

Setting
Simple Moderate Challenging Total
Step 2: CIA 72.84 51.85 41.67 62.59
-wlo H, 71.60 44.40 50.00 59.86
- w/o Hy 72.84 50.00 41.67 61.90
-wlo H, 70.37 50.00 50.00 61.22
-wlo H,  69.14 50.00 50.00 60.54

Table 7: Ablation Study of Schema Linking on the
BIRD and Spider2.0-Lite Benchmarks.

Data Model Setting NSR SRR Avg. C

Bidirectional 97.69 94.32 13.02
BIRD GPT-40 - Forward 90.04 84.74 9.12
- Backward 95.54 90.48 10.29

from the BIRD development set to estimate the
economic and time costs of these methods on this
subset. As shown in Table 5, compared to MAC-
SQL (Wang et al., 2023) and TA-SQL(Qu et al.,
2024), our method consumes twice as many in-
put tokens but incurs significantly lower economic
overhead and achieves higher execution accuracy.
In comparison to E-SQL (Caferoglu and Ulusoy,
2024), which uses three times more input tokens
and incurs higher costs, our method outperforms
E-SQL (Caferoglu and Ulusoy, 2024) in execu-
tion accuracy with the GPT-40 model. Compared
to CHESSr,ss+cg (Talaei et al., 2024), which has
lower execution accuracy and consumes eight times
more input tokens and almost twice the process-
ing time, our method still outperforms. Compared
to CHESSr.cq+ut (Talaei et al., 2024), despite a
slightly lower execution accuracy with GPT-4o, it
consumes 19 times more input tokens, 27 times
more output tokens, and has much higher eco-
nomic overhead. Using the DeepSeek-V?2 model,
we maintain high accuracy with only need 80

times less economic overhead per question cost
of CHESS to maintain comparable high accuracy.
Overall, our method strikes an excellent balance
between performance and cost-effectiveness.

For the Spider2.0-Lite benchmark, we reproduce
the ReFoRCE method with its sampling set to 8.
Although ReFoRCE achieves a higher execution
accuracy of 37.84% when using the GPT-03 model,
surpassing our method, its performance is slightly
lower than ours when using the same DeepSeek-R1
model. Moreover, token statistics reveal that the in-
put token count for ReFoRCE is seven times higher
than that of our method. Overall, our approach
strikes a good balance between performance and
cost-effectiveness.

5 Conclusion

We propose the RSL-SQL framework, which mit-
igates the risks brought by schema linking and
achieves performance comparable to the SOTA on
the BIRD development set. We conduct an in-depth
analysis of how schema linking recall rates affect
the execution accuracy of SQL generation for dif-
ferent models. Through ablation studies, we vali-
date the effectiveness of each component within the
framework and investigate their operational mech-
anisms. Additionally, we compare the computa-
tional costs of various methods, demonstrating that
our framework achieves an excellent balance be-
tween performance and cost, making it a highly
efficient and cost-effective solution.

Limitations

While our proposed text-to-SQL generation frame-
work demonstrates significant improvements in per-
formance and efficiency, it is essential to acknowl-
edge some limitations.

First, our approach relies heavily on the quality
and coverage of the schema linking process. Al-



though our bidirectional schema pruning technique
achieves a high strict recall rate, there may still
be edge cases where relevant schema elements are
not captured (e.g., implicitly referenced columns in
complex reasoning scenarios), potentially impact-
ing the accuracy of the generated SQL queries.

Second, the effectiveness of our information aug-
mentation strategy may vary depending on the com-
plexity and domain of the database. In some cases,
the generated additional elements may not fully
capture the nuances of the database structure or
specific domain knowledge, leading to suboptimal
SQL generation.

Finally, like most prompt-based methods, our
approach is sensitive to the underlying LLM’s ca-
pability. While we demonstrated effectiveness on
GPT-40 and DeepSeek models, performance varia-
tions across other models remain an area for further
investigation. Despite these limitations, our work
presents a significant step forward in mitigating the
risks associated with schema linking.
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A Detailed Process of RSL-SQL
Framework

The execution process of the RSL-SQL framework
follows a four-step pipeline designed to mitigate the
inherent risks of schema linking while maintaining
high generation accuracy.

In Step 1: Bidirectional Schema Linking
(BSL), the system identifies a precise subset of the
database schema. It starts with Forward Linking,
which extracts potentially relevant elements based
on the user question and the full schema. An initial
SQL draft (SQL,) is then generated to perform
Backward Linking, where schema elements are ex-
tracted directly from the predicted SQL to capture
essential columns that might have been missed dur-
ing the forward link. These elements are merged to
form a simplified and pruned schema S’.

In Step 2: Contextual Information Augmen-
tation (CIA), the framework enhances the LLM’s
understanding of the simplified schema. By gen-
erating semantic descriptions for columns and de-
composing the user question into intermediate SQL
components (such as specific conditions and key-
words), the system provides an augmented context
H,y,- This context guides the generation of a sec-
ond candidate query, SQ L.

In Step 3: Risk Hedging Selection (RHS), the
framework performs a deterministic selection be-
tween SQ)L; (representing structural integrity) and
SQ L4 (representing noise reduction). Both queries
are executed and their results are passed to an LLM-
based binary selector. This selector evaluates the
reliability of each candidate based on the execu-
tion outcomes and the original question, effectively
hedging against potential failures in the schema
linking process.
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Algorithm 1: RSL-SQL Framework Exe-

cution Process
Input: Full Schema S, User Question Q, Value
Samples V, Few-Shot £
Output: Final Executable SQL SQL,

1 Step 1: Bidirectional Schema Linking (BSL)
Liyg < FwdLink(S, Q)
3 SQL; ¢ GenSQL(S, Lsa, ©,&)
generation
Lywg < ExtractElements(SQL,)
5 &' « SimplifiedSchema(S, Lpya U Lypya)
// Schema Pruning

// Initial

Step 2: Contextual Information Augmentation
(CIA)
D, H g < AugmentInfo(S’, Q)
Haug — {D7 Hcond}
SQL, < GenSQL(S’, Hyye, ©, )
generation
Step 3: Risk Hedging Selection (RHS)
Strategy
R1 < Execute(SQL;); R < Execute(SQLy)
if Ry == Ry and Ry # (0 then // Consistency
| SQLy « SQL,
else if SQL, is Error and SQL is Valid then
‘ SQL3 < SQLo // Avoid noise error
else // Conflict/Error
| SQLz + LLM_Select(SQL;, Ry, SQLo, Rz, Q)
end
Step 4: Multi-Turn Self-Correction (MTSC)
for iteration i = 1 to N do
FE + Execute(SQL3)
if E is Empty then break
SQL, < SelfCorrect(SQLs, E,S")
end

// Augmented

// Core

return SQL 3

Finally, in Step 4: Multi-Turn Self-Correction
(MTSC), the selected query S(Q L5 undergoes an
iterative refinement process. The system executes
the query and, if errors are detected, uses the ex-
ecution feedback to correct the SQL until a valid
or optimal statement S() L, is produced. The com-
plete logic is formalized in Algorithm 1.

B Details of Contextual Augmented SQL
Generation

To improve the robustness of the framework against
information loss during schema pruning, we in-
troduce a contextual augmentation pipeline. As
discussed in Section 3, while schema linking sim-
plifies the input, it may inadvertently obscure struc-
tural connections or semantic nuances. We address
this through the following two augmentation strate-
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https://arxiv.org/abs/2401.10506
https://arxiv.org/abs/2401.10506

gies:
Step 1: Preliminary SQL Generation To lever-
age the structural integrity of the full database, we
first provide the LLM with the complete schema S,
query Q, few-shot demonstrations £, and the for-
ward linking result L4 to generate an initial SQL
query, denoted as SQL;. The prompt is shown in
Figure 7. Empirically, incorporating Lg,q slightly
enhances accuracy:

QL = LLMgen(stvgawad> “4)
Step 2: Contextual Information Augmentation
This step enhances the LLM’s understanding of the
simplified schema S " from two perspectives:

1) Schema Information Augmentation. Describ-
ing a database solely with S’ may lack semantic
clarity. Following (Qu et al., 2024), we prompt
LLMs to generate natural language descriptions
for each column. This process is performed
once offline per database, serving to semantically

enrich the simplified schema S’. We denote the
augmented simplified schema as S”:
S = {LLMgeec(c) | c€ S’} (5)
2) Question Information Augmentation H, .
To reduce reasoning burden, we decompose the
user query Q to extract partial SQL components.
We issue targeted prompts with S’ and Q to gen-
erate: Elements (/H,) (relevant tables/columns),
Conditions (H_) (constraints for WHERE clause),
and Keywords (H},) (e.g., DISTINCT, GROUP BY).
These form the augmented context H,,:
Haug = LLMgen(Q7 S,) (6)
Finally, we prompt the LLM to generate a second
candidate SQL query, denoted as SQL5, using the
simplified schema and augmented context:
SQLy = LLMgen(Q7 Sl) £, Haug) (N
The prompts for H,,, and SQL, are shown in Fig-
ures §8,9,10,and11 .

C Evaluation Metrics

To rigorously evaluate the performance of the RSL-
SQL framework, we employ a comprehensive set
of metrics that assess both the final SQL genera-
tion quality and the intermediate schema linking
effectiveness.
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C.1 SQL Generation and Efficiency

The following metrics are used to determine the
correctness and execution performance of the gen-
erated SQL statements:

Execution Accuracy (EX) This metric mea-
sures the proportion of predicted SQL queries
whose execution results match the ground truth.
It serves as the primary indicator of the model’s
functional correctness.

Valid Efficiency Score (VES) Beyond mere cor-
rectness, VES assesses the relative execution ef-
ficiency of valid SQL queries. It is particularly
relevant for large-scale databases where query op-
timization is crucial to minimize computational
costs.

C.2 Schema Linking Effectiveness

To quantify the precision and recall of our bidi-
rectional schema linking strategy, we define the
following schema-level metrics:

Non-Strict Recall (NSR) NSR evaluates the re-
call of schema elements at the individual level. It is
defined as the ratio of successfully linked schema
elements to the total number of ground truth ele-
ments across all questions:

Z?:l ’Sgt,i N gz‘
Z?:l |Sgt,i|

where n is the total question count, while Sy ; and

NSR =

®)

Si denote the ground truth and linked schema ele-
ments for the i-th question, respectively.

Strict Recall Rate (SRR) SRR provides a more
stringent assessment by calculating the ratio of sam-
ples where all required schema elements are suc-
cessfully recalled:

SRR =

" IS, DS, .
Ez:l (i’z = Sgt,z) (9)
where I(-) is the indicator function. Because miss-
ing a single essential column often leads to unre-
coverable errors in the final SQL, our framework
prioritizes maximizing SRR to ensure a high per-
formance ceiling for downstream generation.

D Case Study

Our analysis before reveals that schema linking
involves a fundamental trade-off between noise
reduction and information loss. Simplifying the
complete schema through schema linking has dual
effects: it can correct queries that were originally



Full Schema
C

Question

(o)

IR
B BEEBEBE

col-1 col-2 col-.. col-m col-n

R B B

+

d
G um

Utilize LLM at high temperatures
or use different LLM

Full Schema

.

e
<

Full Schema

—

e
<

Question

[ +

$

Stepl:Forward
Schema Linking

+555

Question  Full Schema

Step2:Backward

Schema Linking

Prompt.

QuestionQuestion  Question Question

$

"Please select relevant
tables and columns"...

GLm @ @

!

Q,@ @

Combine p Simplified Schema2

I::::I I::::l I

Schema 1&2 Decoding Only

traverse every
elements

select Top-k related elements

Simplified Schema

(a)multi-turn traverse

Decoding N Times
Merge the results of all rounds

Simplified Schema

(b) LLM-based Generative

Two Times!

Simplified Schema

(c) Bidirectional (Ours)

Figure 3: Comparison of schema linking paradigms. (a) Retrieval-based Schema Linking: Computes similarity
scores between the question and each schema element individually using a neural network. (b) Generative Schema
Linking: Prompts an LLM to directly select relevant elements from the full schema. (c) Bidirectional Schema
Linking (Ours): Combines Forward Linking (direct selection) and Backward Linking (parsing schema elements
from a preliminarily generated SQL) to maximize recall and mitigate the risk of missing necessary columns.

o
~

(=)}
wu

o0
w

Execution Accuracy (%)

Based on Forward. (SRR: 84.74)
Based on Backward. (SRR: 90.48)
Based on Bidirectional. (SRR: 94.32)

61
Step 1 Step 2

Bidirectional Schema Linking

Step 3

67

(=)}
o

o
w

(=)}
=

u
o

vl
~

Execution Accuracy (%)

@ Top 10 (SRR: 77.83)
Top 20 (SRR: 89.30)
A Top 30 (SRR: 93.74)

v
%

Step 1 Step 2

Retrieval-based Schema Linking

Step 3

Figure 4: Risk Mitigation Analysis on BIRD. Left: Comparison of bidirectional linking vs. single-directional
baselines across stages. Right: Impact of different k& values in retrieval-based schema linking (Li et al., 2024b). The
selection strategy consistently buffers against recall failures.

incorrect in the complete schema (positive gain,
denoted as y) but may also cause initially correct
queries to become incorrect (negative impact, de-
noted as x). Thus, the net benefit of schema link-
ing depends on the balance between these effects.
Schema linking yields a net positive effect only
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when y — x > 0; otherwise, it may introduce more
harm than benefit.

The RSL-SQL framework ensures the correct-
ness of SQL generation through contextual infor-
mation augmentation, and risk hedging selection
strategy. As shown in Figure 5, even if errors occur



Question ID: 64: Database Name: california_schools (3 tables and 89 columns): Simplified
/| Schema (1 table and 6 columns)

Question: What is the total number of schools with a mailing city in Hickman belonging to the

charter number 00D4?

Gold SQL: SELECT COUNT(*) FROM schools WHERE CharterNum = '00D4" AND MailCity =

Hickman

Stepl: SELECT COUNT(*) AS total_schools FROM schools WHERE MailCity = ‘Hickman' AND
CharterNum = '00D4’

¢ |Stzp2: SELECT COUNT(*) FROM schools WHERE mailcity = 'Hickman' AND charternum = '00D4"

v | Step3: SELECT COUNT(*) FROM schools WHERE mailcity = ‘Hickman AND charternum = ‘0004’

Question ID: 1022; Database Name: european_football_2 (8 tables and 201 columns);
« Simplified Schema (7 table and 13 columns)

Question: What is the preferred foot when attacking of the player with the lowest potential?

Gold SQL: SELECT preferred_foot FROM Player_Attributes WHERE potential IS NOT NULL

ORDER BY potential ASC LIMIT 1

x |$1epl: SELECT preferred_foot FROM Player_Attributes ORDER BY potential ASC LIMIT 1
\, Step2: SELECT preferred_foot FROM player_attributes WHERE potential = (SELECT
MIN(potential) FROM player_attributes)

Step3: SELECT preferred_foot FROM player_attributes WHERE potential = (SELECT
MIN(potential) FROM player_attributes)

Question ID: 86; Database Name: california_schools (3 tables and 89 columns);
v simplified Schema (1 table and 7 columns)

Question: What is the administrator's last name that oversees the school with Charter number
40? Indicate the district, the county where the school is situated, and the name of the school.
Gold SQL: SELECT AdmLNamel, District, County, School FROM schools WHERE CharterNum = ‘0040

v |5fep1= SELECT admlinamel, district, county, school FROM schools WHERE charternum = '0040"
x Isnpz: SELECT admlnamel, district, county, school FROM schools WHERE charternum = '40°

v |51ep3: SELECT admlnamel, district, county, school FROM schools WHERE charternum = '0040°

Simplified Schema (6 table and 7 columns)

Question: Point out the language of set id "174">

Question ID: 438; Database Name: card_games (7 tables and 117 columns);
Gold SQL: SELECT language FROM set_translations WHERE id = 174

Stepl: SELECT set_translations.language FROM set_translations INNER JOIN sets ON
set_translations.setCode = sets.code WHERE sets.id = 174

x Step2: SELECT set_translations.language FROM sets INNER JOIN set_translations ON
sets.code = set_translations.setcode WHERE sets.id = 174

Step3: SELECT language FROM set_translations WHERE id = 174

Figure 5: Four Examples Demonstrating the Robustness of Our Framework.

in earlier steps, the subsequent steps can correct
these errors and improve SQL accuracy through
specific methods.

The core of the framework lies in Step 2: Con-
textual Information Augmentation and Step 3: Risk
Hedging Selection Strategy. To illustrate more in-
tuitively how contextual information augmentation
enhances performance by increasing positive gain
and how risk hedging selection strategy mitigates
risks by reducing negative impact, we have selected
two representative examples to demonstrate their
underlying mechanisms in detail.

D.1 Maximize Positive Gain

The description of each column is undoubtedly
useful because it helps LLM understand the spe-
cific meaning of each column and build a mapping
relationship between user questions and columns.
The textual information generated by LLM covers
database elements, SQL keywords, and query con-
ditions. Among them, the further filtered database
elements can guide LLM to focus on elements that
are more likely to be used; the generated SQL key-
words can remind LLM of critical but often over-
looked constraints; the generated conditions are
obtained from the user which is obtained by de-
composing the problem can help LLM solve the
problem step by step in a more orderly manner.
With this enhanced information, LLM is able to
focus more attention on key parts that were previ-
ously under-focused, thereby significantly increas-
ing positive gain. For example, the following is an
example in BIRD,

Question:

What is the preferred foot when attacking of the
player with

the lowest potential?
Contextual Information:

Elements:

[player_attributes.potentiall]

[player_attributes.preferred_foot]

Key Words: [‘MIN’, ‘=’]

Conditions:

[‘preferred foot when attacking’]

[‘player with the lowest potential’]
X SQL; Genereted in Step 1:

SELECT preferred_foot

FROM Player_Attributes

ORDER BY potential ASC

LIMIT 1
v SQL, Generated in Step 2:

SELECT preferred_foot

FROM player_attributes

WHERE potential = (

SELECT MIN(potential)
FROM player_attributes

)
In this example, the incorrect generation of SQL;
stems from failing to account for parallel condi-
tions, leading to an initial SQL with deviations.
The generated textual information comprehensively
covered the critical columns required for SQL gen-
eration, and the inclusion of the keyword ‘MIN’
explicitly indicated the possibility of parallel condi-
tions. This supplementary information enabled the
LLM to better grasp the semantic nuances of the
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query and the structure of the database, effectively
guiding it to produce the correct SQL.

D.2 Minimize Negative Impact

The risk hedging selection strategy is a pivotal step
in our approach. By choosing the more accurate
SQL from the two statements generated using the
complete schema and the simplified schema, re-
spectively, this strategy strikes a balance between
preserving schema completeness and minimizing
noise. An illustrative example is provided below,
Question:

Is molecule TR151 carcinogenic?
v SQL; Generated in Step 1:

SELECT label

FROM molecule

WHERE molecule_id = ‘TR151’
X SQL, Generated in Step 2:

SELECT label

FROM molecule

WHERE molecule_id = ‘TR151’

AND label = ‘+’
SQL execution results:

SQL; execution results:

[Row_count, Column_count] = [1, 1]
[Result] = [(‘-",)]

SQL, execution results:
[Row_count, Column_count] = [0, 0]

[Result] = []
v SQL; Selected in Step 3:

SELECT label

FROM molecule

WHERE molecule_id = ‘TR151’
Introducing new components in Step 2 may in-
evitably lead to some originally correct SQL state-
ments being modified incorrectly. However, our
risk hedging selection strategy minimizes this neg-
ative impact as much as possible. By incorporat-
ing execution information, the strategy enables the
LLM to further analyze the candidate results, facili-
tating a more accurate selection of the correct SQL
and significantly reducing associated risks.

E Prompt

E.1 Prompt Construction

In this section, we describe the construction of our
prompt, which consists of the user’s question Q,
value samples, and few-shot demonstrations £. A
concrete example illustrating how these compo-
nents are structured in the LLM prompt is shown
in Figure 6.
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User’s Question @ For the BIRD benchmark (Li
et al., 2024c), the user question is merged with
its corresponding evidence (e.g., domain-specific
definitions or formula explanations) to form a com-
plete query. For the Spider benchmark (Yu et al.,
2018), we directly utilize the original question as
no additional evidence is available.

Value Samples To assist the model in understand-
ing the database content, we randomly select 5
rows from each table as samples. To ensure prompt
conciseness and prevent lengthy text fields from
cluttering the schema, any column value exceeding
50 characters is truncated using an ellipsis marker
"L

Few-shot Demonstrations £ We employ bge-
large-zh (Chen et al., 2024), a dual-encoder re-
triever, to obtain the top-3 most semantically sim-
ilar questions from the training set. The retrieval
process calculates the cosine similarity between the
embeddings of the user question Q and the training
questions, where each retrieved example includes
both the question and its ground-truth SQL query.

E.2 Prompt Templates

In this section we provide the exact prompts that
have been used for each of the sub-modules in our
framework.



Detailed Prompt Engineering Example

Database Schema

 Table frpm:
- (Column Name: CDSCode; Sample Value: [01100170109835, 01100170112607]; Column Description: The
CDSCode column represents the unique identifier for each school; Primary Key; Foreign Key references Table
schools(CDSCode); 0% missing value)
- (Column Name: Free Meal Count (K-12); Sample Value: [565.0, 186.0]; Column Description: number of free
meals provided; eligible free rate = Free Meal Count / Enrollment; 0.56% missing value)

* Table satscores:
- (Column Name: cds; Sample Value: [1100170000000, 1100170109835]; Column Description: refers to
California Department Schools; Primary Key; Foreign Key references Table schools(CDSCode); 0% missing value)

 Table schools:
- (Column Name: CDSCode; Sample Value: [01100170000000...]; Column Description: unique identifier for

each school in California; Primary Key; 0% missing value)

Few Shot

* Question 1: What is the average total donations received by Fresno County colleges?
SQL 1: SELECT SUM(T2.donation_optional_support + T2.donation_to_project) / COUNT(donationid)
FROM projects AS T1 INNER JOIN donations AS T2 ON Tl.projectid = T2.projectid WHERE
T1.school_county = ’Fresno’

* Question 2: How many schools in the West New York School District have the highest poverty level?
SQL 2: SELECT COUNT (poverty_level) FROM projects WHERE school_district = ’West New York School
District’ AND poverty_level = ’highest poverty’

User Question

* Question: What is the highest eligible free rate for K-12 students in the schools in Alameda County?
Context: Eligible free rate for K-12 = 'Free Meal Count (K-12) / Enrollment (K-12)’

Figure 6: Organization of Elements in the Prompt

Templates for Generating SQL; Queries

### Instruction:
You are an intelligent agent responsible for identifying the database tables. Your main tasks are:
* Generate SQL statements
* Return the results in json format, the format is: {
"sql": "SQL statement that meets the user’s question requirements”
}
### Input:
» Few-shot Examples (£)
¢ Complete Database Schema (S)
e User Question (Q)
### Note:
* In the generated SQL statement, table names and field names need to be enclosed in backticks, such as ‘ta-
ble_name’, ‘column_name’.

Figure 7: Templates for SQL Generation: SQL;.
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Templates for Generating SQL, Queries

#it# Instruction:
You are an intelligent agent responsible for identifying the database tables. Your main tasks are:
¢ Generate SQL statements
* Return the results in json format, the format is: {
"sql": "SQL statement that meets the user’s question requirements”
}
### Input:
» Few-shot Examples (£)
* Simplified Database Schema (S’ ! (with Schema Description))
¢ User Question (Q)
* Augmented Context for User’s Question H,, 4
#it# Note:
* In the generated SQL statement, table names and field names need to be enclosed in backticks, such as ‘ta-
ble_name’, ‘column_name’.

Figure 8: Templates for SQL Generation: SQL,.

Template for Table and Column Selection Process

#it# Instruction:
You are an intelligent agent responsible for identifying the database tables. Your main tasks are:
¢ Identify relevant tables
¢ Identify relevant columns
* Return the results in json format, the format is: {
"tables": ["tablel", "table2", ...],
"columns":["table].‘column1’","table2.‘column2’",...]
}
#it# Input:
* Database Schema (S/ )
» User Question (Q)
#i## Note:
* Ensure that all possible intermediate tables are considered, especially tables involving many-to-many relationships.
» Ensure that the output table list is unique and without duplicates.

Figure 9: Template for Table and Column Selection Using LLM to Identify Relevant Tables and Columns.

Template for Question Decomposition

#it# Instruction:
You are an intelligent agent responsible for identifying the conditions in the user’s question. Your main tasks are:
* Understand the user’s question
* Identify conditions
* Return the results in json format, the format is: {
"conditions": ["conditionl", "condition2", ...]
}
### Input:
* User Question (Q)
#it# Note:
* Ensure that all conditions in the user’s question are correctly extracted and understood.
* If the user’s question contains complex conditions or multiple relationships, please make a reasonable judgment
based on the context.

Figure 10: Template for Using LLM to Analyze Questions and Identify Possible Conditions for the WHERE Clause.
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Template for Generation of SQL Keywords

### Instruction:
You are an Al tasked with determining whether SQL statements need to use the following keywords: ‘DISTINCT", fuzzy
matching, exact matching, INTERSECT", ‘UNION®, etc. Your main tasks are:
* Understand the user’s question
* Determine keywords
* Return the results in json format, the format is: {
"sql_keywords": ["keywordl", "keyword2", ...]
}
#i## Input:

* Simplified Database Schema (.5")
e User Question (Q)
### Note:
* Ensure that you understand the query requirements in user questions to accurately suggest SQL keywords and
operations.
» Based on database structure and sample data, make reasonable judgments on whether specific SQL keywords or
operations are needed.

Figure 11: Template for Using LLMs to Analyze Questions and Database Schemas for Extracting Relevant SQL
Keywords (e.g., DISTINCT, GROUP BY).

Template for Binary Selection Strategy

### Instruction:
* Synthesize a new SQL query, which can be the better query between SQL; and SQL,, or a complete new query if
both candidates are considered flawed.
* Return the results in json format, the format is: {
"sql": "..."# your SQL query
}
### Input:

* Simplified Database Schema (‘SA~ b
¢ User Question (Q)
* SQL; and Execution Results R
* SQL, and Execution Results R,
### Note:
¢ In the selected SQL statement, table names and field names need to be enclosed in backticks, such as ‘table_name’,
‘column_name’.

Figure 12: Selection Template for Optimal SQL Statement Based on Execution Results of SQL; and SQL,, Balancing
Redundancy and Completeness.
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