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Abstract

Training effective Text-to-SQL models re-
mains challenging due to the scarcity of
high-quality, diverse, and structurally complex
datasets. Existing methods either rely on lim-
ited human-annotated corpora, or synthesize
datasets directly by simply prompting LLMs
without explicit control over SQL structures,
often resulting in limited structural diversity
and complexity. To address this, we intro-
duce EVOLSQL, a structure-aware data syn-
thesis framework that evolves SQL queries
from seed data into richer and more semanti-
cally diverse forms. EVOLSQL starts with an
exploratory Query-SQL expansion to broaden
question diversity and improve schema cover-
age, and then applies an adaptive directional
evolution strategy using six atomic transfor-
mation operators derived from the SQL Ab-
stract Syntax Tree to progressively increase
query complexity across relational, predicate,
aggregation, and nesting dimensions. An
execution-grounded SQL refinement module
and schema-aware deduplication further en-
sure the creation of high-quality, structurally
diverse mapping pairs. Experimental results
show that a 7B model fine-tuned on our data
outperforms one trained on the much larger
SynSQL dataset using only 1/18 of the data.
Our code is available at https://github.
com/slaanurgle/EvolSQL.

1 Introduction

The task of Text-to-SQL aims to translate natural
language questions into executable SQL queries,
enabling non-expert users to interact with com-
plex databases using everyday language (Fu et al.,
2023). As a core interface between human in-
tent and structured data systems, it has become
increasingly important in real-world applications
such as business analytics, scientific data explo-
ration, and enterprise search. Recent advances in
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large language models (LLMs) have substantially
improved Text-to-SQL performance, positioning
LLMs as the dominant backbone for modern sys-
tems (Li et al., 2024a). Despite this progress, ro-
bust generalization to unseen schemas and com-
plex query structures remains a central challenge.

Current approaches to this task fall into two
paradigms. Multi-agent frameworks (Pourreza
and Rafiei, 2023; Talaei et al., 2024; Wang et al.,
2025). These methods improve reasoning and
schema grounding without additional model train-
ing, and can yield noticeable gains on challeng-
ing benchmarks. However, approaches built on
closed-source models suffer from inherent draw-
backs such as data privacy, cost, and deployment
flexibility.

Thus, recent research has increasingly shifted
toward training-based paradigms built on open-
source models, including supervised fine-tuning
and reinforcement learning, aiming to special-
ize models for robust Text-to-SQL generation (Li
et al., 2024b; Pourreza et al., 2025b).

The advancement of training-based approaches
is fundamentally constrained by the availabil-
ity and quality of training data. While human-
annotated datasets such as Spider (Yu et al., 2018)
and BIRD (Li et al., 2024c) provide high-fidelity
pairs, their scale and structural diversity remain
limited. While direct prompting (Yang et al.,
2024b) increases scale, it often struggles with
structural diversity and logical consistency. Al-
ternatively, recent works like OmniSQL (Li et al.,
2025) synthesize massive datasets from web ta-
bles, but achieving competitive performance re-
quires millions of samples, leading to high com-
putational costs.

We propose EVOLSQL, a highly effective,
data-centric framework that systematically
evolves SQL queries from simple seeds into
structurally richer and semantically diverse
forms. EVOLSQL begins with an exploratory
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Method Synthetic
Schema

Atom.
Control

Prog.
Cmplx.

Refine.
Mechanism

CoT
Trace

SENSE (Yang et al., 2024b) ✓ ✗ ✗ ✗ ✗
OmniSQL (Li et al., 2025) ✓ ✗ ✗ ✗ ✓
SQLFLOW (Cai et al., 2025) ✗ ✗ ✗ ✗ ✓

EVOLSQL ✗ ✓ ✓ ✓ ✓

Table 1: Comparison of synthesis frameworks. Atom.
Control.: Atomic-level Control; Prog. Cmplx.: Pro-
gressive Complexity.

Query-SQL expansion stage, which broadens
query intents and enhances schema coverage by
explicitly referencing under-explored elements.
Building upon this foundation, we define six
atomic transformation operators that manipulate
distinct structural dimensions, namely functional
wrapping, operator mutation, logical clause
expansion, relational expansion, nesting evolu-
tion, and set composition. These operators are
orchestrated via an adaptive directional evolution
strategy, where transformations are guided by the
current query structure and schema context rather
than applied randomly. Additionally, we incor-
porate an execution-grounded SQL refinement
and a schema-aware deduplication module in the
synthesis process. These components ensure the
generation of high-quality pairs while maintaining
structural diversity, further enhancing the utility
of the synthesized dataset for downstream model
training.

To evaluate the effectiveness of EVOLSQL, we
fine-tune a 7B model on the synthesized dataset.
On the BIRD development set, the model achieves
an execution accuracy of 65.1%, outperforming a
model of the same scale trained on the much larger
SynSQL dataset (Li et al., 2025), despite using
only approximately 1/18 of the training data. Fur-
thermore, the model demonstrates strong gener-
alization capabilities on benchmarks not involved
in our augmentation process. To summarize, our
contributions are fourfold:

• We propose EVOLSQL, a data-centric synthe-
sis framework that explicitly models SQL struc-
tural properties, offering a systematic and highly
data-efficient alternative to heuristic prompting
pipelines.

• We design a family of atomic transformation
operators and an adaptive directional evolution
strategy. By decomposing SQL complexity into
atomic mutations, this mechanism systemati-
cally scales query complexity from exploratory
seeds while maintaining high logical rigor.

• We introduce an execution-grounded refinement
module and schema-aware deduplication, which
collectively promote the quality and semantic di-
versity of generated data.

• Experiments show EVOLSQL significantly
boosts Text-to-SQL performance, surpassing
recent data synthesis baselines on BIRD with
only 1/18 of the training samples.

2 Related Works
Text-to-SQL Generation. Early Text-to-SQL
approaches primarily relied on rule-based meth-
ods or neural sequence-to-sequence architec-
tures (Basik et al., 2018; Sun et al., 2018; Wang
et al., 2020). However, these methods often strug-
gled with complex queries and demonstrated lim-
ited cross-domain generalization. The emergence
of LLMs has fundamentally transformed the field,
providing substantially improved reasoning and
generalization capabilities (Pourreza and Rafiei,
2023; Gao et al., 2024; Liu et al., 2023; Dong
et al., 2023). Building on these capabilities, re-
cent methods have moved beyond single-pass gen-
eration, adopting multi-agent frameworks that de-
compose the task into specialized sub-stages, such
as schema linking, self-correction, and candidate
selection (Pourreza et al., 2025a; Talaei et al.,
2024; Wang et al., 2025; Liu et al., 2026).

Beyond multi-agent pipelines, training strate-
gies have also evolved to specialize models for
the Text-to-SQL domain. Supervised fine-tuning
(SFT) for domain-specific instruction alignment
enables open-source models to achieve competi-
tive performance (Pourreza and Rafiei, 2024; He
et al., 2025). To push performance boundaries,
reinforcement learning techniques have been em-
ployed to further enhance the model’s reasoning
capabilities (Liu et al., 2025; Zhai et al., 2025;
Pourreza et al., 2025b; Yao et al., 2025).

Text-to-SQL Data Synthesis. Developing ro-
bust Text-to-SQL models is often hindered by the
narrow coverage of available datasets, leading to
the exploration of diverse data synthesis strate-
gies. Traditional synthesis often relied on prob-
abilistic grammars or templates to generate pairs
(Wang et al., 2021; Wu et al., 2021; Guo et al.,
2018), or converted synthetic questions into SQL
(Yang et al., 2021; Weir et al., 2020). However,
these methods were either constrained by rigid
templates or suffered from semantic noise and log-
ical mismatches.
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Recent studies leverage the generative capa-
bilities of LLMs to scale data synthesis beyond
template-based constraints. While Yang et al.
(2024b) directly generate data using LLMs, such
single-pass prompting lacks rigorous verification.
To expand schema variety, Li et al. (2025) con-
struct the massive SynSQL-2.5M dataset from
web sources. While providing extensive domain
coverage, this approach suffers from low data ef-
ficiency, requiring millions of samples to achieve
significant gains. Most recently, Cai et al. (2025)
propose a framework employing diverse augmen-
tation strategies. However, as complexity en-
hancement is treated as merely one of several di-
mensions, the process lacks a systematic direc-
tion, hindering the progressive scaling of query
difficulty. In contrast, EVOLSQL leverages an
adaptive directional evolution strategy to provide
a structured and scalable path for progressively el-
evating data complexity. Table 1 provides a de-
tailed comparison between EVOLSQL and these
existing synthesis frameworks.

3 Problem Formalization

Text-to-SQL. We define a Text-to-SQL instance
as a triplet (q, s,S), where q represents a natural
language query, s denotes the corresponding SQL
logic, and S represents the database schema, pro-
viding the structural context including table defi-
nitions, column attributes, and relational schema
constraints. The task aims to learn a mapping
f : (q,S) → s that accurately translates user in-
tents into executable SQL queries.

Text-to-SQL Data Synthesis. This task aims
to automatically construct high-quality instances
Dsyn = {(q′, s′,S)} either from scratch or by
expanding an initial dataset Dseed. This synthe-
sis process seeks to increase both the diversity
of query intents and the coverage of schema ele-
ments, while ensuring that the generated SQL re-
mains executable and grounded in the database.

4 Method

As illustrated in Figure 1, our framework syn-
thesizes the dataset through a progressive evolu-
tion pipeline. We begin with Exploratory Query-
SQL Expansion (EQE) (Sec. 4.1), which expands
the semantic scope of user intents and enhances
database schema coverage. Building on this foun-
dation, we proceed to Operator-Guided SQL Evo-
lution (OGE) (Sec. 4.2), where we utilize a fam-

ily of atomic transformation operators to system-
atically increase structural complexity along or-
thogonal dimensions. Finally, we perform Chain-
of-Thought Solution Synthesis (Sec. 4.3), ensuring
high data quality and diversity through execution-
verified Chain-of-Thought (CoT) synthesis and
schema-aware deduplication.

4.1 Exploratory Query-SQL Expansion
Existing Text-to-SQL benchmarks often suffer
from sparse schema utilization due to finite sample
sizes and the difficulty of manual annotation. This
leaves significant portions of tables and relational
dependencies under-explored. To bridge this gap,
we propose to systematically synthesize diverse
queries that leverage these under-utilized compo-
nents. In practice, we prompt an LLM Mgen to
draw inspiration from a given NL2SQL example
(q, s,S) and jointly generate a novel, semantically
coherent natural language query q̃ and its corre-
sponding SQL draft s̃, such that the generated
query plausibly maps to a valid SQL statement.
Formally, this process is expressed as:

(q̃, s̃)←Mgen(q, s,S; I) (1)

where I is an evolution instruction. This mecha-
nism encourages both novelty in query intent and
coverage of diverse schema elements. However,
the resulting SQL drafts may still contain syn-
tax errors, logical inconsistencies, or incomplete
schema grounding. We then apply an execution-
grounded SQL refinement module, using execution
feedback to refine the SQL. Specifically, we exe-
cute the candidate SQL s̃ against the database DB
to obtain feedback r = Exec(s̃,DB). Whether
r is an error message or an execution result, we
feed it into a correction module to refine the SQL,
ensuring executability and data grounding:

s′ ←Mrefine(q̃, s̃,S; r) (2)

The final output is retained as (q′, s′) = (q̃, s′)
only if s′ executes successfully and yields a
non-empty result. Notably, such execution-
grounded verification assumes that the database
is sufficiently populated; on sparsely populated
databases, a logically incorrect SQL may coin-
cidentally return the same result as the intended
one. To ensure meaningful execution feedback,
our pipeline can optionally densify a copy of each
database by inserting synthetic rows tailored to
the target SQL logic before verification (details in
Appendix B). Through this process, we construct
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frpm AS T1 INNER JOIN schools AS  ...

What are the top 3 most expensive
products?

SELECT name FROM products WHERE
stock < 50

Which products have a stock quantity
lower than 50?

SELECT COUNT(T2.School) FROM
frpm AS T1 INNER JOIN schools AS  ...

What is the average price of products that have a
stock quantity lower than 50?

SELECT COUNT(T2.School) FROM
frpm AS T1 INNER JOIN schools AS  ...

Which products have a stock quantity lower than
50 and are priced above $100, sorted by price?

SELECT T2.name FROM products AS T1 JOIN
suppliers AS T2 ON T1.supplier_id = T2.id
WHERE T1.stock < 50

Find the names of suppliers who provide products
with a stock quantity lower than 50.

Evolve based on operators

Figure 1: Overview of the EVOLSQL data synthesis pipeline.

an expanded dataset DH , providing a diverse and
grounded foundation that offers a rich variety of
starting points for subsequent evolution in query
complexity and depth.

4.2 Operator-Guided SQL Evolution

Building upon the diverse data collected in the Ex-
ploratory Query-SQL Expansion stage, we intro-
duce operator-guided SQL evolution to systemat-
ically increase the reasoning complexity of gener-
ated queries. The goal of this stage is to construct
substantially harder SQL queries by progressively
enriching their logical structure, including more
intricate conditions, nested subqueries, and com-
positional interactions among operators.

Rather than simply applying random modifica-
tions, this process requires structured and control-
lable evolution of query logic. We formalize SQL
complexity through the topology of its Abstract
Syntax Tree (AST), which provides an explicit
representation of SQL operators and their hierar-
chical relationships. Let T denote an AST, and
represent any subtree rooted at node v as a tu-
ple Tv = ⟨ℓ, C⟩, where ℓ is the node label (e.g.,
SELECT, AND) and C the ordered set of children.
We then define a family of six atomic transforma-
tion operators Φ to evolve the AST along orthog-
onal structural dimensions. These operators are
grounded in the fundamental operations of Rela-
tional Algebra (Codd et al., 1972), ensuring sys-
tematic coverage over the core constructs of the
Data Query Language (DQL):

❶ Functional Wrapping (ϕfunc): Wraps a leaf

node in a function to increase local expression
complexity. Given a leaf Tleaf = ⟨ℓcol, ∅⟩, it
transforms to:

ϕfunc(Tleaf) = ⟨f, {Tleaf}⟩ (3)

where f is a function label (e.g., AVG, YEAR).
❷ Operator Mutation (ϕop): Embeds a simple
expression into a complex operator. Let Ω be a
set of complex operators (e.g., CASE, BETWEEN).
For an expression subtree Texpr, it constructs:

ϕop(Texpr) = ⟨ω, Cnew⟩ (4)

where Texpr ∈ Cnew and ω is a new operator label.
❸ Logical Clause Expansion (ϕlogic): En-
hances the width of clause nodes v ∈ {WHERE,
HAVING,ORDER BY}by adding constraint enew
via a connector λ:

ϕlogic(v) = ⟨v,Combλ(Cv, enew)⟩ (5)

where Cv denotes the set of children of v, and
Combλ is the combination function.
❹ Relational Expansion (ϕjoin): In-
creases relational complexity. Given Tfrom =
⟨FROM, C⟩, it appends a join subtree Tsub =
⟨JOIN, {Tnew, cond}⟩:

ϕjoin(Tfrom) = ⟨FROM, C ∪ {Tsub}⟩ (6)

Tnew is the new table and cond the join condition.
❺ Nesting Evolution (ϕnest): Increases tree
depth by replacing a leaf node with a recur-
sive query structure. For a value node Tval =
⟨value, ∅⟩, it performs the substitution:

ϕnest(Tval) = Tsub (7)
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where Tsub represents a complete, independent
subquery tree.
❻ Set Composition (ϕset): Combine two inde-
pendent query trees to form a compound structure.
Given the tree T , it constructs a new root node:

ϕset(T ) = ⟨⊙, {T , Tnew}⟩ (8)

where ⊙ ∈ {UNION, INTERSECT,EXCEPT}
denotes the set operator.

While Φ defines the possible directions of evo-
lution, naı̈vely selecting operators at random is in-
sufficient for constructing a high-quality dataset.
Such an approach suffers from two fundamen-
tal issues: (i) structural invalidity, where certain
transformations are incompatible with the current
AST state (e.g., applying ϕnest to a query without
eligible leaf nodes), and (ii) distributional bias,
where simpler operators (e.g., ϕlogic) are repeat-
edly favored, leading to mode collapse and limited
structural diversity.

To address these challenges, we propose an
adaptive directional strategy that selects evo-
lution directions based on both local feasibil-
ity and global diversity. Unlike passive filter-
ing approaches that prune invalid samples post-
generation, our strategy acts as an efficient pre-
judgment mechanism to guide the evolution pro-
cess. Specifically, for a given instance (q, s), we
evaluate each candidate operator ϕ ∈ Φ using two
complementary metrics: a feasibility score and a
scarcity weight. First, to assess whether a transfor-
mation is structurally applicable, we define a fea-
sibility score Sfeas(ϕ). A strategy modelMstrat

analyzes the current query and predicts the appli-
cability of the atomic mutations:

Sfeas(ϕ)←Mstrat(q, s,S;ϕ) (9)

In practice,Mstrat is implemented using a LLM
rather than a rule-based parser. We employ an
LLM because parsing structural syntax alone is
insufficient for semantic applicability. For in-
stance, while a ‘zip code’ column is numerically
typed and structurally valid for the AVG aggrega-
tion (ϕfunc), doing so is semantically meaning-
less. Furthermore, because predicting Sfeas(ϕ)
constitutes a discriminative assessment rather than
open-ended generation, it natively mitigates the
hallucination risks often associated with LLMs.

Second, to counteract operator imbalance, we
introduce a scarcity weight Wdiv(ϕ), which dy-
namically prioritizes under-represented evolution
directions. Let Paccum(ϕ) denote the proportion of

operator ϕ accumulated so far, and Ptarget(ϕ) the
desired distribution (e.g., uniform). The scarcity
weight is defined as:

Wdiv(ϕ) =
Ptarget(ϕ)

Paccum(ϕ) + ϵ
, (10)

where ϵ is a smoothing constant. This formulation
encourages exploration of less frequent operators,
thereby maintaining balanced structural coverage.
Finally, we integrate the two metrics to compute a
joint utility score, defined as:

U(ϕ) = Sfeas(ϕ) ·Wdiv(ϕ), (11)

which adaptively shifts the evolution focus as the
dataset grows. We select the top-K operators
{ϕ∗

1, . . . , ϕ
∗
K} with the highest utility and apply

the corresponding evolution via the expansion and
refinement module described in Sec. 4.1:

(q̃, s̃)←Mgen(q, s,S; Iϕ∗)

s′ ←Mrefine(q̃, s̃,S; r)
(12)

Each newly generated instance (q′, s′) then serves
as the seed for subsequent evolution rounds. This
iterative process progressively expands the dataset
toward higher-complexity. The full process is
summarized in Algorithm 1 in Appendix A.

4.3 Chain-of-Thought Solution Synthesis
Chain-of-Thought reasoning has proven instru-
mental in tackling complex tasks by decomposing
them into intermediate logical steps. To harness
this capability, we leverage a teacher LLM to syn-
thesize CoT solutions via rejection sampling. For
each instance (q, s,S) ∈ D ∪ Dsyn, we sample n
independent candidate pairs {(c(i), ŝ(i))}ni=1, each
consisting of a reasoning trace and a predicted
SQL. To ensure reliability, we validate these can-
didates by executing each ŝ(i) and comparing the
result with that of the gold SQL s. If at least one
candidate is correct, we retain the instance and at-
tach the successful reasoning trace c(t

∗) to it; oth-
erwise, the instance is discarded. This execution-
verified process yields the final training set Dcot.

Schema-Aware Deduplication. Although di-
versity is encouraged throughout the evolution
process, our incremental pipeline can lead to se-
mantic redundancy. Successive transformations
may cause different trajectories to converge on
similar intents, or mutated queries to be semanti-
cally close to their predecessors. To mitigate this,
we perform schema-aware deduplication, enforc-
ing diversity independently within each database
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Methods # Samples
BIRD Spider

Dev-EX Dev-VES Dev-EX Dev-TS Test-EX

Prompting with Proprietary LLMs
GPT-4 (Achiam et al., 2023) - 46.4 49.8 72.9 64.9 -
DIN-SQL + GPT-4 (Pourreza and Rafiei, 2023) - 50.7 58.8 82.8 74.2 85.3
DAIL-SQL + GPT-4 (Gao et al., 2024) - 54.8 56.1 83.5 76.2 86.6
MAC-SQL + GPT-4 (Wang et al., 2025) - 59.4 66.2 86.8 - 82.8
MCS-SQL + GPT-4 (Lee et al., 2024) - 63.4 64.8 89.5 - 89.6

Prompting with Open-Source LLMs
Llama3-8B (Touvron et al., 2023) - 32.1 31.6 69.3 58.4 69.1
Llama-3.1-8B-Instruct (Grattafiori et al., 2024) - 42.0 40.8 71.9 61.8 72.2
Qwen2.5-7B (Yang et al., 2024a) - 41.1 42.0 72.5 64.0 75.9
Qwen2.5-Coder-7B-Instruct (Yang et al., 2024a) - 50.9 48.3 79.1 73.4 82.2
DIN-SQL + Llama3-8B - 20.4 24.6 48.7 39.3 47.4
DIN-SQL + Qwen2.5-7B - 30.1 32.4 72.1 61.2 71.1
MAC-SQL + Llama3-8B - 40.7 40.8 64.3 52.8 65.2
MAC-SQL + Qwen2.5-7B - 46.7 49.8 71.7 61.9 72.9

Fine-Tuning with Open-Source LLMs
DTS-SQL-7B (Pourreza and Rafiei, 2024) 7K 55.8 60.3 82.7 78.4 82.8
CODES-7B (Li et al., 2024b) - 57.2 58.8 85.4 80.3 -
CODES-15B (Li et al., 2024b) - 58.5 56.7 84.9 79.4 -
SENSE-7B (Yang et al., 2024b) 25K 51.8 59.3 83.2 81.7 83.5
ROUTE + Llama3-8B (Qin et al., 2025) 46K 57.3 60.1 86.0 80.3 83.9
ROUTE + Qwen2.5-7B (Qin et al., 2025) 46K 55.9 57.4 83.6 77.5 83.7
SQLFLOW (Cai et al., 2025) 90K 59.2 - - 82.0 84.8
OmniSQL-7B (Li et al., 2025) 2.5M 63.9 - - 81.2 87.9
SynSQL-7B (Li et al., 2025) 140K 56.7 56.1 78.8 73.4 82.5

Ours (EVOLSQL-Llama-8B) 140K 61.5 62.6 84.3 78.3 84.9
Ours (EVOLSQL-Qwen-7B) 140K 65.1 69.6 86.1 79.7 86.1

Table 2: Main results on BIRD and Spider benchmarks.

schema. Specifically, for queries qi associated
with the same schema S, we compute semantic
representations of their natural language questions
using a pretrained encoder and remove samples
whose cosine similarity with an existing query ex-
ceeds a predefined threshold τ . This process ulti-
mately yields the synthesized dataset Dfinal. Fi-
nally, we perform supervised fine-tuning on a base
model usingDfinal, training it to generate the rea-
soning trace before the target SQL.

5 Experiments

5.1 Experimental Setup
Benchmarks and Metrics. We conduct
experiments on two primary benchmarks:
BIRD (Li et al., 2024c) and Spider (Yu et al.,
2018). To further evaluate model robustness
and domain generalization, we employ five
additional datasets: Spider-DK, Spider-Syn,
Spider-Realistic, EHRSQL, and Science Bench-
mark (Gan et al., 2021b,a; Deng et al., 2021; Lee
et al., 2022; Zhang et al., 2023). Following prior
works, we report Execution Accuracy (EX) as
the primary metric. For Spider and its variants
(Syn, Realistic), we additionally report Test Suite

Accuracy (TS) (Zhong et al., 2020) to minimize
false positives. For BIRD, we also include the
Valid Efficiency Score (VES) (Li et al., 2024c).
Detailed statistics of all benchmarks and metric
definitions are provided in Appendix C.

Baselines. We compare EVOLSQL with three
categories of baselines: (i) closed-source prompt-
ing methods, (ii) open-source foundation models,
and (iii) open-source fine-tuned Text-to-SQL sys-
tems. Detailed model lists and configurations are
provided in Appendix D. For fairness, we focus
on single-model SFT and exclude reinforcement
learning or multi-agent approaches due to their
different training and inference complexities.

Implementation Details. Data synthesis uti-
lizes Qwen2.5-Coder-32B-Instruct (Hui et al.,
2024) as the evolution and refinement model
and Qwen3-Coder-30B-A3B-Instruct (Yang et al.,
2025) for reasoning synthesis. Specifically, we ex-
ecute two rounds of OGE phase. The final training
set combines our synthesized dataset with the orig-
inal BIRD and Spider training sets, all augmented
with execution-verified reasoning traces. We then
conduct full-parameter SFT on Qwen2.5-Coder-
7B-Instruct (Yang et al., 2024a) and Meta-Llama-
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Dataset # Samples
Average Feature Count per SQL

# Tables. # Joins # Func. # Toks. # Agg. # Subs. # Wins. # CTEs # Nest.

Spider train (Yu et al., 2018) 7000 1.69 0.54 0.65 15.88 0.53 0.15 0 0 1.07
BIRD train (Li et al., 2024c) 9428 2.08 1.02 1.63 25.80 0.61 0.09 0.00 0 1.08

EQE 52859 2.93 1.76 2.58 33.00 0.83 0.21 0.00 0.05 1.15
OGE-1 51646 4.04 2.49 4.60 50.74 1.23 0.62 0.01 0.25 1.38
OGE-2 24763 5.56 3.35 7.00 73.82 1.76 1.33 0.04 0.58 1.65

EVOLSQL 129268 3.88 2.35 4.24 47.91 1.17 0.59 0.01 0.23 1.34

Table 3: Comparison of SQL complexity. Metrics indicate the mean frequency of features per SQL. “Agg.”,
“Func.”, “Toks.”, “Subs.”, “Wins.”, “CTEs”, and “Nest.” denote Aggregates, Functions, Tokens, Subqueries, Win-
dow functions, Common Table Expressions, and Nesting levels, respectively. “OGE-1” and “OGE-2” denote the
first and second rounds of Operator-Guided SQL Evolution, respectively.

3.1-8B-Instruct (Grattafiori et al., 2024), denoted
as EVOLSQL-Qwen-7B and EVOLSQL-Llama-
8B, respectively. Full implementation details and
all prompt templates are available in Appendix E
and I, respectively.

5.2 Main Results

Table 2 summarizes the performance of EVOL-
SQL across BIRD and Spider benchmarks. Our
framework demonstrates a significant advantage,
particularly on the challenging BIRD dataset.
Specifically, EVOLSQL-Qwen-7B achieves an ex-
ecution accuracy of 65.1% on BIRD. This re-
sult substantially outperforms previous special-
ized SFT baselines such as SENSE-7B. Crucially,
to ensure a strict and fair comparison under identi-
cal data volume constraints, we benchmark against
SynSQL-7B, a model trained on a 140K subset
of the SynSQL(Li et al., 2025) dataset. Under
this controlled setting, EVOLSQL-Qwen-7B out-
performs SynSQL-7B by a substantial 8.4% mar-
gin on BIRD. On Spider, EVOLSQL achieves a
competitive 86.1% EX on the test set, outper-
forming recent specialized SFT models such as
SQLFLOW and SENSE-7B. Notably, our evolu-
tionary synthesis was conducted exclusively us-
ing BIRD schemas and seeds. These cross-domain
gains confirm that the structural reasoning instilled
by our evolution is domain-agnostic and general-
izes to benchmarks unseen during synthesis.

We further assess the impact of EVOLSQL
across different model architectures. For the
code-specialized Qwen2.5-Coder-7B, fine-tuning
with our data yields a remarkable +13.7% ab-
solute improvement in EX on BIRD. Similarly,
for the general-purpose Llama-3.1-8B-Instruct,
our method boosts performance from 42.0% to
61.5%, demonstrating strong cross-backbone ro-

(a) BIRD (Seed) (b) EvolSQL (Ours)

Figure 2: Comparison of t-SNE visualization between
original BIRD train set and EVOLSQL.

bustness. Remarkably, our 7B models even sur-
pass sophisticated GPT-4 based pipelines like
MCS-SQL (63.4%), effectively bridging the gap
between open-source models and proprietary sys-
tems through high-quality data.

5.3 Analysis of Synthetic Data

We provide an analysis of our EVOLSQL dataset
evolved from BIRD, characterizing it through se-
mantic diversity and structural complexity.

Semantic Diversity and Coverage. Figure 2 vi-
sualizes the distribution of natural user queries in
the original BIRD dataset, which exhibits frag-
mented clusters with noticeable gaps, indicating
insufficient coverage over the underlying database
schemas. In contrast, EVOLSQL populates these
sparse regions, producing a denser and more con-
tinuous semantic landscape. This demonstrates
that our framework creates diverse query variants
that bridge these semantic gaps, thereby offering
substantially broader coverage of potential user in-
tents and schema interactions.

Structural Complexity. Table 3 compares SQL
complexity across benchmarks and evolution
stages. EVOLSQL exhibits significantly higher
structural complexity than standard benchmarks;
for instance, the average JOINs increases by 130%
over BIRD, and advanced structures like CTEs
are introduced. This complexity is cultivated pro-
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Model Spider-DK Spider-Syn Spider-Realistic EHRSQL Science Benchmark Avg.

Base Model 67.5 63.1 66.7 24.3 45.2 53.4
SFT (BIRD+Spider) 65.8 65.9 71.9 31.4 43.8 55.8
OmniSQL-7B 76.1 69.7 76.2 34.9 50.2 61.4
EVOLSQL-7B (Ours) 74.2 69.2 75.8 38.6 51.8 61.9

Table 4: Generalization evaluation results. “Base Model” means Qwen2.5-Coder-7B-Instruct.

Training Data BIRD Spider Spider
Configuration Dev Test

EVOLSQL 65.1 79.7 86.1

w/o Operators 64.5 76.7 84.4
w/o OGE 62.7 77.9 85.7
w/o OGE & EQE 57.4 77.7 82.8
w/o Synthesized CoT 63.9 78.4 86.7
w/o Deduplication 64.7 79.6 86.0

Table 5: Ablation study.

gressively: while the initial EQE stage produces
samples with a structural difficulty closely aligned
with the original BIRD dataset, subsequent OGE
rounds systematically elevate the structural depth.
Notably, the frequency of complex components
like CTEs and window functions grows substan-
tially through the iterations (e.g., CTEs from 0.02
to 0.58). This validates that our atomic transfor-
mation operators effectively steer the generation
toward sophisticated logic that remains unattain-
able for non-progressive or one-shot expansion
strategies. To intuitively demonstrate the quality
and structural diversity of our synthesized data, we
present a detailed case study in Appendix H.

5.4 Discussions
Ablation Study. Table 5 summarizes the ab-
lation results. The significant performance gap
in w/o OGE & EQE confirms that seed data
alone is insufficient for complex benchmarks.
Crucially, removing atomic transformation oper-
ators (w/o Operators) consistently degrades per-
formance, demonstrating that fine-grained struc-
tural manipulation is key to mastering diverse SQL
forms. While OGE provides directional evolution,
training without synthesized CoT leads to a notice-
able drop, especially on BIRD, underscoring the
value of explicit reasoning paths for intricate logic.
Finally, the decline in w/o Deduplication setting
validates its role in maintaining dataset quality and
structural diversity. Overall, these findings verify
that the components of EVOLSQL effectively syn-
ergize to provide the semantic breadth and struc-
tural depth necessary for Text-to-SQL modeling.
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Figure 3: Execution accuracy (%) on the BIRD devel-
opment set across different difficulty levels.

Performance Analysis across SQL Difficulty.
Figure 3 compares BIRD development set perfor-
mance across difficulty levels. Compared to the
baseline (trained on Spider and BIRD), EVOL-
SQL achieves consistent improvements, with par-
ticularly substantial gains in Moderate (+13.8%)
and Challenging (+9.7%) subsets. These sub-
sets involve complex joins and logic often under-
represented in standard datasets. This indicates
that adaptive directional evolution effectively syn-
thesizes high-quality complex samples, enabling
the model to master intricate SQL logic rather than
overfitting to simple patterns.

Cross-Domain Generalization and Robustness.
As shown in Table 4, EVOLSQL consistently
outperforms the standard SFT baseline across all
tasks, with an average improvement of 6.1%.
Specifically, on Spider-Syn and Spider-Realistic,
our model achieves significant gains, indicat-
ing its resilience to synonym substitutions and
implicit schema mentions scenarios, which are
critical for real-world applications. Notably,
while OmniSQL-7B shows strong performance
on Spider-based variants, EVOLSQL achieves
highly competitive results and even surpasses it on
the out-of-domain EHRSQL and Science bench-
marks. This suggests that our atomic evolu-
tion strategy effectively instills a more domain-
agnostic understanding of SQL logic, leading to
superior generalization in unseen environments
such as healthcare and scientific research. These
findings confirm that EVOLSQL effectively in-
stills a robust understanding of SQL semantics,
enabling the model to handle diverse linguistic
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Training Size BIRD Spider Spider
Data Dev Dev Test

SynSQL 140K 56.7 73.4 82.5

EVOLSQL (BIRD) 140K 65.1 79.7 86.1
EVOLSQL (Spider) 40K 60.4 77.0 84.5

Table 6: Cross-seed generalization results. EVOLSQL
(BIRD) and EVOLSQL (Spider) denote models trained
on data synthesized using BIRD and Spider as the seed
dataset, respectively.

styles and complex cross-domain requirements.

Sensitivity to Seed Datasets. To evaluate
whether our pipeline is biased to the schema of
the seed dataset, we conduct a cross-seed experi-
ment by using the simpler Spider database as the
sole seed to generate a 40K dataset. As shown in
Table 6, even when seeded with Spider and using
only 40K samples, EVOLSQL noticeably outper-
forms the 140K SynSQL baseline on BIRD Dev.
Note that BIRD naturally contains highly dense
database values. When transitioning to sparser
databases like Spider, we seamlessly resolve the
lack of execution feedback by incorporating a step
to insert synthetic rows based on the target SQL
logic to ensure meaningful execution feedback.
The cross-seed generalization results indicate that
EVOLSQL is robust and primarily instills domain-
agnostic reasoning rather than overfitting to seed-
specific schemas.

6 Conclusion
In this paper, we presented EVOLSQL, a
structure-aware data synthesis framework that
evolves Text-to-SQL datasets through Atomic
Transformation Operators. By decomposing SQL
complexity into orthogonal mutations and em-
ploying an adaptive directional evolution strategy,
EVOLSQL effectively bridges the gap between
simple seed queries and complex real-world appli-
cations. On BIRD and Spider, EVOLSQL matches
or exceeds massive-scale synthesis methods while
using only 1/18 of the training data volume. Its su-
perior performance on robustness benchmarks fur-
ther confirms that our evolutionary approach in-
stills generalized reasoning capabilities that tran-
scend specific database domains.
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Limitations

Despite the effectiveness of EVOLSQL, our work
has the following limitations:

First, although we incorporate an execution-
grounded refinement module to ensure SQL valid-
ity, the synthesized dataset may still contain a cer-
tain degree of label noise. For instance, a synthe-
sized SQL query might yield the correct execution
result by coincidence while its logic slightly de-
viates from the natural language intent. However,
our experimental results suggest that the structural
diversity and scale provided by EVOLSQL effec-
tively outweigh the impact of such minor noise,
still leading to high-performance models.

Second, due to resource constraints, we primar-
ily utilized medium-sized open-source models as
the evolution and teacher models for data synthe-
sis. While this demonstrates the accessibility of
our framework within the open-source ecosystem,
it is plausible that employing more powerful pro-
prietary models as teachers could further enhance
the quality of reasoning traces and the complexity
of the synthesized SQL. We leave the exploration
of using stronger teacher models for future work.

Finally, to ensure a fair and direct assessment
of the synthesized dataset’s quality, our evaluation
protocol relies exclusively on Supervised Fine-
Tuning. We did not incorporate Reinforcement
Learning techniques, which are increasingly com-
mon recently in Text-to-SQL task. Nevertheless,
we believe that combining our high-quality evo-
lutionary data with RL-based training paradigms
could yield further performance gains, represent-
ing a promising direction for future research.

Ethical Considerations

Our framework is built upon publicly available
benchmarks released under permissive research li-
censes, and we strictly adhere to their terms of
use. Since EVOLSQL synthesizes SQL–NL pairs
via LLM-based evolution, the generated data is in-
herently domain-restricted to structured database
queries and does not produce free-form text that
could be misused for disinformation. The compu-
tational cost of our pipeline is substantially lower
than comparable large-scale approaches, as we
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achieve strong performance with only 1/18 of the
data volume. We do not foresee direct negative
societal impacts from this work; rather, improv-
ing natural language interfaces to databases has
the potential to democratize data access for non-
technical users.
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A Algorithm for Operator-Guided SQL
Evolution

Algorithm 1 Adaptive Directional Evolution
Input: Initial expanded dataset DH , Database
schema S, Database DB, Operator family Φ,
Strategy modelMstrat, Rounds T , Budget K.
Output: Final evolved dataset Devolved.

1: Devolved ← DH , Dcurr ← DH

2: C(ϕ)← 0, ∀ϕ ∈ Φ; Ntotal ← 0
3: for t = 1 to T do
4: Dnext ← ∅
5: for each (q, s) ∈ Dcurr do
6: Ulist ← ∅
7: for each ϕ ∈ Φ do
8: Sfeas ←Mstrat(q, s,S;ϕ)
9: Paccum ← C(ϕ)/(Ntotal + ϵ)

10: Ptarget ← 1/|Φ|
11: Wdiv ← Ptarget/(Paccum + ϵ)
12: U(ϕ)← Sfeas ·Wdiv

13: Ulist.add((ϕ,U(ϕ)))
14: end for
15: Φ∗ ← Top-K(Ulist,K)
16: for each ϕ∗ ∈ Φ∗ do
17: (q̃, s̃)←Mgen(q, s,S; Iϕ∗)
18: r ← Exec(s̃,DB)
19: s′ ←Mrefine(q̃, s̃,S; r)
20: if s′ is valid and result is non-

empty then
21: Dnext.add((q̃, s′))
22: Devolved.add((q̃, s′))
23: C(ϕ∗)← C(ϕ∗) + 1
24: Ntotal ← Ntotal + 1
25: end if
26: end for
27: end for
28: Dcurr ← Dnext

29: end for
30: return Devolved

B Database Densification for Sparse
Databases

Execution-based verification can produce false
positives on sparsely populated databases, where a
logically incorrect SQL may coincidentally return
the same result as the gold SQL. To address this,
we optionally perform a database densification
step before re-verification. For each gold SQL, we
prompt an LLM to generate INSERT statements
that add new rows satisfying all conditions of

the query (i.e., WHERE, JOIN ON, and HAVING
clauses), so that the SQL returns a non-empty re-
sult on the updated database. All insertions are ap-
plied to a copy of the original database. To prevent
conflicts among rows inserted for different SQL
queries, each query is allocated a dedicated inte-
ger primary key range, while text primary keys are
isolated with a query-specific prefix; foreign key
dependencies are handled by inserting parent rows
before child rows. The LLM is allowed up to three
rounds of self-correction, where parsing failures,
primary key violations, or database constraint er-
rors are fed back as messages for regeneration, and
samples that still fail are discarded. This step is
optional and is primarily enabled when the seed
databases are sparsely populated, as in our Spider-
seeded experiment (Sec. 5). The full prompt tem-
plate is provided in Appendix I.5.

C Dataset Statistics and Descriptions

We evaluate EVOLSQL on seven benchmarks to
comprehensively assess its performance, robust-
ness, and generalization. Our primary targets are
Spider(Yu et al., 2018) and BIRD(Li et al., 2024c),
both designed for cross-domain evaluation where
test databases are unseen during training. We
report results on the Spider development (1,034
samples) and hidden test sets (2,147 samples), and
the BIRD development set (1,534 samples).

To examine resilience to linguistic and knowl-
edge variations, we employ three Spider vari-
ants. Spider-DK(Gan et al., 2021b) (535 samples)
tests the integration of implicit domain knowl-
edge. Spider-Syn(Gan et al., 2021a) (1,034 sam-
ples) and Spider-Realistic (Deng et al., 2021) (508
samples) introduce lexical perturbations, replacing
explicit schema mentions with synonyms or im-
plicit references to simulate real-world linguistic
variability.

Finally, we assess zero-shot generalization in
specialized domains using EHRSQL(Lee et al.,
2022) and Science Benchmark(Zhang et al.,
2023). EHRSQL contains 1,008 samples focused
on electronic health records (EHR), while Science
Benchmark includes 299 samples covering disci-
plines such as astrophysics and cancer research.
As these domains are excluded from our train-
ing, they serve as rigorous evaluation for domain-
agnostic SQL reasoning.
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D Baseline Details

We provide a comprehensive list of the baselines
used in our experiments, categorized into three
groups. The Proprietary LLM prompting cat-
egory includes GPT-4 (Achiam et al., 2023) evalu-
ated under several prompting frameworks, namely
DIN-SQL (Pourreza and Rafiei, 2023), DAIL-
SQL (Gao et al., 2024), MAC-SQL (Wang et al.,
2025), and MCS-SQL (Lee et al., 2024).

The Open-source models category covers the
zero-shot and few-shot performance of general-
purpose foundation models, including Llama3-
8B (Touvron et al., 2023), Llama-3.1-8B-
Instruct (Grattafiori et al., 2024), and Qwen2.5-
7B (Yang et al., 2024a), as well as the code-
specialized Qwen2.5-Coder-7B-Instruct. To fur-
ther assess their reasoning potential, we also
evaluate these models under complex prompting
pipelines such as DIN-SQL and MAC-SQL.

The Open-source fine-tuning category com-
prises specialized Text-to-SQL models and
frameworks, including DTS-SQL (Pourreza and
Rafiei, 2024), CODES (Li et al., 2024b), and
ROUTE (Qin et al., 2025). We also compare
against models trained on large-scale synthetic
datasets, such as SENSE (Yang et al., 2024b),
OmniSQL (Li et al., 2025), and SQLFLOW (Cai
et al., 2025). This allows for a direct compar-
ison of data efficiency and performance across
different synthesis paradigms.

E Implementation Details

Our data synthesis process is primarily con-
ducted using the schemas and seeds from the
BIRD training set, employing Qwen2.5-Coder-
32B-Instruct (Hui et al., 2024) as the evolution
and refinement model. Specifically, we perform
the Operator-Guided SQL Evolution phase for two
iterations to progressively enhance structural com-
plexity. To ensure the quality of reasoning traces,
we utilize Qwen3-Coder-30B-A3B-Instruct (Yang
et al., 2025) as the teacher model to synthesize
Chain-of-Thought (CoT) reasoning paths via re-
jection sampling with n = 4. During the Schema-
Aware Deduplication phase, we apply a seman-
tic similarity threshold of τ = 0.9 using the
all-mpnet-base-v2 encoder. The final train-
ing corpus combines our synthesized dataset with
the original training sets of BIRD and Spider,
both of which are also augmented with execution-
verified CoT reasoning.

For model training, we conduct full-parameter
supervised fine-tuning on Qwen2.5-Coder-7B-
Instruct (Yang et al., 2024a) and Meta-Llama-
3.1-8B-Instruct (Grattafiori et al., 2024) using 8
NVIDIA A100 GPUs. We utilize the AdamW op-
timizer (Loshchilov and Hutter, 2017) with a peak
learning rate of 2 × 10−5, a weight decay of 0.1,
and a cosine decay schedule with a linear warmup
covering the initial 5% of training steps. We set
the global batch size to 512 and train the models
for 2 epochs using bfloat16 mixed precision.

F Additional Dataset Analysis
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Figure 4: Token length distributions for questions and
SQL queries in Spider, BIRD, and EVOLSQL datasets.

Length Statistics. Figure 4 compares the to-
ken length distributions of natural language ques-
tions (NL) and SQL queries across Spider, BIRD,
and EVOLSQL. The NL and SQL distributions
for EVOLSQL exhibit a pronounced shift toward
longer sequences compared to BIRD. This in-
creased length serves as a reliable proxy for struc-
tural complexity, confirming that our evolutionary
framework successfully synthesizes SQL queries
with greater depth and intricacy.

Data Quality Analysis. Since our evolutionary
pipeline relies on execution consistency to verify
SQL correctness, a potential concern is semantic
drift—where the synthesized SQL may produce
correct results but deviate from the intended nat-
ural language meaning. To quantify this risk, we
conduct a systematic quality evaluation following
OmniSQL (Li et al., 2025). Specifically, we as-
sess synthesized data across four criteria: Result
Alignment (whether the SQL output matches the
question intent), Structural Alignment (whether
the SQL structure logically corresponds to the
question), Efficiency of Solution (whether the

37928



SQL is reasonably efficient), and Answer Adher-
ence (whether the answer strictly addresses what
is asked).

We employ DeepSeek-V4-Pro (Xu et al., 2026)
as the evaluator, which assigns a rating (excellent,
good, average, or poor) for each criterion. Scores
are aggregated using a weighted average:

Score =
Ne · 1.0 +Ng · 0.75 +Na · 0.5 +Np · 0.25

Ne +Ng +Na +Np

(13)

where Ne, Ng, Na, and Np denote the num-
ber of samples rated as excellent, good, average,
and poor, respectively. We randomly sample 100
instances from each of EVOLSQL and SynSQL-
2.5M for evaluation.

As shown in Figure 5, EVOLSQL achieves an
overall quality score of 0.857, outperforming Syn-
SQL (0.804) across all four dimensions. Notably,
EVOLSQL attains 0.973 on Result Alignment and
0.800 on Structural Alignment, compared to Syn-
SQL’s 0.928 and 0.750. These results demonstrate
that our pipeline produces data with strong align-
ment between natural language questions and their
corresponding SQL queries.
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Figure 5: Data quality comparison between EVOLSQL
and SynSQL evaluated by DeepSeek-V4-Pro.

Computational and Token Efficiency. Beyond
benchmark accuracy, computational cost is a piv-
otal metric for evaluating data-centric frameworks.
In terms of data synthesis, EVOLSQL generates a
compact yet high-quality dataset of 129K samples
with an estimated total consumption of ∼6.61B
tokens, averaging 16.75 LLM calls and 51.2K to-
kens per finalized sample across all multi-step evo-
lution and validation phases. In contrast, synthe-
sizing million-scale corpora like SynSQL-2.5M
requires filtering from 5M candidates with sam-
pling, incurring over 50B tokens.

More importantly, the primary computational
bottleneck in practice lies in the downstream fine-

tuning phase. Under identical hardware envi-
ronments and hyperparameters, fine-tuning a 7B
model on EVOLSQL takes only 19.6 hours, a
94.4% reduction in GPU compute compared to
SynSQL-2.5M, making EVOLSQL substantially
more accessible for practical, on-premise deploy-
ments.

G Combining with Reinforcement
Learning

To further explore the potential of our synthesized
data, we adopt a widely used two-stage training
strategy: first performing SFT, then applying RL.
Specifically, we partition our EVOLSQL dataset
by reserving 6K samples for RL training and using
the remainder for SFT. We employ Group Relative
Policy Optimization (GRPO) with execution accu-
racy as the reward signal. The RL phase runs for
5 epochs with a learning rate of 1 × 10−6, mini-
batch size of 64, rollout temperature of 0.8, and 8
sampled responses per prompt.

As shown in Table 7, RL applied on top of
the warmup SFT stage (EVOLSQL (SFT-Pre-RL))
yields consistent improvements across all bench-
marks. EVOLSQL-RL achieves the best results
on BIRD (67.3 EX), Spider-DK (76.4), and Sci-
ence Benchmark (51.8), demonstrating that our
synthesized data is well-suited for RL-based opti-
mization and can unlock further gains beyond the
warmup SFT stage.

H Case Study

To provide a concrete understanding of our data
synthesis pipeline, we present a representative
evolutionary trajectory in Table 8. The process ini-
tiates with a simple seed query from BIRD dataset,
which involves a single table and basic sorting
logic.

In the Exploratory Query-SQL Expansion
phase, the framework diversifies the user intent
from querying physical attributes (“heaviest”) to
analyzing historical performance (“most medals”).
This step effectively broadens the semantic cov-
erage and establishes a multi-table SQL skeleton.
Subsequently, the Operator-Guided SQL Evolu-
tion progressively deepens the structural com-
plexity through specific Atomic Transformation
Operators. First, guided by the Relational Ex-
pansion (ϕjoin) operator, the query incorporates
specific domain constraints (“Swimming”, “Sum-
mer”). As highlighted in blue, this necessitates
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Setting BIRD Spider Spider Spider- Spider- Spider- Science EHRSQLDev Dev Test DK Syn Realistic Benchmark

Base 50.9 73.4 82.2 60.9 49.9 58.7 40.8 28.6
OmniSQL-7B 63.9 81.2 87.9 76.1 69.7 76.2 50.2 34.9

EVOLSQL (SFT-Full) 65.1 79.7 86.1 74.2 69.2 75.8 51.8 38.6
EVOLSQL (SFT-Pre-RL) 64.7 78.1 85.8 73.6 69.2 73.6 49.8 37.3
EVOLSQL-RL 67.3 79.8 86.5 76.4 69.7 74.8 51.8 37.7

Table 7: Results of combining EVOLSQL data with reinforcement learning. EVOLSQL denotes SFT-only and
EVOLSQL-RL denotes SFT followed by RL on the reserved 6K subset.

Table 8: Case Study: An Evolutionary Trajectory.
An example illustrating how a seed query from BIRD
evolves into a more complex SQL structure through
adaptive structure-aware evolution. Blue text high-
lights newly introduced SQL components at each evo-
lution stage.

Stage 0: Seed Query (from BIRD)
Q: Who is the heaviest athlete?

SELECT full name FROM person ORDER BY weight DESC

LIMIT 1

Stage 1: Exploratory Query–SQL Expansion
Q: Which competitor has won the most medals in the Olympics?

SELECT p.full name FROM person p JOIN games competitor

gc ON p.id = gc.person id JOIN competitor event ce

ON gc.id = ce.competitor id GROUP BY p.id ORDER BY

COUNT(ce.medal id) DESC LIMIT 1;

Stage 2: Operator-Guided SQL Evolution (Relational
Expansion)
Q: Which competitor has won the most medals in the Olympics
in the sport of Swimming during the Summer season?

SELECT p.full name FROM person p JOIN games competitor

gc ON p.id = gc.person id JOIN competitor event ce ON

gc.id = ce.competitor id JOIN event e ON ce.event id =

e.id JOIN sport s ON e.sport id = s.id JOIN games g ON

gc.games id = g.id WHERE s.sport name = ’Swimming’

AND g.season = ’Summer’ GROUP BY p.id ORDER BY

COUNT(ce.medal id) DESC LIMIT 1;

Stage 3: Operator-Guided SQL Evolution (Logical Clause
Expansion)
Q: Who is the top medal winner in Summer Olympic Swimming?
Only consider athletes with at least 3 medals, and use their
average winning age to break ties (favoring the youngest).

SELECT p.full name, AVG(gc.age) AS avg age FROM person

p JOIN games competitor gc ON p.id = gc.person id

JOIN competitor event ce ON gc.id = ce.competitor id

JOIN event e ON ce.event id = e.id JOIN sport s

ON e.sport id = s.id JOIN games g ON gc.games id =

g.id WHERE s.sport name = ’Swimming’ AND g.season =

’Summer’ GROUP BY p.id HAVING COUNT(ce.medal id) >= 3

ORDER BY COUNT(ce.medal id) DESC, avg age ASC LIMIT 1;

the inclusion of three additional tables (‘event‘,
‘sport‘, ‘games‘) and corresponding join predi-
cates, significantly elevating the relational com-
plexity. Next, the Logical Clause Expansion
(ϕlogic) operator introduces advanced reasoning
requirements. The query is refined to filter ag-
gregated groups (“at least 3 medals”) and apply

tie-breaking logic (“youngest on average”). This
results in the injection of HAVING clauses and
multi-column ORDER BY operations, further en-
hancing the logical depth of the query.

The final synthesized sample exhibits a high
level of complexity by incorporating multi-hop
joins, aggregation filtering, and complex sorting,
features that are absent in the initial seed. This
trajectory validates that our framework offers an
effective approach to systematically scale struc-
tural complexity and construct high-quality train-
ing data.
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I Prompts for Text-to-SQL Data Synthesis

I.1 Prompt Template for Exploratory Query-SQL Expansion

Below, you are provided with a database schema and a NL2SQL question. Your task is to draw
inspiration from the given NL2SQL question to create a brand new question.

Database Engine:
SQLite

Database Schema
{DATABASE SCHEMA}
This schema describes the database’s structure, including tables, columns, primary keys, foreign
keys, and any relevant relationships or constraints. The new question must strictly follow this
database schema.

Evidence
{EVIDENCE}
Question
{QUESTION}
Gold SQL
{GOLD SQL}
Instructions

• The LENGTH and difficulty level of the new NL2SQL question should be similar to the original
one.

• You need to ensure that the modified gold SQL still complies with SQLite syntax rules.

• You also need to modify the evidence to fit with the new question, keeping it as minimal as
possible. Include only the information that is strictly necessary to answer the new question.

• You must ensure that the new NL2SQL question can be answered using the given database
schema, and you are not allowed to update the schema or introduce new tables or columns.

Output Format

{
"question": "The new question.",
"evidence": "The new evidence. If no evidence needed, it is ok to be an

empty string."
"gold sql": "The corresponding gold sql."

}

Take a deep breath and think step by step to increase the difficulty of the question.

Figure 6: The prompt template for Exploratory Query-SQL Expansion.
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I.2 Prompt Template for Operator-Guided SQL Evolution

Below, you are provided with a database schema and a NL2SQL question. Your task is to increase
the difficulty of the given NL2SQL question a bit based on the given database schema.

Database Engine:
SQLite

Database Schema
{DATABASE SCHEMA}
This schema describes the database’s structure, including tables, columns, primary keys, foreign
keys, and any relevant relationships or constraints. The new question after increasing the difficulty
must strictly follow this database schema.

Evidence
{EVIDENCE}
Question
{QUESTION}
Gold SQL
{GOLD SQL}
Instructions

• You need to ensure that the modified gold SQL still complies with SQLite syntax rules.

• You also need to update the evidence to fit with the new question, but keeping it as minimal as
possible. Include only the information that is strictly necessary to answer the new question.

• You must ensure that the new NL2SQL question can be answered using the given database
schema, and you are not allowed to update the schema or introduce new tables or columns.

• To increase the difficulty, you may use the following method, but you are not restricted to it:
{OPERATION}

Output Format

{
"question": "The new question after increasing the difficulty.",
"evidence": "The new evidence. If no evidence needed, it is ok to be an

empty string.",
"gold sql": "The correspond gold sql after increasing the difficulty."

}

Take a deep breath and think step by step to increase the difficulty of the question.

Figure 7: The prompt template for Operator-Guided SQL Evolution.
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I.3 Evolution Instructions for Atomic Transformation Operators

1. Functional Wrapping (ϕfunc): Integrate SQL functions to process data within the query. You
can use aggregate functions, date functions, mathematical functions, or window functions.

2. Operator Mutation (ϕop): Use a wider variety of SQL operators in the query. For example, use
BETWEEN for range comparisons, IN or NOT IN to filter against a set of values, or LIKE for
pattern matching. You can also introduce conditional logic with a CASE WHEN expression in the
SELECT or ORDER BY clause.

3. Logical Clause Expansion (ϕlogic): Increase the logical complexity within existing SQL
clauses. For example, combine multiple conditions in the WHERE clause using AND/OR/NOT;
if the original SQL has a GROUP BY, add a HAVING clause to filter the aggregated results; or
sort by multiple columns in the ORDER BY clause.

4. Relational Expansion (ϕjoin): Increase the number of tables being joined or change the join
type (e.g., switching between INNER JOIN and LEFT JOIN) to introduce new data relation-
ships.

5. Nesting Evolution (ϕnest): Make the query structure more complex by introducing nested
queries, correlated subqueries, or Common Table Expressions (CTEs).

6. Set Composition (ϕset): Use set operators (UNION, INTERSECT, EXCEPT) to combine or
compare the result sets of two or more queries. Alternatively, use an EXISTS or NOT EXISTS
subquery to check for the existence of records that satisfy specific conditions.

Figure 8: Evolution Instructions for Atomic Transformation Operators.

37933



I.4 Prompt Template for Strategy Model

Below, you are provided with a database schema and a Text-to-SQL pair. Your task is to act as an
expert data scientist, systematically evaluate the feasibility of applying specific evolution operators
to increase the query’s complexity, and provide a scored assessment for each.

Database Engine: SQLite
Database Schema: {DATABASE SCHEMA}
Question: {QUESTION}
Gold SQL: {GOLD SQL}
Instructions

• Your primary goal is to analyze the provided SQL query and assess the structural feasibility of
applying each of the six evolution operators defined below.

• Crucially, you are only evaluating the feasibility. Do NOT generate the new question or new
SQL in this step.

Available Evolution Operators

1. Functional Wrapping: Integrate SQL functions to process data (e.g., aggregate functions, date
functions, mathematical functions, or window functions).

2. Operator Mutation: Use a wider variety of SQL operators (e.g., BETWEEN, IN/NOT IN,
LIKE, or CASE WHEN).

3. Logical Clause Expansion: Increase logical complexity within clauses (e.g., AND/OR/NOT in
WHERE, adding HAVING to filter aggregations, or complex ORDER BY).

4. Relational Expansion: Increase the number of tables being joined or change the join type (e.g.,
INNER vs LEFT JOIN) to introduce new data relationships.

5. Nesting Evolution: Introduce nested queries, correlated subqueries, or Common Table Expres-
sions (CTEs).

6. Set Composition: Use set operators (UNION, INTERSECT, EXCEPT) or existence checks
(EXISTS/NOT EXISTS).

Output Format
In your answer, please respond with a JSON object structured as follows:

[
{
"operator": "Functional Wrapping",
"score": <float between 0.0 and 1.0>,
"justification": "Concise reason regarding schema availability."

},
...

]

Take a deep breath and think step by step to evaluate the feasibility of all six operators based on the
schema and current SQL.

Figure 9: The prompt template for Strategy Model.
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I.5 Prompt Template for Database Densification

You are a database expert. Given a database schema and a SQL query, your task is to generate
INSERT statements that add new rows so that the SQL query returns a non-empty result.

Database Engine: SQLite

Database Schema {DATABASE SCHEMA}
Target SQL Query {TARGET SQL}
Task Analyze the target SQL query and generate INSERT statements so that executing the query on
the updated database will return at least one row. Think step-by-step:

1. Identify which tables the SQL reads from (including JOINed tables and subqueries).

2. Determine what conditions rows must satisfy (WHERE, HAVING, JOIN ON, etc.).

3. Design concrete row values that satisfy ALL conditions simultaneously.

4. Identify foreign key dependencies: if a child row references a parent table, INSERT the parent
row first.

5. Write the INSERT statements in dependency order (parent tables before child tables).

Rules

• The inserted data MUST make the target SQL return at least one row. Every WHERE, JOIN ON,
GROUP BY, and HAVING condition must be satisfied by your inserted rows.

• You MUST use primary key values strictly within the “Allocated PK range” shown in the schema.
Do NOT use any PK value outside your assigned range.

• For TEXT/VARCHAR primary keys marked with an “ADV ” prefix hint, use the “ADV ” prefix
to avoid conflicts with existing data.

• For composite primary keys, ensure the combination of values is unique.

• You MUST obey all schema constraints: NOT NULL, UNIQUE, CHECK, FOREIGN KEY, etc.

• When using INSERT INTO table VALUES(...), the values must follow the EXACT col-
umn order as shown in the schema. Pay special attention to tables where the first column may
not be the primary key.

• For foreign key references: if the parent row does not exist, INSERT the parent row first. The
parent row’s PK must also be within your allocated range. Check the Foreign keys section
for all FK dependencies.

• Order your INSERT statements strictly by dependency: parent table INSERTs MUST come
before child table INSERTs.

• Generate at most 10 INSERT statements total.

Output Format
After analyzing the target SQL query, generate the INSERT statements in the following format:

INSERT INTO parent table VALUES(...);
INSERT INTO child table VALUES(...);

Figure 10: The prompt template for Database Densification.
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