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Abstract

Large language models (LLMs) can gener-
ate SQL queries that return correct answers
while differing in program structure. We
introduce SQLSTRUCTEVAL, a framework
that analyzes this behavior through canoni-
cal abstract syntax tree (AST) representations.
Experiments on Spider across seven models
reveal structural variation within execution-
correct generations and sensitivity to question
paraphrases and schema presentation. Addi-
tional 100-example subsets of BIRD Mini-Dev,
Spider-Syn, and Dr.Spider provide scope vali-
dation. As a mitigation case study, a pipeline
that generates structured intermediate repre-
sentations before deterministic compilation im-
proves execution accuracy and structural agree-
ment among correct outputs in the evaluated
setting. Structural diversity is not inherently
erroneous: our measures expose differences
for further inspection rather than determine se-
mantic correctness. These findings establish
structural analysis as a complementary diag-
nostic alongside execution-based evaluation.
Our code is available at https://anonymous.
4open.science/r/StructEval-2435.

1 Introduction

Large language models (LLMs) support program
generation from natural language, including code
synthesis and Text-to-SQL translation (Chen et al.,
2021; Austin et al., 2021; Rajkumar et al., 2022).
Evaluation commonly focuses on functional cor-
rectness: unit tests check generated code, and ex-
ecution accuracy checks whether SQL produces
the reference result on a database (Yu et al., 2018;
Zhong et al., 2020). These tests are essential for
evaluating whether a program answers the intended
question. They leave open a different question:
how consistently does a model construct that pro-
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Traditional LLM Method SQLStructEval (Our Method)

Text Prompt

LLM Model

SQL Query

Structurally 
unstable

Low 
interpretability

Strong schema 
dependency

…

Text Prompt

LLM Model AST AST Parser

Structured SQL Query

High structural 
stability

Stronger 
adaptability

Figure 1: Comparison between traditional LLM-
based Text-to-SQL generation and our proposed SQL-
STRUCTEVAL framework. Traditional methods directly
generate SQL queries from text prompts, which often
leads to structurally inconsistent outputs across repeated
generations. In contrast, SQLSTRUCTEVAL introduces
an AST-based representation that enables explicit struc-
tural analysis and improves the stability and compara-
bility of generated programs.

gram across repeated generations and equivalent
presentations of the input?

Programs that return the same result can use
different joins, nested subqueries, aggregation ar-
guments, or redundant operators. Some differences
are harmless alternatives; others agree only on the
evaluated database instance. Execution agreement
alone does not distinguish these cases. Moreover,
a model can change its preferred formulation when
only the wording of a question or the order of
schema elements changes. Studying such behav-
ior requires comparing distributions of generated
programs, rather than evaluating each output in
isolation.

We introduce SQLSTRUCTEVAL to summarize
canonical SQL structures across repeated genera-
tions. It measures concentration, diversity, refer-
ence alignment, and agreement under input per-
turbations. Figure 1 illustrates this structural per-
spective. We analyze execution-correct outputs
separately and include a compile-style generation
case study.

https://anonymous.4open.science/r/StructEval-2435
https://anonymous.4open.science/r/StructEval-2435


We use structural reliability operationally to de-
scribe consistency of canonical program represen-
tations across repeated generations and semanti-
cally invariant input changes. This definition does
not imply that the least diverse model is the best
model. A system can consistently generate an in-
correct query, and multiple valid formulations can
remain equally useful. Structural analysis instead
reveals where a fixed intent admits different gener-
ated constructions and where further semantic or
downstream inspection may be informative.

Across seven LLMs on Spider, we observe struc-
tural disagreement even within execution-correct
outputs. Perturbations can also change the dom-
inant generated structure. Additional scope vali-
dation on three 100-example subsets shows that
execution-correct disagreement appears beyond the
original Spider development set. Finally, a compile-
style pipeline improves execution accuracy and
agreement among correct outputs in our setting.
This is evidence about the complete pipeline; it
does not isolate the effects of the intermediate rep-
resentation, compiler, or model reasoning.

Our contributions are as follows:

• We show that execution-correct SQL genera-
tions can remain structurally diverse, expos-
ing behavior that a single execution-accuracy
score does not describe.

• We introduce SQLSTRUCTEVAL, a frame-
work for measuring structural concentration,
diversity, reference alignment, and perturba-
tion sensitivity through canonical AST repre-
sentations.

• We document this behavior across model fam-
ilies and additional dataset subsets, and evalu-
ate compile-style generation as a full-pipeline
mitigation case study with explicit limits on
causal attribution.

2 Related Work

Variation in model generations. Self-
consistency aggregates multiple sampled reasoning
paths (Wang et al., 2023); related work studies the
propagation of early errors (Zhang et al., 2024),
limits of self-correction (Huang et al., 2024),
and the cost of repeated sampling (Zhu et al.,
2025). Instance-level randomization addresses
variation in evaluation scores arising from random
experimental factors (Li et al., 2025). These
studies motivate distinguishing a model’s behavior

across samples from the outcome of a single
generation.

Program structure has also received direct atten-
tion. Song et al. (2025) analyze code-generation
stability through AST-based structural entropy,
while Rajput et al. (2025) study algorithmic and
runtime variation through opcode distributions.
Our work focuses on SQL and connects repeated-
generation structural statistics with execution-
correct subsets and semantically invariant input
perturbations. We do not claim that AST analy-
sis alone measures runtime costs or establishes a
unique correct program structure.

Execution and semantic evaluation. Text-to-
SQL benchmarks and surveys document the role
of execution accuracy and reference-based eval-
uation (Yu et al., 2018; Deng et al., 2022). Hu-
manEval and MBPP similarly test generated code
through functional behavior (Chen et al., 2021;
Austin et al., 2021). Stronger tests can expose
errors missed by an original test set (Liu et al.,
2023). For SQL, distilled test suites probe seman-
tic equivalence across database instances (Zhong
et al., 2020), and FLEX studies false judgments
in execution-based evaluation (Kim et al., 2025).
These approaches improve correctness assessment.
SQLSTRUCTEVAL instead characterizes how gen-
erated structures vary, including among outputs
that pass the available execution check.

Robustness benchmarks. Spider-Syn examines
sensitivity to synonym substitutions in natural lan-
guage questions (Gan et al., 2021). Dr.Spider
provides diagnostic perturbations affecting ques-
tions, databases, and SQL (Chang et al., 2023).
BIRD broadens evaluation toward larger, database-
grounded Text-to-SQL settings (Li et al., 2023).
We use small subsets of these resources to vali-
date the presence of execution-correct structural
disagreement. This analysis complements their
original evaluation goals and does not constitute a
full benchmark comparison.

Structured program generation. Intermediate
representations already play an important role in
semantic parsing. IRNet generates a SemQL rep-
resentation before constructing SQL (Guo et al.,
2019). DIN-SQL decomposes prompting into
several steps (Pourreza and Rafiei, 2023), while
LEVER uses execution to verify language-to-code
candidates (Ni et al., 2023). Synchromesh and
PICARD constrain generation using program struc-



ture or incremental parsing (Poesia et al., 2022;
Scholak et al., 2021). Grammar-constrained decod-
ing further supports structured outputs and logical
parsing (Geng et al., 2023; Raspanti et al., 2025);
other methods incorporate context-sensitive or log-
ical constraints (Albinhassan et al., 2025; Ma and
Hu, 2025).

These methods differ in their representations,
constraints, and training or inference procedures.
Our compile-style experiment is a case study within
a structural evaluation framework, rather than a
claim to invent intermediate representations or out-
perform the latest Text-to-SQL systems. We evalu-
ate the final compiled SQL through the same struc-
tural analysis used for directly generated SQL.

3 SQLSTRUCTEVAL

3.1 Problem Setup

Given a natural language question x and database
schema S, a Text-to-SQL model generates a query
intended to answer x. We sample N candidate
queries {yi}Ni=1 for the same input. Each candidate
receives two separate assessments: whether its exe-
cution result matches the annotated reference, and
which canonical program structure it represents.
The latter permits comparisons within the full sam-
ple and within the execution-correct subset.

3.2 Structural Representation

An AST represents a query through operators such
as SELECT, JOIN, WHERE, and GROUP BY, together
with their arguments and syntactic relationships.
We parse SQL using sqlglot in the SQLite dialect
and apply alias and logical-operator normalization.
We rename table aliases by first appearance, update
column references, and flatten and sort conjunc-
tions. We then render the AST into SQL and nor-
malize whitespace, case, trailing semicolons, and
simple column aliases. Appendix D describes this
procedure.

The resulting canonical SQL string serves as the
comparison representation. Equality means equal-
ity under these normalization rules, rather than full
semantic equivalence. In particular, the representa-
tion retains alternative subqueries, aggregation ar-
guments, and other query constructions. It is there-
fore more specific than an unlabeled tree shape and
less sensitive to formatting than raw SQL text. All

generation paradigms use the same canonicaliza-
tion procedure, so the compile-style JSON object
itself is never the object scored in the structural
comparison.

3.3 Structural Evaluation Measures

For a question x, parsing maps generation i to a
canonical structure ai ∈ A or a failure ai = ⊥.
Define the valid index set Ix = {i : ai ̸= ⊥} and
its size Mx = |Ix|. Among these generations, let
s1, . . . , sK be the distinct structures, with counts
nk and relative frequencies pk = nk/Mx.

Concentration and diversity. The majority-
structure ratio measures concentration:

Cons(x) = max
1≤k≤K

pk. (1)

We report this as Majority. Diversity and dispersion
are described by the number of distinct structures
and their entropy:

Div(x) = K, H(x) = −
K∑
k=1

pk log2 pk. (2)

Table 1 reports normalized entropy Hnorm(x) =
H(x)/ log2K when K > 1, and zero when K ≤ 1.
The additional subset table reports unnormalized
entropy. These quantities answer different ques-
tions. Two samples can have the same distinct
count but distribute their probability mass differ-
ently. For example, counts of nine and one have a
higher majority ratio and lower entropy than counts
of five and five, although both contain two struc-
tures. Diversity is descriptive; a lower count or
entropy is not universally preferable.

Annotated-reference alignment. Let a∗ be the
canonical representation of the annotated reference
SQL. We compute

RefAlign(x) =
1

Mx

∑
i∈Ix

1[ai = a∗]. (3)

This is a reference-alignment diagnostic, not struc-
tural correctness. The annotated query is one avail-
able formulation and does not exhaust all valid
ways to answer the question. A low alignment rate
may coexist with high execution accuracy.

Execution-correct structural agreement. Let
Ex contain all execution-correct generation indices
and let Cx = Ex ∩ Ix contain those with a parsed



structure. For a nonempty selected subset Bx ⊆ Ix,
define

Sim(Bx) =
maxs∈A |{i ∈ Bx : ai = s}|

|Bx|
. (4)

AST Sim (corr) applies this measure to Cx. It mea-
sures majority concentration, not pairwise tree-edit
similarity. Distinct (corr) counts the different struc-
tures in the same subset. At the question level,
this conditions structure on correct outputs. The
reported dataset averages also include questions
with no parsed correct output: the implementation
records their agreement and distinct count as zero.
The aggregate therefore reflects both availability
of parsed correct outputs and concentration within
available subsets.

Diagnostic mismatch indicators. Let e(x) be
the fraction of the N generations whose execu-
tion result matches the reference. We report two
question-level indicators. Exec-Corr Struct-Diff
flags questions with |Ex| ≥ 2 and S̃im(Cx) < 0.7,
where S̃im equals Sim for nonempty subsets and
zero otherwise. High-Acc Low-Struct flags ques-
tions with e(x) ≥ 0.8 and more than one execution-
correct canonical structure. Tables report the frac-
tion of questions satisfying each condition. Be-
cause the implementation uses zero for missing
structural agreement, Exec-Corr Struct-Diff can
also flag an execution-correct question with no
parsed correct structure. We interpret this indicator
as a low-agreement diagnostic affected by struc-
tural coverage, rather than a pure count of observed
AST disagreements. High-Acc Low-Struct explic-
itly requires multiple parsed correct structures.

The cutoffs 0.7 and 0.8 are heuristic diagnostic
choices, not learned parameters or universal stan-
dards. With ten generations, the accuracy cutoff
requires at least eight correct outputs; for nonempty
subsets, the concentration cutoff requires that no
structure account for 70% of the selected correct
subset. The indicators are not interchangeable:
high execution accuracy can coexist with two struc-
tures even when one is dominant. We interpret
them alongside the continuous measures, without
claiming invariance to alternative thresholds.

Robustness under perturbations. For an origi-
nal input x(0) and T variants x(1), . . . , x(T ), let s∗t
denote the majority structure for variant t. Cross-

variant agreement is

Consvar(x) =
2

T (T + 1)

∑
0≤u<v≤T

1[s∗u = s∗v].

(5)
Perturbation sensitivity compares each variant with
the original:

Sens(x) =
1

T

T∑
t=1

1[s∗t ̸= s∗0]. (6)

The sensitive fraction is the proportion of questions
with a changed majority structure under at least one
perturbation. AST Sim in the perturbation tables
denotes cross-variant agreement, whereas AST Sim
(corr) in the execution tables denotes within-subset
concentration. Appendix A summarizes the table
mappings and parse-failure conventions.

3.4 Compile-Style Generation
We also study a pipeline that asks the model to
generate a structured JSON representation with
fields for selection, tables, joins, predicates, group-
ing, ordering, and limits. A deterministic compiler
converts this representation into executable SQL.
Appendix G illustrates the sequence from question
to JSON, internal AST, and SQL.

This pipeline makes program structure explicit
during generation, while direct generation emits
SQL text. The comparison evaluates their end-to-
end behavior. It does not separately identify the
effects of JSON constraints, deterministic compila-
tion, prompting, or the model’s internal reasoning.
Improved agreement in the final SQL is a property
of the complete pipeline, not evidence by itself that
the model reasons more consistently.

4 Experiments and Evaluation

4.1 Experimental Setup
Datasets. Our main experiments use the 1,034-
question Spider development set (Yu et al.,
2018). Spider supplies annotated SQL, executable
databases, and a controlled setting for measur-
ing execution and structure on the same ques-
tions. Experiment 2 additionally includes 100-
example subsets of BIRD Mini-Dev, Spider-Syn,
and Dr.Spider (Li et al., 2023; Gan et al., 2021;
Chang et al., 2023). These are scope checks, not
full benchmark evaluations.

Models and sampling. We evaluate GPT-5-
mini, GPT-4.1-mini, Claude-4.5-Sonnet, Claude-
4.5-Opus, DeepSeek-V3.1, Gemini-2.5-Flash, and



Gemini-3-Pro. Each input includes the question
and database schema, including tables, columns,
and foreign keys. We sample ten outputs per input,
using temperature 1.0 and default nucleus sampling
unless the model API restricts these settings. Ap-
pendix E provides the prompting details.

Execution and aggregation. We execute each
candidate on its corresponding SQLite database
and compare its result with the annotated refer-
ence result. Execution errors and result mismatches
count as incorrect. Execution accuracy is the mean
fraction of correct generations per question. Struc-
tural statistics summarize canonical representations
per question and then average across all questions,
recording zero for empty structural subsets. Ap-
pendix A records these conventions. Passing this
execution check establishes agreement on the eval-
uated instance, not equivalence on every possible
database.

Interpretation of sampled results. The tables
summarize the sampled generations rather than re-
peated independent batches of ten outputs. They
do not provide confidence intervals or an estimate
of variation across complete reruns. We therefore
use the cross-model results to document observed
structural behavior and avoid interpreting small dif-
ferences as statistically established rankings. For
the additional 100-question subsets, we also show
counts for the diagnostic indicators so that the size
of their empirical support is explicit.

4.2 Experiment 1: Repeated-Generation
Variance

We first analyze structural variation under an un-
changed question and schema. For each model,
ten generations on each of the 1,034 questions
yield over 10,000 sampled queries. We canoni-
calize these queries and summarize their structural
distributions in Table 1.

GPT-5-mini produces an average of 1.913 dis-
tinct structures per question, with a reported major-
ity ratio of 0.650. Other models also exhibit struc-
tural variation. The measures describe different
aspects of these samples: a distinct count records
how many structures occur, whereas the majority
ratio and normalized entropy characterize how con-
centrated the distribution is. Reference alignment
adds a separate comparison with the annotated SQL
rather than a preference for the majority structure.

The below-one distinct counts for several models
require care. Under the count convention, inputs

Model Distinct Majority↑ Norm. entropy Ref Align

GPT-5-mini 1.913 0.650 0.413 0.197
GPT-4.1-mini 1.620 0.793 0.301 0.253
Claude-4.5-Opus 0.779 0.687 0.049 0.391
Claude-4.5-Sonnet 1.241 0.775 0.195 0.356
DeepSeek-V3.1 1.023 0.735 0.136 0.321
Gemini-3-Pro 0.845 0.595 0.133 0.369
Gemini-2.5-Flash 0.623 0.556 0.044 0.332

Table 1: Structural statistics on the 1,034-question Spi-
der development set with ten generations per question.
Distinct counts canonical structures, Majority measures
concentration, Norm. entropy describes normalized dis-
persion, and Ref Align measures annotated-reference
alignment. Diversity has no universal preferred direc-
tion. All-parse-failure inputs contribute zero to Distinct;
see Appendix A.

with no parsed structure contribute zero. Conse-
quently, a low average distinct count can reflect
missing valid structures as well as concentration
among parsed queries. Neither a low count nor a
zero-filled concentration average independently es-
tablishes stronger stability. We retain the count as
a description of the evaluated samples and interpret
it together with execution outcomes, rather than
rank models by diversity alone.

4.3 Experiment 2: Execution and Structure

Experiment 2 reuses the generations from Experi-
ment 1, executes them, and analyzes the execution-
correct subset. Table 2 reports execution accuracy
and structural statistics. The all-generation distinct
counts appear in Table 1; here, the focus is on cor-
rect outputs. The auxiliary execution column uses
a conditional denominator.

Cond. Exec Acc divides the number of cor-
rect outputs by the number that execute without
error for each question, using zero when none ex-
ecute, and averages across questions. It is not
an execution-success rate or a question-level suc-
cess probability. For example, Claude-4.5-Sonnet
has accuracy 0.757 over all generations and condi-
tional accuracy 0.804. Excluding execution errors
changes the denominator without making incorrect
results correct.

GPT-5-mini reaches execution accuracy 0.741,
while the correct generations contain 1.378 distinct
structures per question on average and have re-
ported AST agreement 0.552. Its Exec-Corr Struct-
Diff proportion is 0.297: these questions have low
or unavailable correct-subset agreement under the
implemented convention. Its High-Acc Low-Struct
proportion is 0.351, showing that frequent execu-
tion correctness can coexist with multiple correct



Model Exec Acc↑ Cond. Exec Acc Distinct (corr) AST Sim (corr)↑ High-Acc Low-Struct Exec-Corr Struct-Diff

GPT-5-mini 0.741 0.741 1.378 0.552 0.351 0.297
GPT-4.1-mini 0.754 0.757 1.129 0.656 0.250 0.163
Claude-4.5-Sonnet 0.757 0.804 0.714 0.624 0.054 0.201
Claude-4.5-Opus 0.816 0.816 0.650 0.600 0.038 0.224
DeepSeek-V3.1 0.771 0.771 0.774 0.612 0.101 0.191
Gemini-2.5-Flash 0.638 0.743 0.509 0.484 0.016 0.191
Gemini-3-Pro 0.842 0.843 0.721 0.537 0.139 0.337

Table 2: Execution and structure on Spider. Exec Acc is accuracy over all outputs; Cond. Exec Acc conditions
on error-free execution; Distinct (corr) and AST Sim (corr) summarize execution-correct structures. AST Sim
(corr) averages majority concentration with zeros for empty subsets. High-Acc Low-Struct requires accuracy ≥ 0.8
and multiple correct structures; Exec-Corr Struct-Diff requires at least two correct outputs and agreement < 0.7,
including missing agreement recorded as zero. These cutoffs are heuristic. All-generation distinct counts appear in
Table 1.

structures.
These quantities are compatible because they

select different patterns. A question with eight cor-
rect outputs split seven-to-one across two structures
passes High-Acc Low-Struct but not Exec-Corr
Struct-Diff. Conversely, a question with only two
correct outputs, each of a different structure, passes
Exec-Corr Struct-Diff but not the high-accuracy
criterion. The proportions should therefore not be
added together or interpreted as a partition of fail-
ures.

The same qualitative distinction between execu-
tion and structure appears across model families.
The reported Exec-Corr Struct-Diff proportions
range from 0.163 to 0.337, including the structural-
coverage effect described above. Together with the
distinct counts and High-Acc Low-Struct indicator,
these results document multiple structures among
execution-correct outputs. The low-agreement indi-
cator alone also reflects missing parsed structures.
It does not establish that all these disagreements
are semantic errors, that every model has the same
kind of variation, or that the proportions measure
downstream deployment failures.

Scope validation beyond Spider. We apply the
same analysis to three additional 100-example sub-
sets, generating ten SQL queries per question with
GPT-5-mini, Claude-4.5-Sonnet, and DeepSeek-
V3.1. Table 3 shows the results and the diagnostic
counts alongside the proportions. The selected
models provide a cross-family check of the phe-
nomenon, rather than the complete seven-model
comparison used on Spider.

The reported low-agreement diagnostic is
nonzero on all three subsets. Exec-Corr Struct-Diff
ranges from 6 to 17 questions on BIRD Mini-Dev,
from 1 to 22 on Spider-Syn, and from 3 to 11 on
Dr.Spider. The one-question result on Spider-Syn is

particularly small and should be read as limited ob-
served evidence. High-Acc Low-Struct also occurs
in several settings, including 15 of 100 questions
for GPT-5-mini on Spider-Syn.

The explicit multiple-structure counts broaden
the setting in which disagreement has been ob-
served, but their size limits what can be inferred
about prevalence. Each question changes a reported
proportion by 0.01. Dataset shift, perturbation de-
sign, and the available correct subset also affect the
interpretation. We do not infer stable model rank-
ings, precise population rates, or full benchmark
generalization from these subsets.

4.4 Experiment 3: A Full-Pipeline Case Study

We compare Direct SQL, DIN-SQL, and compile-
style generation on the Spider development set,
with ten outputs per question using GPT-5-mini
and the same decoding configuration. Direct SQL
provides the direct-generation reference. DIN-SQL
supplies a decomposed-prompting baseline (Pour-
reza and Rafiei, 2023). The compile-style setting
emits structured JSON and uses deterministic com-
pilation to obtain SQL.

Table 4 reports execution accuracy 0.785 for the
compile-style pipeline, compared with 0.742 for Di-
rect SQL and 0.736 for DIN-SQL. Structural agree-
ment among execution-correct outputs rises from
0.552 to 0.632 relative to Direct SQL. These are
end-to-end improvements in the evaluated setting,
with no component-level attribution or statistical
significance claim.

Compile-style generation also has a larger all-
generation distinct count, 2.527 compared with
1.908 for Direct SQL. The two trends need not
conflict: diversity across all generations and con-
centration within the correct subset refer to differ-
ent distributions. Higher correct-subset agreement



Subset Model Exec Acc AST Sim (corr) Exec-Corr Struct-Diff High-Acc Low-Struct

BIRD Mini-Dev GPT-5-mini 0.145 0.091 0.090 (9/100) 0.110 (11/100)
Claude-4.5-Sonnet 0.214 0.210 0.060 (6/100) 0.040 (4/100)
DeepSeek-V3.1 0.246 0.212 0.170 (17/100) 0.090 (9/100)

Spider-Syn GPT-5-mini 0.229 0.186 0.070 (7/100) 0.150 (15/100)
Claude-4.5-Sonnet 0.332 0.410 0.010 (1/100) 0.000 (0/100)
DeepSeek-V3.1 0.355 0.300 0.220 (22/100) 0.100 (10/100)

Dr.Spider GPT-5-mini 0.122 0.121 0.030 (3/100) 0.070 (7/100)
Claude-4.5-Sonnet 0.244 0.276 0.030 (3/100) 0.010 (1/100)
DeepSeek-V3.1 0.266 0.287 0.110 (11/100) 0.060 (6/100)

Table 3: Scope validation on 100 questions per subset and ten generations per question. Parentheses give counts, not
confidence intervals. The indicators follow the heuristic definitions in Section 3.3. These subsets document observed
disagreement rather than full-benchmark performance or model rankings. Appendix B retains the additional
structural statistics.

Measure Direct SQL DIN-SQL Compile-style

Execution Accuracy 0.742 0.736 0.785
AST Similarity (correct) 0.552 0.579 0.632
Distinct Structures (all) 1.908 1.553 2.527

JSON Valid Rate – – 0.998
Compilable Rate – – 0.971
SQL Parse Rate – – 0.902
End-to-End Success – – 0.959

Table 4: Full-pipeline comparison on Spider using
GPT-5-mini. Structural agreement concerns execution-
correct outputs; diversity concerns all generations. Inter-
mediate validity statistics describe the reported pipeline
stages. The comparison does not attribute gains sepa-
rately to the JSON representation, compilation, or model
reasoning.

can coexist with a broader collection of structures
overall. Neither quantity alone shows that every
generated query is simpler, more efficient, or more
robust to database changes.

The validity statistics report different stages of
the structured pipeline and should not be substi-
tuted for execution correctness. A JSON object can
be well formed while describing an incorrect query;
a compiled query can execute while returning the
wrong answer. The supplementary examples illus-
trate both corrected queries and failures involving
omitted joins or predicates. The purpose of this ex-
periment is to assess a practical intervention under
a shared setting, not to establish superiority over
current benchmark systems. Broader comparisons
and targeted ablations remain future work.

4.5 Experiment 4: Input Perturbations
We next examine sensitivity to semantically invari-
ant input changes. The experiment uses 200 Spider
development questions, with question paraphrases
and schema-presentation variants. Candidate para-
phrases were generated with an LLM prompt and

Model AST Sim (para)↑ Distinct Sensitivity↓ Sensitive Frac↓

GPT-5-mini 0.328 13.220 0.622 0.900
GPT-4.1-mini 0.493 6.640 0.462 0.770
DeepSeek-V3.1 0.655 3.330 0.280 0.515
Claude-4.5-Sonnet 0.755 2.190 0.179 0.365
Claude-4.5-Opus 0.755 2.190 0.179 0.365
Gemini-2.5-Flash 0.787 2.870 0.158 0.395
Gemini-3-Pro 0.894 1.530 0.079 0.195

Table 5: Structural robustness of SQL generation under
paraphrase perturbations on the Spider development
set. We measure cross-paraphrase structural consistency
(AST Sim), diversity (Distinct), and sensitivity to input
variations (Sensitivity, Sensitive Frac).

manually checked to preserve requested attributes,
aggregation, filters, comparisons, ordering, lim-
its, and schema meaning. Appendix E.3 gives
the prompt and exclusion criteria. Schema vari-
ants reorder tables or columns while preserving the
database entities and foreign keys.

For each variant, repeated generation produces
a structural distribution and its majority structure.
The analysis then compares these majorities across
variants. This distinguishes within-input sampling
variation from observed differences across input
presentations, although it does not eliminate the
sampling uncertainty in the estimated majorities.

Question paraphrases. Table 5 reports cross-
paraphrase agreement, pooled structural diversity,
perturbation sensitivity, and the fraction of ques-
tions with a changed majority structure. GPT-5-
mini has agreement 0.328 and sensitive fraction
0.900. Gemini-3-Pro has agreement 0.894 and
sensitive fraction 0.195. Thus, even the highest
observed agreement in this table does not imply
invariance on every evaluated question.

The distinct count pools structures across vari-
ants, so it can exceed the ten generations collected
for a single input presentation. This explains why



Model AST Sim (schema)↑ Distinct Sensitivity↓ Sensitive Frac↓

GPT-5-mini 0.490 7.330 0.500 0.640
GPT-4.1-mini 0.727 3.600 0.263 0.360
DeepSeek-V3.1 0.808 1.870 0.170 0.260
Gemini-2.5-Flash 0.895 1.790 0.098 0.145
Claude-4.5-Sonnet 0.955 1.130 0.043 0.065
Claude-4.5-Opus 0.955 1.130 0.043 0.065
Gemini-3-Pro 0.957 1.060 0.043 0.065

Table 6: Structural robustness of SQL generation un-
der schema presentation perturbations on the Spider
development set. We evaluate cross-variant structural
consistency (AST Sim), diversity (Distinct), and sensi-
tivity to schema changes (Sensitivity, Sensitive Frac).

the GPT-5-mini value is 13.220, rather than a vi-
olation of the per-input sampling budget. Sensi-
tivity and sensitive fraction also have different de-
nominators: the former averages changed variants,
whereas the latter records whether a question has
any observed majority change. A question with
one changed variant can therefore contribute to the
sensitive fraction without having high sensitivity.

Schema presentation. We hold the question
fixed and vary only the presentation order of the
schema. Table 6 reports higher cross-variant agree-
ment than the paraphrase table for every evaluated
model. GPT-5-mini has agreement 0.490 and sensi-
tive fraction 0.640, while Gemini-3-Pro has agree-
ment 0.957 and sensitive fraction 0.065. These
comparisons describe the evaluated perturbation
sets rather than a universal ordering of perturbation
difficulty.

Both perturbation types can coincide with
changes in the dominant generated structure. The
observation supports analyzing the mapping from
a fixed intended question to its generated program
under different presentations. A changed majority
is a structural sensitivity signal, not a direct mea-
surement of internal reasoning or proof that the
resulting query is harmful. The available exper-
iments do not quantify how often these changes
alter answers on new database instances.

5 Discussion

5.1 When Structural Differences Matter
The distinction between structure and semantics is
central to interpreting SQLSTRUCTEVAL. Canoni-
calization removes selected superficial differences,
but it does not prove that the remaining differences
are consequential. Alternative formulations may
be interchangeable for a particular application. Ac-
cordingly, distinct counts and entropy have no uni-
versal preferred direction, and a high majority ratio
does not imply that the majority query is correct.

The minimum-horsepower example in Ap-
pendix F illustrates an instance-dependent distinc-
tion. The reference uses ORDER BY Horsepower
ASC LIMIT 1; the generated query instead com-
pares horsepower with a MIN subquery and selects
distinct model names. The example reports match-
ing results on the evaluated database. If multiple
distinct car models later share the non-null mini-
mum horsepower, the ordered query returns one
row while the predicate-based query can return
multiple model names. This is a consequence of
the displayed query semantics, not an additional
experiment or an observed failure rate.

Conversely, the appendix compares COUNT(*)
with COUNT(Singer_ID). When the identifier is
non-null for every row in the relevant group, both
expressions count the same rows. Their structural
difference can therefore be benign under that con-
straint. These examples motivate inspection of both
query semantics and database assumptions before
assigning a reliability interpretation to a structural
disagreement.

5.2 Using the Measures Together

A practical reading starts with execution correct-
ness, then examines the structures represented
among correct outputs, and finally considers
whether the dominant structure changes under input
perturbations. This order avoids treating a consis-
tent wrong answer as reliable or treating every valid
alternative as a defect. The reference-alignment
measure supplies additional context, but should
not become a requirement that all accepted outputs
reproduce the annotation.

The framework can identify candidates for fur-
ther auditing: for example, one can inspect a ques-
tion with frequent correct outputs but several dis-
tinct structures, or compare the dominant queries
before and after a paraphrase. Whether these can-
didates differ in query cost, maintainability, policy
compliance, or behavior after database changes re-
quires the corresponding downstream checks. AST
agreement is not a substitute for those measure-
ments.

The compile-style results likewise favor joint
reporting: higher agreement among correct out-
puts coexists with greater overall diversity. This
describes the evaluated pipeline without attributing
the improvement to intrinsic reasoning stability or
predicting other downstream properties.



5.3 Coverage and Sampling in Structural
Evaluation

A structural summary depends on which gener-
ations have usable representations. Parsing and
execution are distinct operations: a query may exe-
cute in SQLite while failing the structural analysis
pipeline, and a parsed query may fail execution
or return an incorrect answer. The zero conven-
tion in our aggregation makes these distinctions
important. In particular, an average AST Sim (corr)
below one combines questions whose correct out-
puts disagree with questions for which the correct
structural subset is empty. It should not be inter-
preted as agreement conditioned on every question
having at least one parsed correct output.

This issue is especially relevant to the additional
dataset subsets, whose parse rates are reported in
Appendix B. The same numerical concentration
can arise from different combinations of coverage
and within-question agreement. A conditional anal-
ysis restricted to nonempty correct subsets would
answer a different question and require a separately
reported aggregation. That alternative quantity
should not be conflated with the reported average.
Counts that explicitly require more than one parsed
correct structure provide a more direct indication
of observed diversity.

Finite sampling imposes another boundary. Ten
generations provide an empirical view of the
model’s output distribution, not an exhaustive ac-
count of all structures it can generate. A structure
absent from a sample is not necessarily impossible,
and a dominant structure can change between inde-
pendent samples. Likewise, the majority selected
for a paraphrase is itself estimated from sampled
outputs. The perturbation results establish observed
structural changes under the specified protocol, but
do not isolate all variation due to input changes
from the uncertainty of estimating a majority.

For these reasons, the measures are most infor-
mative as a profile tied to a dataset, sampling bud-
get, representation, and aggregation convention.
Comparing such profiles requires matching those
conditions. Reporting the observed counts along-
side the scope-validation proportions makes one
aspect of this dependence visible; independent re-
peats and explicit coverage-conditioned estimates
remain useful extensions. None of these qualifica-
tions changes the distinction between an execution
match and the structure of the query that produced
it.

The relationship with semantic evaluation is
complementary. Test-suite evaluation compares
queries across database instances (Zhong et al.,
2020); structural analysis compares query construc-
tions. A structural disagreement can suggest a se-
mantic test, such as introducing tied minima in the
example above, without establishing its frequency
or severity. Equal canonical structures likewise do
not guarantee a correct interpretation of the ques-
tion.

Useful diversity remains possible: a downstream
selector may benefit from several valid formula-
tions. Reducing distinct structures is then not nec-
essarily the objective. A consistency measure de-
scribes concentration, while an application-specific
assessment determines which alternatives satisfy
its requirements. The distinction separates an ob-
servation about generation from a decision about
deployment.

6 Conclusion and Future Work

We introduced SQLSTRUCTEVAL to character-
ize the structural behavior of LLM-generated SQL
alongside execution accuracy. Across repeated gen-
erations on Spider, we observed structural disagree-
ment within execution-correct outputs; additional
subset evaluations showed that this observation was
not confined to the original Spider development
set. Perturbation experiments further documented
changes in dominant structures under question para-
phrases and schema presentation changes.

Our compile-style case study improved execu-
tion accuracy and structural agreement among
correct outputs in the evaluated setting. These
results concerned the complete generation-and-
compilation pipeline and did not isolate improved
model reasoning. More broadly, our analysis
showed why structural diversity, concentration, ref-
erence alignment, and execution correctness need
separate interpretations. The framework exposes
behavior for inspection without treating every struc-
tural difference as an error.

Future work should connect these diagnostics
with measured outcomes under changed databases
and execution environments, estimate uncertainty
through independent sampling batches, and isolate
the effects of prompting, structured representations,
and compilation. Broader datasets and generation
methods will also help establish where the observed
patterns persist and when structural diagnostics are
useful for deployment decisions.



Limitations

Our full-scale experiments use Spider, a controlled
Text-to-SQL benchmark. The additional BIRD
Mini-Dev, Spider-Syn, and Dr.Spider results use
100-example subsets and three models. They vali-
date the presence of observed structural disagree-
ment in additional settings, but do not establish
precise population rates or comprehensive cross-
benchmark generalization. Public benchmark expo-
sure during model pretraining may also influence
both execution and structural behavior; the present
study does not isolate that effect.

The experiments report one sampled collection
per input, rather than repeated independent collec-
tions with confidence intervals. Small differences
between models should not be interpreted as statis-
tically established rankings. The diagnostic thresh-
olds are heuristic, and no threshold-sensitivity anal-
ysis is reported. Manual paraphrase checking is
described through its acceptance criteria; we do not
report an agreement statistic or a checker count for
that procedure.

Canonical representations capture selected syn-
tactic distinctions and retain query arguments.
They do not establish full semantic equivalence or
predict execution cost, query-plan stability, main-
tainability, or failures after database changes. Parse
failures affect structural coverage, zero-filled aver-
ages, and the low-agreement diagnostic; that diag-
nostic is not a pure count of structurally different
correct queries. Matching one annotated execution
result can also overlook semantic errors that would
appear on another database instance. The refer-
ence query serves as a diagnostic comparison, not
a unique correct structure.

Finally, the compile-style case study jointly
changes the output representation and introduces
deterministic compilation. It does not separate their
contributions from prompting or model reasoning,
and its comparison is limited to Spider and the
included baselines. Targeted ablations and down-
stream validation remain necessary before making
stronger causal or deployment claims.

Ethical Considerations

We study publicly available Text-to-SQL bench-
marks in an offline setting. The work does
not deploy generated queries against operational
databases or involve interaction with research par-
ticipants. Incorrect queries can nevertheless cause
misleading decisions if used in practice. Structural

diagnostics should accompany appropriate execu-
tion and semantic checks rather than serve as a
guarantee of correctness or safety.

Data and artifact use. We use Spider, BIRD
Mini-Dev, Spider-Syn, and Dr.Spider for research
evaluation under their respective access and licens-
ing terms. Derived question variants and gener-
ated queries remain associated with those source
resources. The code link provides the evaluation
implementation; use and redistribution of datasets
and model outputs must respect the original re-
source and provider terms. Hosted model updates
can affect reproducibility even when the prompt
remains fixed.

AI assistance. AI assistants supported language
polishing and camera-ready editorial checks. No
new model-generation experiments were added dur-
ing this revision.
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A Structural Measure Details

Parse-failure conventions. Our evaluation im-
plementation assigns zero to counts, majority ratios,
and entropies when the selected structural subset
is empty. Dataset summaries average these values
over all questions. This differs from conditioning
an average on nonempty subsets. The denominator
therefore includes questions with no usable struc-
ture. An average below one can consequently re-
flect structural coverage as well as concentration
among available structures.

Table-column mapping. Distinct and Distinct
(all) count canonical structures over all parsed
generations; Distinct (corr) restricts this count to
parsed execution-correct generations. Majority de-
notes the majority-structure ratio, Norm. entropy
in Table 1 denotes entropy divided by log2K when
K > 1, with zero otherwise; Entropy (corr) in
Table 7 is unnormalized entropy, and Ref Align
denotes annotated-reference alignment. AST Sim
(corr) denotes majority concentration within the
correct subset; AST Sim (para) and AST Sim
(schema) denote agreement across input variants’
majority structures. Sensitivity is the fraction of
changed variants relative to the original input; Sen-
sitive Frac is the fraction of questions with a major-
ity change.

Thresholded diagnostics. Exec-Corr Struct-Diff
uses at least two execution-correct outputs and ma-
jority concentration below 0.7, recording missing
correct-subset agreement as zero. It can therefore
include cases without a parsed correct structure and
must be interpreted together with structural cover-
age. High-Acc Low-Struct uses sample execution
accuracy at least 0.8 and multiple execution-correct
structures. The two indicators can overlap, but
neither is a substitute for execution accuracy or a
count of proven semantic failures. The thresholds
are heuristic and no sensitivity sweep is reported.

B Additional Scope-Validation Statistics

Table 7 provides further statistics for the 100-
question subset evaluations. The main-text scope
table shows execution accuracy and diagnostic
counts. Majority (corr) and AST Sim (corr) denote
the same concentration measure and are displayed
once here.

C Additional Error Analysis

To better understand the behavioral differences be-
tween traditional direct SQL generation and the
proposed compile-style generation paradigm, we
conduct an additional qualitative error analysis on
representative examples from the Spider develop-
ment set.

C.1 Error Taxonomy

Based on manual inspection of generated SQL
queries, we categorize errors into six major types:

• A. Schema Linking Errors. Incorrect or
missing references to tables, columns, or
foreign-key relationships between tables.

• B. Logical Form Errors. Errors in high-level
query logic such as aggregation, grouping,
nested queries, or set operations.

• C. Join Path Errors. Incorrect or incomplete
join paths between tables, including missing
joins or incorrect join conditions.

• D. Predicate / Constraint Errors. Incorrect
or missing filtering conditions in WHERE or
HAVING clauses, such as incorrect comparison
operators or incorrect attribute references.

• E. Structural Variance but Executable.
Queries that produce correct execution results
but differ substantially in structure from the
gold query or other correct solutions.

• F. Intermediate Representation / Compila-
tion Errors Errors introduced by the struc-
tured intermediate representation or the com-
pilation process in the compile-style genera-
tion pipeline.

C.2 Error Distribution

Table 8 shows the distribution of error types ob-
served in baseline and compile-style generation.
Each ratio represents the fraction of inspected ex-
amples assigned to the corresponding primary cat-
egory. We inspected 100 examples for each set-
ting, sampled from cases with execution errors or
structural disagreement. One author annotated the
examples and a second author checked the labels.
We assigned mutually exclusive primary categories,
choosing the earliest issue that determined failure
or structural divergence when multiple issues oc-
curred.



Subset Model Parse Rate Distinct (all) Distinct (corr) Majority (corr) Entropy (corr)

BIRD Mini-Dev GPT-5-mini 0.657 3.380 0.560 0.091 0.200
Claude-4.5-Sonnet 0.496 1.060 0.290 0.210 0.041
DeepSeek-V3.1 0.399 1.600 0.500 0.212 0.152

Spider-Syn GPT-5-mini 0.713 2.630 0.540 0.186 0.177
Claude-4.5-Sonnet 0.686 1.200 0.410 0.410 0.000
DeepSeek-V3.1 0.453 1.260 0.530 0.300 0.126

Dr.Spider GPT-5-mini 0.668 2.610 0.300 0.121 0.092
Claude-4.5-Sonnet 0.720 1.460 0.290 0.276 0.010
DeepSeek-V3.1 0.470 1.490 0.420 0.287 0.072

Table 7: Additional scope-validation statistics. Each row summarizes 100 questions with ten sampled generations
per question; these are descriptive subset results.

Error Type Baseline Compile-style ∆

A. Schema linking 0.20 0.13 -0.07
B. Logical form 0.18 0.15 -0.03
C. Join path 0.14 0.09 -0.05
D. Predicate / constraint 0.16 0.10 -0.06
E. Structural variance (exec OK) 0.28 0.40 +0.12
F. Intermediate representation / compile failure 0.04 0.13 +0.09

Table 8: Error type statistics for baseline and compile-
style generation on the Spider development set. Each
value represents the fraction of the 100 inspected ex-
amples assigned to the corresponding primary category.
This selected sample is not an estimate of error preva-
lence over the full benchmark. Baseline refers to direct
SQL generation, while Compile-style refers to gen-
eration using structured intermediate representations
followed by deterministic compilation into SQL. ∆ de-
notes the difference between the two settings (compile-
style minus baseline). Positive values indicate a larger
proportion within the selected compile-style sample.

As shown in Table 8, the selected compile-style
sample has smaller proportions of several semantic-
error categories, including schema linking, logical
form mistakes, incorrect join paths, and predicate
errors. However, two categories increase: struc-
turally diverse but executable queries (Type E) and
intermediate representation or compilation-related
failures (Type F). This pattern is consistent with the
quantitative observations reported in Experiment 3.

C.3 Representative Case Studies
We further illustrate typical failure modes using
representative examples from the Spider develop-
ment set.

Case Group A: Baseline Execution Failures.
The inspected examples include schema-linking
and join-path errors in direct generation. An ex-
plicit intermediate representation can express the
required table relations, although it does not guar-
antee that the model will select them correctly.

For example, for the question:

“Which model of the car has the mini-

mum horsepower?”

the gold query joins CAR_NAMES and CARS_DATA
to retrieve the corresponding model. An inspected
baseline output omits the join; such queries directly
access the CARS_DATA table, resulting in incorrect
results. In contrast, compile-style generation con-
structs the join structure explicitly in the intermedi-
ate representation, producing SQL queries that are
structurally equivalent to the gold query.

Case Group B: Execution-Correct but Struc-
turally Divergent Queries. We also observe
cases where multiple generated queries produce
identical execution results but differ substantially
in their syntactic structure. For example, for the
question:

“Show all countries and the number of
singers in each country.”

the inspected baseline outputs include struc-
turally distinct SQL queries, including vari-
ants with redundant subqueries or unnecessary
DISTINCT operators. Although these queries pro-
duce identical results, they correspond to different
AST structures and therefore increase structural
entropy. The compile-style example uses a simple
GROUP BY aggregation.

Case Group C: Paraphrase Sensitivity. Seman-
tically equivalent questions can trigger different
query structures in baseline generation. For exam-
ple, the two questions

“Show all countries and the number of
singers in each country”
“How many singers are from each coun-
try?”

share the same semantic intent and annotated
reference SQL query. However, the inspected base-
line generations use different structural patterns for



the two inputs, including variations involving sub-
queries or derived tables. This example illustrates
why agreement across paraphrases is evaluated sep-
arately from agreement across repeated generations
of one input.

Case Group D: Compile-style Failure Cases.
Despite the overall improvements, compile-style
generation introduces new failure modes related
to the intermediate representation and compilation
process. For instance, when answering the question

“How many car models are produced in
the USA?”

the correct query requires joining MODEL_LIST,
CAR_MAKERS, and COUNTRIES. In some compile-
style generations, the intermediate representa-
tion omits the final join to COUNTRIES and in-
stead applies the filtering condition directly to the
CAR_MAKERS table. This leads to execution errors
despite the structured generation pipeline.

These cases illustrate both successful query con-
struction and failures of the intermediate represen-
tation. They motivate further inspection of repre-
sentation design and compilation, but do not isolate
a change in semantic reasoning or estimate error
prevalence.

D Implementation Details

This section describes the implementation details
of SQLSTRUCTEVAL, including SQL parsing and
canonicalization, canonical AST representation, ex-
ecution evaluation, and generation settings.

D.1 SQL Parsing and Canonicalization
We parse all generated SQL queries using the
sqlglot parser, which provides robust SQL pars-
ing and AST construction across multiple SQL di-
alects. In our experiments we use the SQLite di-
alect to ensure compatibility with the Spider bench-
mark databases.

To remove surface-level differences that are irrel-
evant to program structure, we apply both text-level
normalization and AST-level canonicalization.

Text-level normalization. After rendering the
parsed AST back into SQL text, we perform
lightweight normalization including: (1) removing
trailing semicolons and leading/trailing whitespace,
(2) replacing line breaks with spaces and collapsing
redundant whitespace, (3) removing simple column
aliases (e.g., SELECT col AS x), and (4) converting
the SQL string to lowercase.

AST-level canonicalization. To ensure that struc-
turally equivalent queries share the same represen-
tation, we further canonicalize the AST structure:

• Alias normalization. Table aliases are re-
named according to their first appearance or-
der (e.g., t1, t2, ...). All column refer-
ences are updated accordingly so that struc-
turally identical joins remain equivalent under
different alias choices.

• Logical operator normalization. Nested AND
predicates are flattened into condition lists,
sorted by their SQL string representation, and
reconstructed into canonical AST nodes. This
ensures that logically equivalent expressions
such as A AND B and B AND A share the same
canonical form.

These normalization steps are shared across all
experiments (Exp1–Exp4) and applied to both base-
line and compile-style generated queries.

D.2 Canonical AST Representation
For each SQL query we obtain a canonical repre-
sentation through the following pipeline:

1. Parse the SQL query into an AST using
sqlglot;

2. Apply AST-level canonicalization (alias nor-
malization and logical operator normaliza-
tion);

3. Render the canonical AST back into SQL;

4. Apply text-level normalization.

The resulting canonical SQL string serves as the
canonical comparison representation and is used as
the basis for all structural measures in our analysis.

For each question with k generated SQL queries,
we compute the frequency distribution over canoni-
cal structures. Structural statistics are then derived
from this distribution:

• Distinct structures: the number of unique
canonical SQL representations.

• Majority structure ratio: the relative fre-
quency of the most common structure among
the k generations.

• Structural entropy: the Shannon entropy of
the structure distribution, measuring structural
diversity.



To compare generated structures with annotated
reference queries, the annotated reference SQL is
canonicalized using the same pipeline, and struc-
tural matches are determined by canonical repre-
sentation equality.

D.3 Execution Environment

The main experiments use the Spider SQLite
database files; the additional scope checks use the
corresponding benchmark databases. We compare
query execution results against the annotated refer-
ence result on the same database instance.

For each generated SQL query, we execute the
query against the corresponding SQLite database
and obtain the result set. A generated query is
considered execution-correct if its execution result
exactly matches the result produced by the anno-
tated reference SQL query. Queries that produce
execution errors or mismatched results are consid-
ered incorrect.

D.4 Generation Settings

For each question we generate multiple candidate
SQL queries from each model to analyze structural
variation.

Sampling configuration. We sample k = 10
SQL queries for every (question, schema) pair.
For APIs that cannot return multiple samples in a
single request, we perform multiple independent
calls and aggregate the generated outputs.

Decoding parameters. Unless restricted by the
model API, we use stochastic decoding with tem-
perature = 1.0 and default nucleus sampling pa-
rameters. Beam search or greedy decoding is not
used, as our goal is to analyze structural variation
under realistic sampling conditions.

Compile-style generation. In Experiment 3, the
compile-style setting requires models to generate
a structured intermediate representation instead of
directly producing SQL text. The structured repre-
sentation is expressed as JSON and contains fields
such as select, from, joins, where, group_by,
having, order_by, and limit. A deterministic
compiler converts the JSON representation into
executable SQL. The compiled SQL is then evalu-
ated using the same canonicalization and execution
evaluation pipeline as the baseline generation.

E Prompt and Generation Settings

This section provides the prompt templates used in
our experiments.

E.1 Prompt for Direct SQL Generation

In the baseline setting, models are prompted to
directly generate a SQL query given a natural lan-
guage question and the corresponding database
schema.

You are an expert SQL generator.
Use SQLite dialect.
Only output ONE SQL query, no explanation.

Database ID: <db_id>

Database schema (JSON):
<schema_json>

Question:
<natural_language_question>

SQL:

E.2 Prompt for Compile-style JSON
Generation

In the compile-style setting, the model is instructed
to generate a structured JSON representation of the
SQL query rather than directly producing SQL text.
The prompt used for this setting is shown below.



You are an expert Text-to-SQL system for the
Spider benchmark.

Your task is to write a structured JSON
representation of a SQL query

for the given question and database schema.

Requirements:

- Use ONLY tables and columns that exist in the
provided schema.

- Assume the database uses the SQLite dialect.
- You MUST output a single JSON object, and

nothing else (no explanations).
- The JSON must describe the logical structure

of the SQL query with the following fields:
- type: "query"
- query: {

select: [ ... ],
from: { ... },
joins: [ ... ],
where: [ ... ],
group_by: [ ... ],
having: [ ... ],
order_by: [ ... ],
limit: ...,
distinct: ...

}
- Do NOT include any natural language text in

the JSON.

Database ID: {db_id}

Database schema (JSON):
{schema_json}

Question:
{question}

Now output ONLY the JSON object for the query
structure:

E.3 Paraphrase Generation and Checking
Candidate paraphrases were generated using an
LLM prompt and manually checked before use.
The submitted prompt is:
Rewrite the following Text -to-SQL

question into semantically
equivalent paraphrases. Preserve the
requested attributes , aggregation ,

filters , comparison operators ,
ordering , limits , and all schema -
specific meanings.

Do not add or remove constraints. Do not
make the question more ambiguous.

Original question:
<question >

Output <n> paraphrases , one per line.

We excluded paraphrases that changed selected
columns, aggregation targets, predicates, compari-
son relations, ordering, limits, or intended schema
entities. We also excluded variants that added
conditions, omitted necessary constraints, or in-
troduced ambiguity. These criteria describe the

intended semantic-preservation check; no inter-
annotator agreement statistic is reported for this
procedure.

F Additional Structural Examples

To complement the quantitative structural measures
reported in the main experiments, we present sev-
eral representative examples illustrating common
forms of structural variation in LLM-generated
SQL queries.

Example 1: Execution-correct but structurally
different queries Question. Which model of
the car has the minimum horsepower? (db_id =
car_1)

Gold SQL.
SELECT T1.Model
FROM CAR_NAMES AS T1
JOIN CARS_DATA AS T2 ON T1.MakeId = T2.Id
ORDER BY T2.Horsepower ASC
LIMIT 1;

Generated SQL (baseline).
SELECT DISTINCT cn.Model
FROM cars_data cd
JOIN car_names cn ON cd.Id = cn.MakeId
WHERE cd.Horsepower = (

SELECT MIN(Horsepower) FROM cars_data
);

Although both queries return identical execution
results, their canonical AST structures differ sub-
stantially, as illustrated in Figure 2. The gold query
computes the minimum value using an ORDER BY +
LIMIT structure, while the generated query uses an
aggregate subquery with MIN(Horsepower) and
an equality predicate. This introduces a nested
subquery node in the AST, resulting in a different
structural representation.

Example 2: Structural sensitivity to para-
phrase Consider the following pair of para-
phrased questions from the Spider dataset (db_id
= concert_singer):

Question A. Show all countries and the number
of singers in each country.

Question B. How many singers are from each
country?

Both questions correspond to the same annotated
reference SQL query:
SELECT country, COUNT(*)
FROM singer
GROUP BY country;

However, the baseline model produces slightly
different structural variants:



SELECT

FROM

JOIN

CAR NAMES CARS DATA

ORDER BY

Horsepower

LIMIT 1

(a) AST of annotated reference SQL query

SELECT

FROM

JOIN

cars data car names

WHERE

=

Horsepower
Subquery

MIN(Horsepower)

(b) AST of generated SQL query

Figure 2: AST structures of two execution-equivalent SQL queries in Example 1 of Appendix F.

-- Variant A
SELECT Country, COUNT(Singer_ID)
FROM singer
GROUP BY Country;

-- Variant B
SELECT Country, COUNT(*)
FROM singer
GROUP BY Country;

Although both queries are execution-equivalent,
their AST structures differ because the ag-
gregation argument differs (COUNT(*) vs.
COUNT(Singer_ID)). Across multiple generations,
additional variations such as derived tables or
DISTINCT operators may also appear. This
example illustrates how small linguistic changes in
the question can lead to different structural query
plans.

Example 3: Compile-style correcting structural
errors Question. What are the names and ids of
all countries with at least one car maker? (db_id
= car_1)

Gold SQL.
SELECT T1.CountryName, T1.CountryId
FROM COUNTRIES AS T1
JOIN CAR_MAKERS AS T2 ON T1.CountryId = T2.

Country
GROUP BY T1.CountryId
HAVING COUNT(*) >= 1;

Baseline SQL (typical failure).
SELECT CountryName, CountryId
FROM COUNTRIES
JOIN CAR_MAKERS
ON COUNTRIES.CountryId = CAR_MAKERS.Country;

The illustrated baseline output omits the GROUP
BY and HAVING clauses, producing incorrect query
results.

Compile-style SQL.

SELECT COUNTRIES.CountryName, COUNTRIES.
CountryId

FROM COUNTRIES
JOIN CAR_MAKERS
ON COUNTRIES.CountryId = CAR_MAKERS.Country
GROUP BY COUNTRIES.CountryId
HAVING COUNT(*) >= 1;

In the compile-style generation setting, the struc-
tured intermediate representation explicitly mod-
els aggregation components such as group_by and
having. As a result, the compiled SQL consis-
tently contains the correct aggregation structure
and closely matches the gold AST.

G Example of the Compile-style
Generation Pipeline

To illustrate the compile-style generation process
used in Experiment 3, we present a concrete exam-
ple showing the full pipeline from natural language
to structured intermediate representation, internal
AST, and final SQL query.

G.1 Input Natural Language Query

Question.

Show the name and capacity of the sta-
dium with the largest average attendance.

Database schema (simplified).



{
"tables": [

{"table_name": "stadium",
"columns": ["Stadium_ID", "Name", "
Location", "Capacity", "Average"]},
{"table_name": "concert",
"columns": ["concert_ID", "Stadium_ID", "
Year"]}

],
"foreign_keys": [

{"source_table": "concert", "source_column":
"Stadium_ID",
"target_table": "stadium", "target_column":
"Stadium_ID"}

]
}

G.2 LLM Output: Structured JSON
Intermediate Representation

In compile-style generation, the model does not
directly produce SQL text. Instead, it generates a
structured JSON representation that encodes the
program structure.

{
"type": "query",
"query": {

"select": [
{"expr": {"col": ["stadium", "Name"]}, "

alias": null},
{"expr": {"col": ["stadium", "Capacity"]},
"alias": null}

],
"from": {"table": "stadium", "alias": null},

"joins": [],
"where": [],
"group_by": [],
"having": [],
"order_by": [

{"expr": {"col": ["stadium", "Average"]},
"direction": "desc"}

],
"limit": 1,
"distinct": false

}
}

This JSON structure explicitly represents the
logical components of the query, including select,
from, order_by, and limit.

G.3 Intermediate AST Representation

The compiler then converts the JSON structure into
an internal AST:

Select(
columns = [
Column(table="stadium", name="Name"),
Column(table="stadium", name="Capacity")

],
from = Table(name="stadium"),
joins = [],
where = [],
group_by = [],
having = [],
order_by = [
OrderBy(

expr = Column(table="stadium", name="
Average"),
direction = DESC

)
],
limit = 1

)

This AST provides a canonical structural repre-
sentation of the query, which can be analyzed and
compared across different generations.

G.4 Compiled SQL Query
Finally, the AST is deterministically compiled into
an executable SQL query:
SELECT stadium.Name, stadium.Capacity
FROM stadium
ORDER BY stadium.Average DESC
LIMIT 1;

This compiled SQL query is then used for ex-
ecution evaluation and structural analysis in our
experiments.
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