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ABSTRACT

Large Language Models (LLMs) have achieved impressive perfor-
mance in translating natural language queries into executable SQL.
However, these systems remain prone to deceptive failures: gen-
erating syntactically valid SQL that executes but fails to capture
the user’s intent. In this work, we argue that further progress can
be made by focusing specifically on verification. In this paper, we
formalize Text-to-SQL verification as a standalone task: assessing
whether a candidate SQL query semantically satisfies a natural lan-
guage request, without access to ground-truth labels. We propose
and compare two modular verification strategies: Round-Trip Cri-
tique, which reverse-translates SQL into natural language to detect
semantic drift, and Synthetic Execution Consistency, which uses unit-
test-like synthetic inputs to ground verification in execution results.
Our evaluation shows that these methods provide a robust signal
for identifying incorrect queries, successfully flagging 64% of errors
from a state-of-the-art generator and outperforming standard error
detectors. We demonstrate two critical applications: (1) auditing
foundational benchmarks (Spider, BIRD and KaggleDBQA), reveal-
ing that over two-thirds of “generator failures” actually stem from
flawed benchmark labels, and (2) enabling Selective Generation,
where a system uses verification signals to abstain from answer-
ing when confidence is low. Our results show that this paradigm
significantly improves the quality of deployed data interfaces by
transforming silent failures into explicit abstentions that alert the
user to the failure and give them a chance to correct it.
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1 INTRODUCTION

Researchers have made substantial progress in leveraging Large
Language Models (LLMs) to translate natural language queries
(NLQs) into executable SQL. This Text-to-SQL capability is foun-
dational to providing intuitive, code-free access to structured data,
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Figure 1: Text-to-SQL maps natural language question to SQL;
our focus is the verifier that accepts or rejects queries.

making it an increasingly vital component of business intelligence,
knowledge exploration, and automated data analysis, especially for
users who do not know SQL [5, 12, 13, 23].

In this work, we show how NL to SQL generation can be enriched
by a study of NL to SQL verification. While generation takes an
NLQ and asks for a matching SQL, verification takes both an NLQ
and candidate SQL translation and determines whether they match
(see Figure 1). Generators are implicitly “verifying” their generated
SQL in the sense that they want it to be correct, but pulling out that
verification step as a separate “module” lets us develop new tech-
niques that can be used to improve those generators. Crucially, this
modular verifier utilizes a separate, “fresh” LLM instance entirely
isolated from the generator. By stripping away the original gener-
ation context, the verifier acts as an independent judge, breaking
the confirmation bias that often causes a single model to overlook
its own reasoning flaws. A verifier can also be used to detect and
remove errors in the benchmarks used to assess generators and in
the synthetic data used to train them.

In this paper, we formalize LLM-based Text-to-SQL verification
and propose techniques to address it. Moving beyond the standard
“critique” model [2, 5, 16, 27, 28, 36]—which prompts the LLM to
verify and correct its own generated SQL—we introduce two verifi-
cation strategies. First, adapted from round-trip correctness in code
generation [1], we propose round-trip critique, which translates the
candidate SQL back to natural language and asks an LLM to assess
whether the resulting NLQ preserves the original intent. Second,
we introduce synthetic execution, which adapts offline test-database
generation and semantic evaluation principles [11, 31, 42] into an
online, inference-time verification mechanism. Like unit-testing,
this approach dynamically synthesizes a small schema-consistent
database and compares NLQ and SQL results on it to assess whether
the generated SQL executes and yields the correct answer.

As a first application, we show that our verification algorithms
detect numerous errors in the ground truth “gold” SQL provided
in popular Text-to-SQL benchmarks such as BIRD [18], Spider [40]
and KaggleDBQA [15].

As a second application, we demonstrate that we can use a ver-
ifier to improve generators, by directly verifying the generated
output. This direct verification, however, immediately raises a ques-
tion: if the verifier rejects the generated SQL, what should the
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generator return to the user? This question reveals a limitation in
the currently dominant design and assessment of generators: the
assumption that generators must always return an answer. This
assumption ignores the potentially significant cost of returning
an incorrect answer, which may lead a user to incorrect decisions.
Weighing this cost is particularly important in NL to SQL systems,
because failures are deceptive: the data returned by an incorrect
query is often plausible enough to appear correct, leading the user
to accept and act on that incorrect information. We can reduce this
cost by making a generator selective, able to abstain from providing
an answer if its confidence is low [16, 35]. This explicit abstention
alerts the user to a failure—whether due to an ambiguous natural
language request that requires reformulation, or simply a limita-
tion in the model’s ability to accurately translate a well-formed
query—preventing them from acting on incorrect data.
This paper makes the following contributions:

e We propose and evaluate two complementary, model-based
verification approaches—Round-Trip Critique and Synthetic
Execution Consistency— to assess whether generated SQL
aligns with the user’s natural language intent, without re-
quiring gold SQL labels or execution against a live database.
We extend existing Text-to-SQL benchmarks (Spider, BIRD,
and KaggleDBQA) by introducing new annotations to sup-
port research on verification methods.

We show that (combinations of) our verification approaches
achieve high accuracy, and that using them as a check im-
proves the reliability of SQL generators.

We show how our verification algorithms can improve the
performance of selective generators that abstain from an-
swering certain requests.

We release our newly constructed verification-benchmark
dataset alongside open-source implementations of all veri-
fication methods, including prompting templates and eval-
uation scripts.

2 RELATED WORK

Our work sits at the intersection of natural language interfaces,
formal verification, and LLM self-evaluation. We enable lightweight
verification of generated SQL using only the schema, without re-
quiring gold queries or production data access.

Software Verification and the Cost of Failure. Traditional
programming relies on compilers and unit tests to mitigate er-
rors [3, 6]. Text-to-SQL systems often lack these guardrails, leaving
them vulnerable to “silent failures”—plausible and syntactically
valid but semantically incorrect queries that can cause catastrophic
outcomes in high-stakes domains [24, 33]. LLM-generated expla-
nations exacerbate this risk by fostering “automated reliance” on
flawed outputs [14, 34]. Just as compilers and testing protect pro-
grammers, SQL verifiers can act as gatekeepers against undetected
misinformation [32].

Evaluation of Text-to-SQL Systems. Benchmarks like Spi-
der [40], BIRD [18], and KaggleDBQA [15] typically rely on Exe-
cution Accuracy (EA). However, EA is a noisy proxy for semantic
correctness that distorts system evaluation in two distinct ways.
First, EA can artificially inflate a system’s reported accuracy: a gen-
erated query may be semantically incorrect but coincidentally yield
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the same result as the reference query on a sparse database [5, 20].
Second, EA can artificially deflate a system’s score when the bench-
mark’s “gold” query itself is wrong [25, 26]. If a gold query fails to
match the natural language intent and produces an incorrect result,
a benchmarked system that generates the genuinely correct query
will be unfairly penalized under EA.

While formally proving semantic correctness is computationally
intractable for many SQL fragments, our Synthetic Execution verifier
is able to use LLM reasoning to demonstrate semantic incorrectness.
Indeed, one of our contributions is demonstrating that hundreds
of the “gold” queries in popular benchmarks are fundamentally
flawed, leading to precisely these types of evaluation distortions.

Verification and Self-Evaluation of LLM Outputs. Verifying
LLM outputs have emerged as a promising direction beyond static
correctness metrics. In code generation, researchers have explored
direct critiques [4, 29, 30] to detect bugs or inconsistencies. Other
directions include Round-Trip Correctness [1], where a model’s
output is reverse-translated and compared with the original input,
and dynamic verification such as test generation [21], while this
offers stronger guarantees, they often require unit tests or formal
specifications that are unavailable in ad-hoc Text-to-SQL tasks.
To address this, recent work in Text-to-SQL evaluation generates
synthetic, rule-compliant databases to rigorously test model accu-
racy and uncover hidden logic errors [11, 31, 42]. Building upon
these foundations, our work formalizes Text-to-SQL verification as
a standalone task that operates at inference time.

Verification in Text-to-SQL Pipelines. Systems use execution-
guided decoding [38], extended context [5], and multi-stage “gener-
ate —execute-refine” loops [7, 27] to improve correctness. State-of-
the-art models incorporate internal selectors and validity checks
to choose among candidates [27, 39], but generally commit to re-
turning a “best choice” even if all are incorrect. Here we argue for
considering the verification problem on its own, yielding improved
algorithms that can be incorporated into any of these generate-and-
verify loops as well as enabled principled selective generation.

Abstention and its Cost/Benefit. Wang et al. Wang et al. [35]
argue that systems should abstain from answering certain natural
language queries, specifically those that are ambiguous or unan-
swerable due to missing data. They propose models to both detect
and generate such queries to improve system reliability. Lee et
al. [16] extends this by introducing TrustSQL, a metric evaluating a
generator’s ability to abstain or respond correctly. While they make
use of a standard critique step to verify query correctness, their
main technical contribution is a specialized modeling for ab-initio
detection of queries that are ambiguous or fundamentally unan-
swerable from the available database schema. In contrast, we focus
on post-hoc improved verification algorithms and show how they
improve the quality of selective generation.

3 VERIFICATION METHODS

We formalize a verifier V as an inference-time function that assesses
the semantic alignment between a natural language query g and a
candidate SQL statement s for a given schema d:

V(g,s,d) — v



Notably, to be useful in real world deployments, verifiers as we
consider them must operate without access to gold-standard SQL
references. The output v follows one of two formats:

e Binary Verifier: v € {0, 1}, representing a categorical
rejection or acceptance.

e Scoring Verifier: v € {1,...,5}, a discrete Likert scale
from no alignment (1) to perfect equivalence (5).

Scoring verifiers are binarized by accepting queries where v >
for a threshold 7 € [1,5].
We now describe each method in detail.

3.1 SQL Critique (SC) - Direct Critique Baseline

Intuition. An intuitive baseline verifier directly prompts an LLM
to evaluate the semantic and logical correspondence between the
user’s question g, the generated SQL query s, and the database
schema d. As the most straightforward approach, this direct critique
baseline is widely adopted in existing text-to-SQL pipelines [5, 9,
16, 27]. Evaluating this baseline allows us to measure the marginal
value added by our proposed structured, multi-step verification
methods. For our implementation, we adopt the error detection
module (ERRORp) from TrustSQL [16].

Formulation. We define a critique model Cerror p that maps
the (g,s,d) tuple to a binary verification score verror p € {0,1}.
Following the TrustSQL template (illustrated in Figure 2), the veri-
fier enforces a strict judgment and rejects the query if verror p = 0
(indicating an incorrect response):

Yerror_p = Cerror_p (g.5.d)

NLQ
SQL Error Detector
Generated SQL (ERROR,) Correct/ Incorrect
DB Schema

Figure 2: An illustration of SQL Critique pipeline.

3.2 Round-Trip Critique (RT)

Intuition. If a SQL query s faithfully represents the original natural
language query g, translating s back into natural language should
yield a query ¢’ semantically equivalent to q. A separate critique
model compares g and ¢’ to detect subtle logical shifts (e.g., incorrect
negations or flipped operators) that embedding-based similarities
often miss. Figure 3 illustrates this flow.

Formulation. Let a reverse translation model R generate a nat-
ural language question ¢’ from generated SQL s and schema d:

q =R(s,d)

A critique model C evaluates semantic alignment, producing a
verification score v,;. The verifier rejects the SQL query if v, < 74,
where 7, is a predefined threshold:

ort =C(q,q'), opt €[1,5]

To prevent this critique model from being biased by knowledge
of the original NLQ, we isolate the back-translation model R from
the original query g. If the generated SQL misrepresents the user’s
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intent, an independent reverse translation is unlikely to perfectly
“undo” the error, thereby exposing the semantic drift.

We experimented with continuous, binary, and Likert scales,
finding that a discrete 5-point Likert scale provides the best overall
balance for our primary framework. Prior studies confirm discrete
scales maximize human-LLM alignment [19], whereas continuous
scales introduce numeric token noise [10]. A discrete scale also
allows us to anchor judgments using few-shot exemplars with clear
qualitative boundaries. Notably, while the Likert setup yields the
best general verification calibration across our core modules, strict
binary scoring proves slightly more optimal in specific contexts, as
detailed in our second baseline (Section 3.1).

NLQ

Generated SQL Similarity Score

NLQ Generated NLQ
Generator

Figure 3: An illustration of the RT pipeline.

Critique
NLQ<>Gen-NLQ

DB Schema

3.3 Synthetic Execution Consistency (SE)

Intuition. This method evaluates s by executing it on small, LLM-
generated test databases to see if the query result matches the LLM’s
expected answer. To maximize edge-case coverage, we prompt the
LLM to generate multiple test pairs using one of two approaches:

o Answer-first: The model invents plausible answers to g, then
synthesizes a minimal database instance that makes those
answers valid.

e Data-first: The model generates plausible database states,
then deduces the correct answers from them.

Figure 4 illustrates this pipeline, which leverages a core asym-
metry: generating a small data instance yielding a clear answer to
an NLQ is significantly easier for an LLM than writing syntacti-
cally and logically flawless SQL. We generate synthetic data rather
than using the real database for three practical reasons: (1) Context
Windows: real production databases are often too massive to fit
into an LLM’s context window; and (2) Relevant Data: randomly
sampling real rows will often yield no rows relevant to the query,
making the answer trivial and unrevealing; and (3) Targeted Edge
Cases: synthetic generation lets us explicitly inject crucial edge
cases—such as zeros, nulls, duplicate values, or empty tables—to
stress-test the SQL logic.

Formulation. We use a generator Dgen and answer model A
to construct a test pair (Dsynth, Gpred) via one of two modes: (1)
Answer-first: apreq = A(g, d), then Dgynih = Dgen (g, Gpreds d); or (2)
Data-first: Dgynthy = Dgen (g, ), then apreq = A(g, Dsynth)-

The candidate SQL s is executed to obtain dexec = Exec(s, Dgynth)-
The final binary verification decision vge rejects the query if vge = 0,
defined via the indicator function:

Use = H(apred = dexec):  Use € {0,1}
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Figure 4: An illustration of the SE pipeline.
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4 A VERIFICATION BENCHMARK

We have argued above, and will demonstrate further below, the re-
search in verification algorithms is worthwhile. As with generation,
such research can be strengthened by benchmarks that allow us to
assess and compare different verification algorithms.

In this section, we describe the verification benchmark that we
have created and released alongside this work, and demonstrate its
use in evaluating our verification algorithms. Because we derive
our verification benchmark from existing Text-to-SQL generation
benchmarks (Figure 1), we begin by discussing their structure and
inherent challenges. We then describe how verification benchmarks
differ: in addition to examples of correct Text-to-SQL translations
typically found in generator benchmarks, which a verifier should
accept, a verification benchmark also needs examples of incorrect
Text-to-SQL translations that it should reject.

4.1 Generation Benchmarks

Current Text-to-SQL benchmarks consist of evaluation pairs: (i) a
natural language query and database schema, and (ii) a reference
gold SQL query or execution result to determine correctness.

Inputs. At a minimum, each instance provides a natural language
query. To generate SQL, systems also require a database schema
in order to ground column and table references. Schema metadata
alone often proves insufficient; systems may require semantic map-
pings (e.g., status=2 for “completed sale”) or sample values to
resolve ambiguities [5, 22, 37].

Evaluation Criteria. To assess a generator’s candidate SQL, bench-
marks provide a gold reference and a rule for determining cor-
rectness. Existing benchmarks typically employ one of three ap-
proaches, ranging in their degree of semantic faithfulness and com-
putational tractability:

e Semantic Equivalence: The gold standard, requiring match-
ing results across all valid databases. It is generally unde-
cidable and computationally intractable.

Exact Match: Requires exact syntax after normalization. Ex-
tremely conservative, missing semantically identical queries
with different structures.

Execution Accuracy (EA): Compares two query results on a
single benchmark database. Highly liberal, as semantically
different queries can coincidentally yield identical results
on specific data.
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While metrics like Exact Match are now regarded as too rigid for
modern LLM evaluation [17, 18, 40], formal semantic equivalence
remains intractable. Consequently EA is the most common evalua-
tion metric in current benchmarks. We therefore adopt EA for core
labeling as the most pragmatic choice to ensure comparability with
prior literature [15, 18, 40]. Unlike semantic equivalence metrics,
EA requires an evaluation database, which all our benchmarks pro-
vide. Importantly, our framework uses EA as a baseline precisely
to expose its flaws; our Synthetic Execution method and Section 6
analysis are designed to probe these vulnerabilities. Crucially, these
benchmark criteria are not verification algorithms, as they rely on
ground-truth references (gold SQL or results) that are unavailable
to a verifier in a production environment.

We construct our verification benchmark from three widely used
generation benchmarks:

o Spider [40]: 10,000+ questions across 200 databases from
100+ domains, emphasizing cross-domain generalization
and complex SQL constructs. We use the Spider 1.0 test set.
BIRD [18]: 12,000+ real-world business examples across 35
industries, emphasizing multi-turn reasoning and domain
knowledge. We evaluate on the dev set.

KaggleDBQA [15]: 544 practical analytical queries over
eight Kaggle competition databases, with schema descrip-
tions and example values. We use the test set.

Benchmark Flaws. Recent studies reveal significant noise in stan-
dard Text-to-SQL benchmarks, including faulty NLQ-to-SQL ground
truths, “EA-correct” queries (semantically incorrect but yielding
correct results on the benchmark database), and ambiguous ques-
tions [5, 41]. Crucially, unlike specialized benchmarks from Trust-
SQL [16] and DTE [35] that intentionally introduce flaws, these
standard benchmarks fail to classify such problematic instances
as unanswerable. Our verification algorithms offer a systematic
mechanism to quantify, identify, and mitigate these inherent flaws.

4.2 Our Verification Benchmark

Standard Text-to-SQL benchmarks, like BIRD, pair each natural
language question with a database schema and a single “gold” SQL
query. While ideal for evaluating generation, this setup is insuffi-
cient for verification systems, which must judge both correct and
incorrect SQL (Figure 1). The gold SQLs in generator benchmarks
can be used to measure false rejects (flagging a correct query as
wrong), but include no labeled incorrect SQLs that can be used to
measure false accepts where an incorrect query is wrongly accepted.

While generating random incorrect SQL is trivial, such queries
are too easily rejected. To rigorously stress-test verification, we need
“near misses”: plausible but subtly flawed SQL. Because mistakes
from state-of-the-art generators naturally mimic human-like errors,
we collect outputs from an advanced Text-to-SQL model and treat
its mistakes as verification test cases.

Establishing a ground-truth for verification presents a unique
challenge: it requires an oracle to decide which generated SQL is
correct—the very problem our system aims to solve. However, while
deployed systems lack access to ground-truth references, we can
construct an evaluation benchmark by leveraging the evaluation
rules of existing Text-to-SQL datasets. We transform traditional



generation benchmarks into verification tasks by following a sys-
tematic labeling pipeline:

e Select a natural language query ¢ and its database schema
d from the source benchmark.

e Produce a candidate SQL s for query q using a state-of-the-
art generator.

e Determine the correctness label ¢ by applying the bench-
mark’s execution-based evaluation rule against the gold-
standard reference.

e Record the quadruplet (g, s,d, c) as a verification instance,
where a verifier is expected to output ¢ given (g, s, d).

Using this framework, we construct our benchmark from the
development sets of Spider, BIRD, and KaggleDBQA, generating
candidate queries via a state-of-the-art model [5] and deriving labels
c via Execution Accuracy (EA) [40].

We apply a uniform enrichment process to the database schema
d across all datasets [5]. Because Text-to-SQL generators perform
poorly without rich schema metadata due to degraded schema
linking [22, 37], we augment d with column descriptions, exam-
ple values, and database statistics (e.g., unique value counts). For
Spider, which lacks native metadata, we generate these attributes
synthetically. To optimize the context window, we use keyword
heuristics to prune metadata for high-cardinality fields like id or
date, though the columns themselves remain available in d for
query generation and verification.

To normalize execution-based verification and mitigate order-
ing artifacts [15], we specially handle results with an ORDER BY
clause in the gold SQL. When present, we apply only an inner sort
over projected columns to account for schema variability while
preserving vertical row order. Without ORDER BY, we perform both
inner and outer sorting, treating results as unordered multisets.
This protocol extends the order-invariant evaluation of Spider and
BIRD—which typically rely only on global row sorting—by ensuring
that variations in column sequence (common in LLM outputs) do
not trigger false negatives if the underlying data is identical.

While automated and efficient, our approach inherits label noise
from the source benchmarks, primarily stemming from ground-
truth errors, spurious execution matches, and ambiguous queries.
Consequently, verifiers may be penalized for correctly flagging se-
mantic mismatches that the benchmark’s execution rules overlook;
we analyze this phenomenon in Section 6. Future human valida-
tion could mitigate this issue, which is highly feasible given that
verifying SQL is significantly less labor-intensive than authoring it
from scratch.

One may ask why a verification benchmark is needed if we
can just verify candidate queries against gold benchmark SQLs.
But this misunderstands the role of verification algorithms and
benchmarks. EA is a plausible metric for comparing a candidate
generated SQL to ground-truth data, but a real-world verification
algorithm must operate “in the wild” where no gold SQL exists.
Furthermore, local, non-standardized verification sets make cross-
field results incomparable. By providing a fixed, public benchmark,
we ensure verification algorithms are tested against a consistent
set of hard cases without the computational overhead of running
custom generators. Over time, as verification systems saturate this
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benchmark, the community can easily update it by swapping in
newer generators.

Table 1 shows our benchmark distribution. As expected, incorrect
queries scale with difficulty, peaking at 52.0% in BIRD’s challenging
split, offering a robust spectrum of near-miss error states.

Table 1: Benchmark distribution. Breakdown of correct and
incorrect queries by source dataset and difficulty level.

Benchmark Difficulty Correct (%) Incorrect (%)
Simple 63.78 36.22
Moderate 51.94 48.06
BIRD Challenging 48.00 52.00
Total 58.74 41.26
Easy 88.51 11.49
Medium 83.78 16.22
Spider 1.0 Hard 80.78 19.22
Extra Hard 79.55 20.45
Total 83.47 16.53
KaggleDBQA  Total 57.00 43.00

5 EXPERIMENTS

This section describes the performance of our proposed verification
methods against the baseline direct critique method.

5.1 Experimental Setup

This section outlines our experimental setup, detailing the under-
lying LLM, evaluation datasets, and the metrics used to assess
verification effectiveness.

5.1.1 Model. All experiments used gemini-2.5-pro via the Google
Cloud Vertex Al API (global region). To ensure generative diversity,
generation used a temperature of 1.0 and a randomized seed. Struc-
tured output mode was enforced to guarantee schema-conforming
responses. The model relied exclusively on prompt context and
parametric knowledge, using default Top-P (0.95) and maximum
output token limits (65,535) with safety settings disabled. Inference
jobs were parallelized via Cloud Run in us-centrall (32 GiB memory,
8 vCPUs). We kept the underlying backbone LLM strictly identical
across all evaluated methods (SC, RT, and SE) to ensure a controlled
architectural evaluation.

5.1.2  Metrics. To quantify verifier reliability, we report two met-
rics: the False Acceptance Rate (FAR), which measures the proportion
of incorrect SQL queries wrongly accepted, and the False Rejec-
tion Rate (FRR), which measures the proportion of correct queries
wrongly rejected.

We use Execution Accuracy (EA) for core labeling to maintain
direct comparability with prior literature [15, 18, 40], as it remains
the standard when formal semantic equivalence is intractable. Thus,
we label a false reject when the verifier rejects a gold SQL, or a
generated SQL for the same NLQ that matches it under EA, while
we label a false accept when the verifier accepts a generated SQL
that disagrees with the gold SQL under EA.



Some of the “false rejects” of gold SQLs and “false accepts” of
disagreeing generated SQLs turn out to be correct because the gold
SQLs are incorrect. This highlights EA’s known limitations (Sec-
tion 4). We discuss implications of these benchmark flaws, and ways
to cope with them, in Section 6.

5.2 Experimental Evaluation

5.2.1 Performance Summary of Individual Verifiers. We evaluate
our SQL verification techniques by first analyzing individual verifier
performance, focusing on the trade-off between FAR and FRR. Table
2 summarizes the performance of the three primary methods at
their best operational threshold. For RT, we experimentally settled
on the score threshold 7 = 4, as the other thresholds produced far
worse results.

Table 2: Summary of Verifier Performance for False Accep-
tance Rate (FAR) and False Rejection Rate (FRR)

Method FAR FRR
SQL Critique (SC) 0.775 0.062
Round-Trip Critique (RT) 0.658 0.158
Synthetic Execution (SE)  0.595 0.169

All three of the methods are at optimal threshold, and they are
ranked from the most permissive (SC with highest FAR and lowest
FRR) to most conservative (SE with lowest FAR and highest FRR).
As explored further in Section 6, this elevated FRR for SE largely
stems from failures in the verification test itself (e.g., hallucinated
synthetic data) and the exposure of latent errors within the bench-
marks’ gold SQL labels. In particular, we use sampling to show
that with 99% confidence, the FRR of SE on correct SQLs is only
8.6%—the rest of the FRR measured here is due to its rejection of
incorrect gold SQLs.

5.2.2 Individual Method Variations. We evaluated variations in
prompting strategies and internal pipelines for RT and SE (sum-
marized in Table 3). Our SC (TrustSQL’s ERRORp) was left in its
original baseline configuration

For all 4 configurations, moving from zero-shot to few-shot
prompting (ie, providing some examples of valid verifications)
makes the verifiers more permissive, increasing FAR and decreasing
FRR, but for most the change is minor.

SE’s Answer-to-Data mode (A — D) provides the lowest FAR
(0.595 under zero-shot), whereas Data-to-Answer (D — A) slightly
favors FRR.

Table 3: Performance variations across individual verifiers
at their operational thresholds (r = 4).

Method Prompting Strategy FAR FRR
RT Zero-shot 0.658 0.158
Few-shot 0.715 0.127
SE (A — D) Zero-shot 0.595 0.169
Few-shot 0.597 0.154
SE (D —» A) Zero-shot 0.618 0.158
Few-shot 0.632  0.131
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5.2.3 Detailed Benchmark Breakdown. Table 4 breaks down the
performance of the individual verifiers by benchmark and difficulty
level. Performance fluctuates across datasets and query difficulties
with no standout trend.

5.2.4 Performance Trade-offs via Verifier Combinations. We can
improve the FAR-FRR tradeoff by combining verifiers. One natural
class of conservative strategies uses a conjunction of verifiers (AND—
all must accept) while a natural class of permissive strategies uses a
disjunction (OR—any one can accept). To comprehensively evaluate
the impact of combining verifiers, we analyzed the FAR and FRR
metrics across all 8 possible AND and OR combinations of our verifiers
(SC, RT, and SE). The optimal configurations are detailed in Table 5.
We plot FAR and FRR for all combinations in Figure 5. At the top left
is the most conservative strategy combining all verifiers with AND
(FAR = 0.364, FRR = 0.326), while at the bottom right is the most
permissive strategy combining all verifiers with OR (FAR = 0.914,
FRR = 0.012).

Combination
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Figure 5: FAR vs. FRR across verifier combinations and
thresholds. From top-left (conservative) to bottom-right (lib-
eral), performance shifts are shown via transparent color.

5.2.5 Qualitative Analysis of Error Categories. To better under-
stand the structural patterns driving these verification trade-offs,
we manually analyzed a stratified sample of 40 queries across the
four verification outcome categories: True Accept, False Accept,
False Reject, and True Reject. For this analysis, candidate queries
were evaluated using the joint RT AND SE conservative consensus
pipeline, where an output is labeled as Accepted if and only if both
verifiers accept it. We sampled 10 queries per category (4 from
BIRD, 4 from Spider, and 2 from KaggleDBQA) to identify distinct
structural and semantic signatures in each group:

e True Accept (Correct SQL, Accepted): These are simple
queries where the question directly matches the database
schema. Common examples include basic lookups with
exact filters (like finding a post’s score using its ID) or stan-
dard logic (like combining lists with INTERSECT) where
the generated SQL matches the gold SQL perfectly.

False Accept (Incorrect SQL, Accepted): These are broken
queries that the verifier accidentally let pass. The main



Table 4:

Detailed Verifier Performance Across Benchmarks and Difficulty

SQL Critique | Round-Trip Critique | Synthetic Execution
Benchmark | Difficulty | FAR FRR | FAR FRR FAR FRR
BIRD Simple 0.812  0.095 | 0.693 0.215 0.644 0.247
Moderate 0.664 0.162 | 0.583 0.278 0.484 0.354
Challenging | 0.600  0.200 | 0.440 0.329 0.345 0.317
Total 0.747  0.125 | 0.636 0.245 0.567 0.286
Spider 1.0 Easy 0.889  0.024 | 0.556 0.101 0.608 0.103
Medium 0.849 0.032 | 0.777 0.124 0.637 0.150
Hard 0.764  0.040 | 0.652 0.096 0.698 0.104
Extra Hard | 0.849 0.042 | 0.836 0.095 0.743 0.074
Total 0.839  0.034 | 0.712 0.108 0.661 0.117
KaggleDBQA | Total 0.860  0.039 | 0.632 0.351 0.509 0.247

Table 5: Performance Metrics (FAR and FRR) across Algo-
rithm Combinations (at threshold 4)

Combination FAR FRR

RT and SC 0.603 0.167
SE and SC 0.463 0.250
RT and SE 0.402 0.305
RT and SE and SC  0.364 0.326
RT or SC 0.878 0.027
SE or SC 0.850 0.027
RT or SE 0.841 0.040
RT or SE or SC 0.914 0.012

problems are leaving out requested columns (like checking
lap times without actually showing them in the output) or
making filters too broad (like changing an AND to an OR,
which pulls the wrong data). This often happens when the
query misses necessary table joins or fails to use the right
columns in the database.

o False Reject (Correct SQL, Rejected): These are correct
queries that get wrongly rejected because they do not match
the benchmark’s SQL. This happens when the query solves
the problem using a different approach (e.g., isolating a max-
imum value using a MAX(CAST (column AS REAL)) aggre-
gate instead of the benchmark’s sorted ORDER BY column
DESC LIMIT 1 structure) or when it adds extra cleanup
steps ((e.g., appending NULLS LAST or non-empty checks
like column <> ¢’)) that the question did not ask for.

o True Reject (Incorrect SQL, Rejected): These are totally
wrong queries that the verifier successfully rejected. Com-
mon failures include forgetting to group or add up data (like
SUM and GROUP BY) or pulling information from completely
wrong columns and tables.

Our qualitative breakdown uncovers three core failure modes:

o The verifier penalizes correct SQL code because it uses a dif-
ferent logic or math approach to get the answer (e.g., sorting
and limiting rows instead of using a MAX() function).
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o The verifier approves queries that have correct filters and
joins, but output the wrong columns—either by leaving out
requested columns or adding extra ones.

o The verifier approves queries where the conditions were
loosened (e.g., changing strict conditions into a multi-way
OR), which returns the wrong rows despite having a similar
code structure.

5.2.6  Error Independence Analysis. We investigated whether the
errors in our verifiers are correlated. Consider two verifiers with
FAR’s (ie, probabilities of false acceptance) p and g, respectively.
The probability that a conjunctive (AND) verifier false-accepts is the
probability that both base verifiers false-accept. If the verifiers err
independently, then this probability is simply pq. On the other hand,
a disjunctive (OR) verifier false-accepts if either verifier does, which
under independence would happen with probability 1-(1-p)(1—gq).
For FRR the formulas are reversed: for base FRRs p’ and ¢’, the
disjunctive verifier rejects if both base verifiers do—with probability
p’q’ given independence—while the conjunctive verifier rejects if
either does—with probability 1 — (1 — p’)(1 - ¢’).

e At our operational threshold (r = 4), the independent ex-
pected FRR for RT AND SE is 0.3. Our empirical implemen-
tation yields a similar FRR of 0.305, indicating that under
strict consensus, false rejections behave almost indepen-
dently to filter out non-overlapping sets of valid queries.

e For RT OR SE, the independent error model yields a the-
oretical joint FRR of p’q’ = 0.158 X 0.169 = 0.0267. In
practice, our empirical OR combination drives the actual
joint FRR down even lower to nearly zero (mostly < 0.01).
This slight deviation from pure independence suggests a mi-
nor complementary effect, where the structural weaknesses
of the verifiers do not fully overlap, allowing valid queries
to almost always be recognized by at least one pipeline.

This low error covariance indicates the verifiers are driven by
distinct, non-overlapping systemic factors, capturing orthogonal
signals from the queries rather than uniform noise.



5.3 Runtime Performance and Resource
Utilization

In addition to verification accuracy, we evaluate the computational
efficiency and cost-effectiveness of each method. Table 6 summa-
rizes the average latency (in seconds), the number of LLM API calls
required per verification, and the average token consumption for
both zero-shot and few-shot prompting strategies. Combining these
strategies compounds pipeline overhead to 4 API calls and over 90
seconds, revealing a steep trade-off between logical complexity and
deployment costs.

Table 6: Performance and resource comparison. Latency de-
notes end-to-end processing time (s); token counts aggregate
all internal pipeline stages.

Method Calls Avg.Latency Tokens (Zero-Few Shot)

SC 1 8.06 1,288
RT 2 41.39 9,839 - 22,751
SE 2 51.22 16,949 - 24,897

6 ERRORS IN THE BENCHMARKS

Our initial analysis assumed that the gold SQLs of the underlying
generator benchmarks were correct, implying that a verifier that
rejected a gold SQL must be incorrect. However, as we dove deeper,
we discovered that our verifiers were often correct in rejecting
the gold SQLs because those benchmark SQLs were wrong. In
this section, we describe types of incorrect gold SQLs and present
two targeted sampling experiments that estimate how often these
anomalies occur in standard text-to-SQL benchmarks we used.

6.1 A Taxonomy of Benchmark Issues

We identify three distinct types of benchmark problems that lead
to verifier disagreements: (1) data/instance incorrectness, where
the gold SQL is simply wrong given the benchmark database; (2)
semantic incorrectness, where the gold SQL happens to work for the
benchmark database instance but fails to capture the true semantics
of the NLQ; and (3) ambiguity, where multiple valid interpretations
of the NLQ yield conflicting SQL formulations, making it impossible
to specify a single “correct” answer.

Data/Instance Incorrectness: The benchmark SQL is demonstrably
wrong. For example, in KaggleDBQA (“Sum of the acres burned in
NC state in 2006?”), it used WHERE State = ‘NY’ instead of WHERE
State = ‘NC’.Because this fails against its own data, any generated
query returning the correct result is incorrectly labeled as an error
under EA.

Semantic Incorrectness: The benchmark SQL produces a cor-
rect answer on the current instance by happenstance but fails
to generalize to the schema. For example, for BIRD (“How many
cities are there in Orange County, Virginia?”), the benchmark uses
SELECT COUNT(city), while our system generates SELECT COUNT (
DISTINCT city). Both yield identical results for “Orange County”
because its entries happen to be unique. However, this query breaks
on “Loudoun County” (36 rows, 16 unique cities), where the bench-
mark over-counts duplicate rows. One might object that this query
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is correct under the execution accuracy criterion, but this would
mean that a clearly “cheating” query such as SELECT 16 would have
to be considered correct. Execution accuracy is a concession to com-
putational limitations rather than the true measure of correctness
and should not be a straitjacket for asserting correctness.

Ambiguous Natural Language Queries (NLQs): The NLQ admits
multiple valid interpretations, penalizing models that fail to guess
the annotator’s specific subjective intent. For example, in “Which is
the most popular state... in terms of commodities distribution?”, “most
popular” could plausibly mean the highest frequency of records
(COUNT) or largest volume of goods (SUM), which yield conflicting
SQL queries and answers.

6.2 Quantifying Benchmark Issues

We used random sampling to estimate a lower bound the number
of gold SQL errors in the popular generator benchmarks we used.
In particular, we focused on gold SQLs that the SE verifier rejected
and used sampling to estimate what fraction of those rejections
were actually justified. There may be other erroneous gold SQLs
that SE accepted, but we have no easy way to locate them.

Recall that to create our verification benchmark we took each
(NLQ, gold SQL) pair from each generator benchmark and added
it to our verification benchmark with a “correct” label. We then
generated a second SQL from the NLQ and added it with the NLQ
as a second pair to the verification benchmark, labeled “correct” if
the generated SQL matched the gold SQL under EA and labeled
“incorrect” if it did not match. It is those labels, hidden, that a
verification algorithm is required to predict.

We partitioned the instances into two “scenarios” based on
whether the verifier also rejected the second SQL that was gener-
ated for our benchmark from the same NLQ:

Scenario 1: For a given NLQ, SE rejects the gold SQL but accepts the
generated SQL (N = 357). The fact that SE is rejecting the gold SQL
but accepting a different SQL gives strong evidence that the gold
SQL is incorrect—while a broken verifier might reject everything, it
would be peculiar for the verifier to prefer a different wrong answer
to the right one. So we expected that most of these gold SQLs would
be incorrect (and this is indeed the case).

Scenario 2: SE rejects both generated and gold SQL for an NLQ
(N =1709). . Here the evidence is more mixed; the rejection could
be due to an incorrect SQL or could be do to failures of the verifier.

The cross product of 2 scenarios with the 3 underlying generator
benchmarks defines 6 distinct populations of interest. We sampled
15 items at random from each of the 6 populations and manually
determined how many of the sampled gold SQLs were incorrect.
From these numbers we applied the standard binomial estimator to
read off estimated (mean) number of gold errors in the population
as well as 99% confidence intervals.

After looking at the 6 populations separately, we summed the
estimates and CI lower/upper bounds to get estimates for each
benchmark as well as for the each scenario, and for the entire pop-
ulation. Note that these subtotal confidences are conservatively
computed from the 6 populations confidences and do not reflect
additional experiments. There are more precise estimations for



Table 7: Estimated number of incorrect gold SQLs by benchmark and Scenario, with 99% confidence intervals.

Benchmark Scenario Population size Sampled Sample Errors Estimated errors 99% CI
Scenario 1 172 15 14 160.5 (117, 171)
Bird Scenario 2 404 15 7 188.5 (85, 296)
Subtotal 576 30 21 349.1 (202, 467)
Scenario 1 163 15 15 163.0 (127, 163)
Spider Scenario 2 271 15 7 126.5 (57, 201)
Subtotal 434 30 22 289.5 (184, 364)
Scenario 1 23 15 14 21.5 (16, 22)
Kaggle Scenario 2 34 15 6 13.6 (7, 22)
Subtotal 57 30 20 351 (23, 44)
Grand total 1067 90 63 673.6 (359, 910)
Scenario 1 subtotal 358 45 43 345.0 (260, 356)
Scenario 2 subtotal 709 45 20 328.6 (149, 519)

stratified sampling that can be used to narrow the confidence inter-
vals (since errors in the 6 population samples are independent). But
these conservative estimates suffice to give orders of magnitude.
Our results are summarized in Table 7.

Practical Utility. These flagged subsets offer a cheap cleaning
mechanism. Purging the 358 instances from the first scenario re-
moves an estimated > 354 errors (3815 — 357 = 3541 remaining
queries). Purging Scenario 2 items removes an additional estimated
> 328 errors, leaving a higher-quality benchmark of 2,832 items.

6.3 Detailed Analysis of Samples

In this section we discuss the detailed characteristics of our 90
samples from the 6 different populations.

Scenario 1: Verifier Rejects Benchmark, Accepts Generated SQL. In
this scenario, the SE Verifier actively corrects a benchmark flaw.
Our audit reveals that across all three benchmarks, disagreements
are overwhelmingly caused by systemic benchmark deficiencies
rather than verifier flaws:

e BIRD (n = 15): We identified 14 benchmark-side issues.
Among these, 10 cases exhibited severe logical errors in the
gold SQL. For example, responding to “What’s the county
that contains most recorded burns in 2000 according to the
database?”, the benchmark SQL group-by filtered incor-
rectly, entirely omitting the WHERE year = 2000 clause.
Additionally, 2 cases suffered from ambiguous NLQs and 2
instances appended unrequested extra columns. Only 1 case
was a true boundary condition lacking schema constraints,
where conflicting boolean representations of normal vs.
abnormal laboratory ranges were used.

Spider (n = 15): Every single disagreement (15/15) stemmed
from benchmark deficiencies, split between 13 explicitly
incorrect gold SQL queries (e.g., missing essential joins or
columns) and 2 ambiguous NLQs.

KaggleDBQA (n 15): Benchmark deficiencies caused
14/15 errors—12 incorrect gold queries and 2 ambiguous
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questions. Only 1 error was a generator issue (including an
extra column for clarity).

Scenario 2: Verifier Rejects Both Benchmark and Generated SQL.
When both queries are rejected, the error profile shifts, revealing a
mix of benchmark ambiguity and strict verifier constraints. Note
that what we discuss here is the rejected gold SQLs, although the
corresponding generated SQLs were rejected as well.

e BIRD (n = 15): There were 7 benchmark issues (5 wrong
gold SQLs, 2 ambiguous NLQs) and 8 verifier errors. The
verifier errors on the gold SQLs primarily occurred because
the synthetic data generator introduced structural format-
ting variations (e.g., returning an entity ID instead of a
name), triggering a strict rejection.

Spider (n = 15): Documented 7 benchmark issues (5 am-
biguous NLQs, 2 wrong gold SQLs) and 7 verifier edge cases.
Notably, 2 of the verifier rejections stemmed from cases in
the generated synthetic databases (e.g., evaluating “Calcu-
late the average height of all neutral superheroes” against a
synthetic schema that represented missing heights as -1,
causing a breakdown in natural execution averages).
KaggleDBQA (n = 15): Features 6 benchmark issues and
9 verifier over-rejections. Crucially, 7 of these 9 verifier
errors were overly conservative rather than incorrect; the
generator appended extra informational columns in the
answer that were not explicitly requested in the prompt,
which strictly failed the Execution Accuracy (EA) assertion
despite being semantically rich.

The overall distribution of identified errors across these 90 com-
bined samples highlights semantically incorrect benchmark SQL as
the leading issue (46.67%), followed by verifier errors (27.78%) and
ambiguous questions (21.11%).

Some of these observations point to ways to refine our verifiers
in the future; for example, SE should clearly be prompted to provide
only the data requested in the NLQ and nothing additional.



6.4 Re-Estimating True Verifier Performance

While we used EA to maintain consistency with the benchmarking
literature, our manual audits reveal that this evaluation mechanism
severely mischaracterizes verifier reliability. From our sample es-
timation of the frequency of incorrect gold SQLs, we can better
bound the actual FRR and actual FAR of the SE verifier.

Our sampling experiment showed that many gold SQLs labeled
as false rejects for our SE verifier were in fact true (correct) rejects
because the gold SQL was incorrect. Using the sample to estimate
the number of such occurrences, our mean estimate of the actual
FRR drops from 0.169 to an estimated ~ 0.042, with a 99% confidence
interval of [0.018,0.086]. This indicates that the SE verifier is a safe
gatekeeper that rarely discards genuinely correct queries, even
though the flawed benchmark data makes its error rate look worse
than it actually is.

Similarly, some of our benchmark’s queries labeled as false ac-
cepts (because of an EA mismatch with the gold query) were in fact
true accepts because they were correct and the gold SQL was incor-
rect. Our sampling estimation of the frequency of such instances
lets us assert a decreased actual FAR from 0.595 to ~ 0.412, with a
99% confidence interval of [0.325, 0.498].

The generator leaderboards, such as the BIRD Leaderboard?,
rank models based on these flawed benchmarks may well suffer
from similar errors where generators are are rewarded for incor-
rect answers and penalized for correct ones. A similar experiment
sampling a small number of generator submissions labeled “correct”
and “incorrect” in the benchmark could help quantify the error and
provide more accurate rankings.

7 SELECTIVE GENERATORS

Generative model evaluations traditionally use a “forced-response”
mechanism, scoring models solely on correct answers (ncorrect) for
every query (Q). As noted in prior literature [16], this approach
creates a perverse incentive: like a student facing no penalty for
wrong answers, the model is motivated to guess rather than remain
silent when uncertainty is high.

In real-world deployments, incorrect database queries are often
deceptively distinct from explicit failures because they execute suc-
cessfully but return plausible, yet incorrect, data (e.g., aggregating
over the wrong rows). Users may confidently apply this flawed
information with severe consequences [16, 35]. Given these risks,
it can be better for a deployment-ready Text-to-SQL system to be
selective, leveraging an internal or modular verification signal to
abstain from providing an answer when its confidence is low.

An explicit abstention alerts the user to a generation hazard.
Crucially, a verifier rejection does not inherently mean the natural
language query was flawed or unanswerable; it frequently signals
that the generator simply reached its capability limits or produced a
faulty translation. By abstaining, the system safely signals a failure
to the user, allowing them to reformulate or resubmit their request—
a far less costly outcome than acting on deceptive misinformation.

A verifier provides a natural way to transform a non-selective
generator into a selective one: after generation, test the result with
the verifier and abstain if it is wrong. A high-quality verifier will

Thttps://bird-bench.github.io/
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avoid sending a user costly incorrect responses while canceling
relatively few of the correct ones.

In this section, we evaluate the impact of using different verifiers
on the performance of selective generators.

7.1 Relationship to Prior Abstention Models.

The paradigm of selective prediction and explicit abstention in Text-
to-SQL was pioneered by TrustSQL [16], which evaluates reliability
using a penalty-based framework we describe below, and was de-
veloped for pipelines targeting ambiguous or infeasible questions,
similar to the DTE model [35]. TrustSQL’s pipeline-based method
approaches abstention via two distinct mechanisms: (1) an a-priori
classifier trained to detect and abstain from structurally unanswer-
able or ambiguous queries before attempting to generate SQL, and
(2) a post-hoc verifier module (which they call an error detector)
ERRORp that evaluates the candidate SQL after generation.

Because the specialized, fine-tuned intent classifiers from the
unanswerable-question detector are not publicly available, we could
not incorporate them into our study. In any case, our work focuses
on post-hoc correctness verification—assessing whether a model
successfully translated a request, regardless of whether the initial
query was clear or ambiguous. Any verifier can serve as a drop-in
replacement for ERRORp, and Section 5.2 showed that RT and SE
perform significantly better than ERRORp (which we used as the
baseline critique verifier), so we expect that either would signifi-
cantly improve the performance of the TrustSQL generator on its
metrics. We expect that integrating an a-priori unanswerability
detector stage would uniformly benefit both their baseline and our
structural verifiers by filtering out shared linguistic noise.

TrustSQL also trained their pipeline on the benchmarks they
were testing. They did this in an appropriate way, separating each
benchmark into a training set and test set, and reporting results
only on the test set. However, training on a large portion of the
benchmark likely gave their models substantial insight into what
types of questions are answerable, and what correct SQL looks
like. In contrast, the systems we consider here do not rely on such
specialized training.

7.2 Metrics for Selective Prediction

Unlike traditional systems that are forced to answer every query,
selective generators yield three distinct outcomes: correct responses,
incorrect responses, and abstentions. As fractions summing to 1,
these represent two degrees of freedom that require two numbers to
fully describe system performance. Many pairs of numbers suffice.
Following classical selective prediction literature [8], we focus on

coverage (¢) and selective accuracy (Agel):
e Coverage (¢): The fraction of questions the system chooses

to answer: ¢ = —generated
e Selective Accuracy (Ag.p): The accuracy calculated strictly
on the subset of questions where the system provides an
Ncorrect

answer: ASEI = Ngenerated

There are other ways to represent the two degrees of freedom,
and different communities have settled on different ones. For ex-
ample, selective accuracy is mathematically equivalent to precision
evaluated over the generated subset (Where ngenerared = TP + FP)


https://bird-bench.github.io/

if we think of generation as “acceptance” by a classifier. Similarly,

selective risk (Rge] = :""C"% =1— As) is equivalent to the False
generate

Discovery Rate (FDR). We focus on Coverage and Precision because
they are the standard for selective prediction tasks that mirror our
task here. Other popular metrics such as precision are better suited
to classification tasks, which ours is not. Also, we believe these two
measures make natural sense to potential users of these systems.

Coverage and accuracy can be combined in context-sensitive
ways to produce a single ranking score to help users choose among
alternatives. For example, to linearize the trade-off between cover-
age and precision into a single scalar value for system ranking, we
can adopt the penalty-weighted metric from TrustSQL [16], defined
here as Utility @X:

Neorrect = (X * Nincorrect)
Ux =
Q
where X represents the penalty multiplier for an error relative to
a success, and an explicit abstention yields 0. Both n¢orrec: and
Naccepted Can easily be computed from ¢, A, and Q and plugged in
to yield Ux.

A single ranking metric metric like Utility@X has limitations,
however. It inherently requires a deployer to pre-determine an
arbitrary penalty parameter X, which varies heavily depending on
whether the deployment environment is low-stakes (X = 1) or high-
stakes (X = 10). Because the exact tradeoff is context dependent, we
recommend that developers and evaluators of selective generation
systems compute and report the two factors separately so that
different implementers or users can make their own best choices
based on their context. Instead of rankings at an arbitrarily selected
X, scatter plots such as our Figure 6 can still concisely convey
the comparison between different systems and indicate the Pareto
frontier. Moving away from a single ranking can also encourage
exploration of different designs for low-stakes and high-stakes
systems without a fight for the proper value of “X”.
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Figure 6: Coverage vs. selective accuracy across verifier com-
binations and thresholds. From top-left (high-reliability) to
bottom-right (high-coverage).
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7.3 Experimental Results

Verifiers transition “total” generators into selective ones: an answer
is returned only if the verifier accepts the generator’s output. We
evaluate combinations of a state-of-the-art total generator [5] paired
with our verifiers.

As Figure 6 shows, verification shifts performance upward and
to the left, trading coverage for higher accuracy. Table 8 presents
these configurations optimized across our operational thresholds.
While the baseline generator achieves 100% coverage, it suffers from
a 27% error rate (Precision = 0.730). An intersectional consensus
composite of all three verifiers (RT and SC and SE) successfully
drives this risk down, yielding a selective precision of 0.831 at
0.592 coverage. While this conservative posture slightly lowers
Utility@1 (0.392 vs. 0.459), it severely mitigates error penalties in
high-stakes settings, changing Utility@2 from 0.189 to 0.292.

Table 8: Performance metrics for individual verifiers and the
selected composite progression (at threshold 4). Configura-
tions are optimized for balanced performance.

Method RTi, 1) Asel U@1 U@2
Original Generator - 1.000 0.730 0.459 0.189
SC - 0.895 0.764 0.473 0.262
RT 4 0.825 0.768 0.442 0.251
SE - 0.722  0.795 0.426 0.278
RT and SC 4 0.772  0.787 0.443 0.279
SE and SC - 0.675 0.811 0.420 0.292
RT and SE 4 0618 0.821 0396 0.286
RT and SE and SC 4 0.592 0.831 0.392 0.292
RT or SC 4 0948 0.749 0472 0.234
SE or SC - 0942 0.754 0.479 0.247
RT or SE 4 0929 0.754 0472 0.243
RT or SE or SC 4 0969 0.744 0473 0.225

8 DISCUSSION

The Challenge of Ambiguity in Benchmarks. Defining cor-
rectness in Text-to-SQL remains difficult when user intent lacks
a single, clean database mapping. While benchmarks like Trust-
SQL [16] and DTE [35] integrate these edge cases, they treat ambi-
guity through the broader lens of unanswerability, framing it as a
binary trigger for absolute abstention. We argue that ambiguous
queries deserve distinct treatment from inherently unanswerable
ones (e.g., missing schema data). While missing-data queries are
dead ends, ambiguous queries are conditionally answerable if a
system can map the user’s underlying intent. Robust interfaces
require evaluation standards that move beyond static silence. Al-
though TrustSQL acknowledges active clarification conceptually,
they relegate it to future work [16]. Next-generation benchmarks
should instead reward comprehensive coverage—returning valid
results for all plausible interpretations—or targeted active clarifica-
tion. Crucially, when systems flag ambiguity, our verifier-generated
diagnostic signals (e.g., conflicting execution results in SE) can sup-
ply the structural context needed for explanation modules to guide
user reformulation, turning a vague query into a precise execution.



Beyond Execution Accuracy. While we use EA for comparabil-
ity with the Spider and BIRD literature, our framework is not con-
strained by its flaws. Rather, the primary value of our verification
methods—particularly Synthetic Execution—is demonstrated pre-
cisely when they diverge from EA. By identifying logically flawed
queries that coincidentally produce correct results on benchmark
databases (Section 6), our verifiers actively expose EA’s blind spots.
We use EA merely as a bootstrap mechanism to transition the evalu-
ation paradigm toward robust Semantic Equivalence. One practical
improvement going forward would be to provide each benchmark
NLQ with multiple benchmark databases and define a correct SQL
to be one that yields the correct answer on all the databases.

Limitations. Our benchmark pairs correct Text-to-SQL trans-
lations with incorrect ones generated by current models. While
the correct examples remain robust for testing false reject rates,
the incorrect samples may not reflect the increasingly subtle er-
rors of future generators, requiring periodic updates with more
sophisticated “hard” instances.

Furthermore, accurately assessing correctness remains difficult
when result ordering is ambiguous [15]. We currently assume order
is significant only if the gold SQL contains an ORDER BY clause. How-
ever, this is an imperfect proxy for user intent; a top-k query might
use ORDER BY in its implementation without strictly requiring an
ordered final output, risking penalizing valid but unordered queries.
To mitigate this, an ideal benchmark would include a hidden meta-
data flag indicating semantic order importance. We provide our
best estimate of this information as an order-matters column in our
published benchmark to support future evaluations.

While our SE verifier successfully identifies logical flaws using
query-aware synthetic data, it does not yet guarantee exhaustive
coverage of adversarial edge cases (e.g., boundary values, nulls).
Because SE operates at inference time, systematically populating
a comprehensive database to stress-test all schema constraints is
computationally prohibitive. Future work will explore adversarial
prompting strategies and formal SQL equivalence methods to gen-
erate highly challenging synthetic environments without incurring
prohibitive latency.

Finally, while our ensemble methods rely on strict Boolean logic
(AND/OR) to preserve a training-free pipeline, future work could
explore training meta-classifiers or learning continuous mixing
ratios (f) to optimally weight the signals from different verifiers.

9 CONCLUSION

Lightweight, model-based verification offers a powerful defense
against incorrect Text-to-SQL generation. By combining Round-
Trip Critique and Synthetic Execution Consistency, our framework
flagged 64% of errors from a state-of-the-art model, validating
the generate-then-verify paradigm as an effective guardrail for
LLM trustworthiness. To support future research, we release a new
verification-focused benchmark—extending Spider, BIRD, and Kag-
gleDBQA with explicit evaluation annotations—offering a clear
path toward more reliable natural language data interfaces.
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