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Abstract

While Large Language Models (LLMs) excel at text-to-SQL, their
outputs lack reliability guarantees, leading to costly errors from
incorrect queries. Existing validation and ranking methods fail
to provide these formal guarantees. We propose RTS++ , a novel
uncertainty-aware pipeline that ensures query reliability. RTS++
introduces execution entropy, a new measure that quantifies
uncertainty by clustering candidates based on their execution
results, capturing semantic ambiguity that token-level metrics
miss. We integrate this measure into a conformal prediction (CP)
framework to provide formal statistical correctness guarantees.
This allows our system to reliably abstain from low-confidence
queries, flagging them for human review. We evaluate RTS++ on
the Spider and BIRD benchmarks, demonstrating that our human-
in-the-loop approach achieves state-of-the-art execution accu-
racy of 92.3% and 92.5%, respectively. RTS++ offers a principled
framework for building trustworthy natural language database
interfaces.

1 Introduction

Text-to-SQL systems have emerged as a transformative technol-
ogy, enabling users to query structured databases using natural
language, eliminating the need for SQL expertise. This capabil-
ity is particularly valuable in domains such as business intelli-
gence, healthcare, and scientific research, where analysts and
domain experts often lack formal training. Recent advancements
in large language models (LLMs) have significantly improved the
performance of text-to-SQL systems [6, 14], achieving state-of-
the-art selective results on benchmarks such as Spider [23] and
BIRD [14].

Despite these improvements, ensuring the reliability of gen-
erated SQL queries remains a major challenge. In real-world
applications, incorrect SQL generation can lead to misleading
business insights, flawed scientific conclusions, or operational
failures. Unlike traditional database systems, text-to-SQL mod-
els lack explicit guarantees of query accuracy. Errors such as
incorrect table joins, faulty aggregations, and misaligned schema
references remain prevalent. These issues are further exacerbated
by schema heterogeneity, where variations in database structures
make generalization across different schemas difficult [11].

Existing methods for improving query accuracy primarily rely
on post-generation validation and ranking techniques [7, 17, 20,
27]. Validation-based approaches detect syntactic anomalies but
are limited in ensuring semantic correctness, as queries may
still run without error but return plausible yet incorrect results.
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Figure 1: A high-level overview of an LLM-enhanced text-

to-SQL pipeline with schema linking, candidate generation

and repair, and final query selection.

Ranking-based approaches attempt to select the most likely cor-
rect query but are inherently vulnerable to model biases and the
difficulty of defining a universal ranking function for diverse
database schemas [16, 24].

These limitations highlight a critical gap: a principled ap-
proach to quantifying and ensuring query reliability. Recent work,
Reliable Text-to-SQL (RTS) [2], made significant progress by fo-
cusing on the schema linking bottleneck. RTS ensures natural
language references are correctly mapped to database elements
and uses a human-in-the-loop approach to abstain from low-
confidence links, prompting user review to resolve ambiguities.

While RTS enhances reliability at the schema-linking stage, it
does not provide a formal statistical framework for quantifying
uncertainty in the final output, namely the generated SQL query
itself. A query can be generated from perfectly linked schema and
still be semantically incorrect. To address this, we propose RTS++
, a novel uncertainty-aware text-to-SQL pipeline that integrates
conformal prediction (CP), a statistical framework that quantifies
uncertainty in the final generated queries. A core component
of our framework is execution entropy, a new uncertainty mea-
sure that clusters query candidates by their execution results,
capturing semantic ambiguity that token-level metrics miss.

Our CP-based approach provides formal guarantees: queries
that meet a predefined confidence threshold are executed di-
rectly, while low-confidence queries are flagged for refinement
or expert review. By incorporating this statistical measure, our
approach ensures that only high-confidence SQL queries are used
in decision-making.

Our contributions are summarized as follows: (1) We introduce
an execution-aware uncertainty measure, execution entropy,
that incorporates feedback from query execution; (2) We propose
a full uncertainty-aware framework, RTS++ , that integrates con-
formal prediction to provide statistical correctness guarantees;
and (3) We evaluate RTS++ on Spider and BIRD, demonstrating
that our human-in-the-loop approach achieves state-of-the-art re-
liability, with a selective execution accuracy (on the answered
subset) of 92.3% and 92.5% respectively.
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2 Preliminaries

To set the context for our method, we first briefly review the stan-
dard text-to-SQL pipeline and then define the critical challenges
of applying uncertainty quantification to SQL.

2.1 The Standard Text-to-SQL Pipeline

Text-to-SQL refers to the task of transforming a natural language
question𝑄 and a relational database schema 𝑆 into an executable
SQL query. Formally, the task aims to generate a query 𝑓𝜃 (𝑄, 𝑆)
such that when executed on a database instance 𝐷 conforming
to 𝑆 , it retrieves the user’s intended answer.

Large language models (LLMs) have emerged as the dominant
approach, leveraging their pre-trained knowledge to bridge nat-
ural language and structured schemas [13, 14, 14, 23]. As noted
in prior work [7, 15, 17], the most effective LLM-based systems
adopt a structured, three-stage pipeline to solve this task:

(1) Schema Linking: The model first analyzes the query 𝑄

and schema 𝑆 to map natural language references (e.g.,
"highest population") to the corresponding database com-
ponents (e.g., the Population column in the Cities table).
Accurate linking is a critical prerequisite for correct query
generation.

(2) CandidateGeneration:Using the linked schema, an LLM
generates one or more SQL query candidates. This stage of-
ten involves specialized prompt engineering or fine-tuning
to produce syntactically valid queries that conform to the
schema’s constraints.

(3) Candidate Selection: Finally, if multiple candidates are
generated, a selection or re-ranking model chooses the
single most promising query. This is often another LLM
call that evaluates the candidates based on likelihood or
other heuristics [15].

While this pipeline has proven effective, the final output typi-
cally lacks a formal reliability guarantee. This motivates the need
for a principled uncertainty quantification framework, which we
discuss next.

2.2 Uncertainty Quantification

Uncertainty quantification (UQ) is critical for building reliable
AI systems. In text generation, uncertainty is often measured
using model internals. A common method is token-level entropy
[5, 22], which quantifies the model’s confidence in its probability
distribution over the next token. While effective for capturing
local uncertainty, this metric struggles with semantic variation
(i.e., different but valid tokens can express the same meaning). Se-
mantic entropy [12] was proposed to address this by measuring
variation in meaning rather than just syntactic differences.

This distinction is critical. Consider the following queries gen-
erated for the question: "List the unique names of employees who
work in the sales department":
Golden Query

SELECT DISTINCT(name) FROM employees WHERE
department = ’sales’;

First Generated Query (Correct)

SELECT DISTINCT(name) FROM employees WHERE
id IN ( SELECT id FROM employees WHERE
department = ’Sales’ );

Second Generated Query (Incorrect)

SELECT DISTINCT(name) FROM employees WHERE
department != ’sales’;

A UQ method based on textual similarity (like edit distance
or token overlap) would heavily penalize the First Generated

Query. It is syntactically complex and looks very different from
the Golden Query. However, it is functionally identical and se-
mantically correct. This is an example of syntactic variability:
multiple, different-looking SQL queries can express the same
intent and produce the same correct result. A reliable UQ method
must be robust to this.

Conversely, the Second Generated Query is syntactically
very similar to the Golden Query, differing by only one operator
(!= vs. =). A text-based UQ method would likely assign it a high
confidence score. However, this query is semantically disastrous
and returns the exact opposite of the intended result. This high-
lights the primary challenge of execution correctness: syntactic
similarity is a poor and unreliable proxy for semantic correctness.

This example demonstrates that uncertainty in text-to-SQL
cannot be measured at the surface level. Any reliable framework
must go beyond textual analysis and incorporate execution

behavior. This motivates our proposal for execution entropy, a
novel uncertainty measure tailored for database querying, which
we introduce in Section 3.3.

2.3 Conformal Prediction for Text-to-SQL

Conformal Prediction (CP) is a statistical framework that pro-
vides formal, model-agnostic reliability guarantees [1]. For a
user-defined confidence level 𝛼 , CP constructs a prediction set
𝐶 (𝑥) that is guaranteed to contain the true correct prediction 𝑦∗

with a probability of at least 1 − 𝛼 , such that:

𝑃 (𝑦∗ ∈ 𝐶 (𝑥)) ≥ 1 − 𝛼

This guarantee is achieved by using a small, held-out cali-
bration set of examples with known correct labels. This set is
used to learn a confidence threshold 𝜏𝛼 for a chosen noncon-
formity measure 𝑐 (𝑦, 𝑥). This measure scores how "unusual" or
"non-conforming" a given prediction 𝑦 is, relative to the model’s
behavior on the calibration data. The final prediction set for a new
input 𝑥 is then defined as all predictions whose nonconformity
score is below this threshold:

𝐶 (𝑥) = {𝑦 | 𝑐 (𝑦, 𝑥) ≤ 𝜏𝛼 }
The entire validity of the CP framework hinges on the choice

of this nonconformity measure. This presents the critical gap,
as Section 2.2 demonstrated that standard, text-based metrics
are unreliable for SQL. If the nonconformity measure is based
on syntactic similarity (like edit distance), the framework will
fail. It would incorrectly penalize the functionally identical First
Generated Query (high nonconformity) and incorrectly accept
the semantically disastrous Second Generated Query (low non-
conformity).

Therefore, a reliable CP framework for SQL is not possible
with standard, text-based nonconformity scores. It requires a new
measure that is aware of execution correctness. This motivates
our core contribution: an execution-aware nonconformity score
built on our novel execution entropy measure.

3 The RTS++ Framework

To address the challenges of uncertainty and reliability for text-to-
SQL generation, we introduce RTS++, our framework for reliable
end-to-end text-to-SQL generation. RTS++ enhances the stan-
dard 3-stage pipeline by integrating statistical guarantees at each
critical step. As depicted in Figure 1 , the framework first lever-
ages the existing RTS [2] system for reliable schema linking, then
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Figure 2: Overview of the RTS++ SQL Generator. This com-

ponent enhances generation and selection with reliable

signals, including execution entropy and conformal pre-

diction.

passes the trusted schema to our novel Reliable SQL Generator
to produce a final, high-confidence query.

3.1 Reliable Schema Linking

The first stage of our pipeline, schema linking, is handled by
the Reliable Text-to-SQL (RTS) framework [2]. RTS integrates
Branching Point Prediction (BPP), a form of conformal predic-
tion, to estimate the confidence of each individual schema link
(e.g., mapping a natural language phrase to a specific column).
When the model identifies a high-uncertainty link, it does not
silently proceed. Instead, it either abstains or triggers a human-
in-the-loop interaction, proactively asking the user to resolve
the ambiguity. As shown in [2], this strategy is highly effective:
it achieves near-perfect linking accuracy across diverse bench-
marks while keeping the number of user interventions low. This
strikes an effective balance between autonomy and correctness,
providing a high-confidence, trusted set of linked schema ele-
ments for the downstream components.

3.2 Reliable SQL Generator

After the high-confidence schema links are acquired, they are
passed to our novel Reliable SQL Generator, as illustrated in
Figure 2. This component is responsible for the subsequent gen-
eration and selection stages and contains our core contributions.

The process begins with the Candidate Generation module,
which produces multiple diverse SQL queries. These candidates
are then evaluated to generate two key reliability signals. First,
our novel Execution Entropy measure quantifies uncertainty
based on execution results. Second, a Candidate Selection model
assigns a Selection Probability score. These two reliability sig-
nals—probability and entropy—are fed into the final Conformal
Prediction module, which decides if a query is reliable enough to
execute or if the system must abstain and defer to a human.

3.2.1 Candidate Generation The candidate generation stage pro-
duces multiple SQL queries that could potentially answer the
user’s question. To do this, we prompt an LLM with the natural
language query and a serialized representation of the trusted
schema. Following prior work [17], we use multiple prompt tem-
plates to encourage the generation of𝑚 diverse SQL candidates
for the question 𝑄 , 𝑆 = {𝑠1, ..., 𝑠𝑚}. Generating a diverse set in-
creases the likelihood that at least one correct query is present.

The only requirement for this stage is that we can access
the model’s decoding logits to derive the generated sequence
likelihood 𝑝 (𝑠𝑖 |𝑄). This probability information is essential for

computing the selection probability and our execution entropy
measure in the following stages.

3.3 Execution Entropy

As discussed in Section 2.2, standard text-based uncertainty met-
rics fail to capture semantic stability. To address this, we introduce
Execution Entropy, a measure rooted in self-consistency that
quantifies uncertainty over the space of execution results rather
than surface-form tokens.

Given 𝑚 generated candidates 𝑆 = {𝑠1, . . . , 𝑠𝑚} with sequence
probabilities 𝑝 (𝑠𝑖 | 𝑄), we first execute all candidates against the
target database. To group these executions meaningfully, we map
each candidate’s output to a canonical form Φ(·). This is neces-
sary because raw SQL results often differ in non-semantic ways.
Our canonicalization process applies three transformations:

• SetNormalization:This transformation handles unordered
results by sorting the rows and columns of the result set.
For example, {𝐴, 𝐵} ≡ {𝐵,𝐴}.

• Type Standardization: We unify numerical precision to
prevent insignificant formatting differences from creating
distinct clusters. This ensures values such as 42 and 42.0
are treated as identical.

• Null Handling: We treat NULL values as distinct, explicit
tokens to ensure they are not conflated with empty strings
or zeros.

We define two candidates 𝑠𝑖 and 𝑠 𝑗 as belonging to the same
cluster 𝑟 if and only if their canonicalized results match:

Φ(Exec(𝑠𝑖 )) = Φ(Exec(𝑠 𝑗 ))

For each identified cluster 𝑟 , let 𝑆𝑟 be the subset of candidates
belonging to that cluster. We calculate the cluster probability
𝑃 (𝑟 | 𝑄) by marginalizing over 𝑆𝑟 :

𝑃 (𝑟 | 𝑄) = 1
Z

∑︁
𝑠 𝑗 ∈𝑆𝑟

𝑝 (𝑠 𝑗 | 𝑄) (1)

where Z =
∑

𝑠𝑘 ∈𝑆 𝑝 (𝑠𝑘 | 𝑄) is the normalization factor. We
then assess the overall semantic confusion using cluster entropy
𝐻 (𝑄):

𝐻 (𝑄) = −
∑︁
𝑟 ∈R

𝑃 (𝑟 | 𝑄) log 𝑃 (𝑟 | 𝑄) (2)

Finally, to score an individual candidate 𝑠𝑖 belonging to result
cluster 𝑟 , we calculate the Execution Entropy Score 𝐻exec by
combining cluster entropy with the negative log-probability of
its cluster:

𝐻exec (𝑠𝑖 ) = 𝐻 (𝑄)︸︷︷︸
Global Confusion

− log 𝑃 (𝑟 | 𝑄)︸        ︷︷        ︸
Local Outlier

(3)

To understand the utility of this formulation, consider the
distinction between syntactic and semantic variance. If a model
generates ten distinct SQL queries that all produce the same result,
standard token-based entropy would register high uncertainty.
In contrast, our metric registers zero uncertainty. Conceptually,
𝐻exec (𝑠𝑖 ) identifies two specific failure modes:

• Global Confusion (High𝐻 (𝑄)): The model spreads prob-
ability mass across many conflicting answers (e.g., results
A, B, C, D all have ≈25% probability), suggesting it does
not know the answer.

• Local Outliers (Low log 𝑃 (𝑟 | 𝑄)): The model is globally
confident in a dominant result, but the specific candidate
𝑠𝑖 produces a rare execution result (an outlier). Because 𝑠𝑖
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links to this unlikely outcome rather than the consensus,
it is penalized as untrustworthy.

We employ𝐻exec (𝑠𝑖 ) as the nonconformity score in our conformal
prediction framework, ensuring that the constructed credible set
prioritizes candidates that belong to the dominant consensus
within a stable distribution.

3.3.1 Execution-Guided Conformal Prediction The final stage of
our framework, candidate selection, uses the reliability signals
from the previous steps to build the formal Conformal Prediction
(CP) framework. As motivated in Section 2.3, the key to a reli-
able CP framework is an execution-aware nonconformity score.
We now show how we construct this score by combining our
execution entropy with a selection probability.

Our nonconformity score is built from two signals. The first
is the Selection Probability (𝑃

sel
). For each candidate 𝑠𝑖 in

our set 𝑆 , we use a reranker model 𝑀 to assign a score 𝑃sel (𝑠𝑖 |
𝑄), representing the model’s likelihood of 𝑠𝑖 being the correct
query. The second signal is our Execution Entropy (𝐻exec),
𝐻exec (𝑠𝑖 ), which we defined in Section 3.3. This score represents
the uncertainty of the execution result that 𝑠𝑖 produces.

We combine these two signals into a single Execution-Aware

Score, 𝐹 (𝑠𝑖 ), for each candidate:

𝐹 (𝑠𝑖 ) = 𝑃sel (𝑠𝑖 | 𝑄) · exp(−𝜆𝐻exec (𝑠𝑖 ))
Here, 𝜆 is a hyperparameter that controls the trade-off. This
score is intuitively powerful: it is high only for candidates that
both have a high individual probability (𝑃sel) and belong to a
low-entropy, high-confidence result cluster.

To integrate this into the CP framework, we define our non-
conformity score 𝐴(𝑠𝑖 ) as the negative of our score (since high
scores are good, they should represent low nonconformity):

𝐴(𝑠𝑖 ) = −𝐹 (𝑠𝑖 )
Using a held-out calibration set, we compute this score for all
calibrated examples and find the (1 − 𝛼) quantile, which gives
us our reliability threshold 𝜏𝛼 . The final credible set 𝐶𝛼 is then
all candidates whose nonconformity score is at or below this
threshold:

𝐶𝛼 = {𝑠𝑖 ∈ 𝑆 | 𝐴(𝑠𝑖 ) ≤ 𝜏𝛼 }
This credible set 𝐶𝛼 is guaranteed to contain the correct SQL
query with a probability of at least 1−𝛼 . The RTS++ system then
makes its final decision based on the contents of this set:

• Abstention: If 𝐶𝛼 = ∅ (the set is empty), it means no can-
didate met the reliability threshold. The system abstains
and returns no query, preventing a potential error.

• Single Candidate: If |𝐶𝛼 | = 1 (the set has exactly one
member), that single query is selected as the final, trusted
prediction.

• Multiple Candidates: If |𝐶𝛼 | > 1, it means the system is
confident in multiple candidates. The system abstains due
to ambiguity or, in a human-in-the-loop setting, presents
the credible set to the user for disambiguation.

4 Experimental Evaluation

We now present our experimental evaluation, designed to assess
the effectiveness and reliability of the RTS++ framework. We
structure this section as follows: First, we detail the Experimen-

tal Setup, including our datasets, baselines, and metrics. We then
present our Main Results on the Spider and BIRD benchmarks,
focusing on the trade-off between execution accuracy and cover-
age. Following this, we provide in-depth Ablation Studies to

validate the contribution of key components like execution en-
tropy. We conclude this section by analyzing theComputational

Overhead and summarizing broader insights.

4.1 Experimental Setup

We conduct experiments to evaluate the effectiveness and reli-
ability of RTS++ in the text-to-SQL task. Our goal is twofold:
(1) to assess whether RTS++ can maintain high execution ac-
curacy while offering probabilistic correctness guarantees, and
(2) to examine the benefit of abstention and human-in-the-loop
mechanisms in handling ambiguous queries.

Datasets. 1 We report results on Spider [23] for cross-domain
generalization and BIRD [14], which reflects complex, real-world
database scenarios. For both datasets, we use the respective train-
ing sets to construct calibration datasets. For the BIRD bench-
mark, we report evaluation results on the development set. For
the Spider benchmark, we report results on the official test set.

Implementation Details. We implement our system using two
different large language models: GPT-4.1 and DeepSeek. For
schema linking, we adopt the RTS framework. In all experiments,
we assume users provide accurate feedback during the interac-
tion loop. We fix the user-defined error tolerance parameter 𝛼 to
0.1 (implying a target reliability of 90%). Regarding the weighting
coefficient 𝜆, we performed a grid search on the validation set
and empirically set 𝜆 = 1, as equal weighting between selection
probability and entropy yielded the most stable calibration

4.2 Models and Baselines

We compare our approach against the following models:
• Reranking Pipeline: A standard generation pipeline that

produces multiple SQL candidates and selects the top-1
based on likelihood, without any abstention mechanism.

• RTS++ & Abstention: Our proposed method using Con-
formal Prediction to abstain when the confidence set is
empty or contains multiple distinct result clusters.

• RTS++ & Human Feedback: Our method extended with
a human-in-the-loop component, where the credible set is
presented to a user for disambiguation instead of abstain-
ing.

• Best Reported Method: The strongest-performing sys-
tem previously reported for each benchmark. For Spider,
we report MiniSeek [23]; for BIRD, we report AskData
+ GPT-4o [14]. Note that these baselines operate at 100%
coverage (no abstention).

Evaluation Metrics. To ensure a fair comparison regarding the
reliability-coverage trade-off, we report:

(1) Selective Execution Accuracy (Reliability): The per-
centage of correct queries among the non-abstained sub-
set. This measures the trustworthiness of the system’s
answers.

(2) Abstention Rate: The percentage of queries where the
system refuses to answer.

(3) Effective Error Rate: The frequency of incorrect answers
explicitly delivered to the user. Unlike standard accuracy

1Note that while other text-to-SQL datasets (e.g., WikiSQL[26], Spider2[13],
BEAVER[3]) are available, they either (1) lack the complex schema and query
variety needed to evaluate probabilistic guarantees, or (2) do not include a devel-
opment set suitable for calibrating reliability-aware systems. Thus, we focus on
Spider and BIRD, which offer the most rigorous and representative settings for our
evaluation.
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(which penalizes abstention as error), this metric penal-
izes silent failures—incorrect answers that the user might
blindly trust.

4.3 Results

Model LLM Selective Acc. Abst. Rate

Best Reported Method – 91.2% 0.0%

Reranking Pipeline GPT-4.1 82.1% 0.0%
RTS++ & Abstention GPT-4.1 89.8% 18.4%
RTS++ & Human Feed-
back

GPT-4.1 91.4% 18.4%

Reranking Pipeline DeepSeek 84.2% 0.0%
RTS++ & Abstention DeepSeek 90.7% 16.1%
RTS++ & Human Feed-
back

DeepSeek 92.3% 16.1%

Table 1: Performance on Spider. “Selective Acc.” denotes

accuracy on the non-abstained subset.

Model LLM Selective Acc. Abst. Rate

Best Reported Method GPT-4-o 77.6% 0.0%

Reranking Pipeline GPT-4.1 62.6% 0.0%
RTS++ & Abstention GPT-4.1 78.4% 31.2%
RTS++ & Human Feed-
back

GPT-4.1 85.2% 31.2%

Reranking Pipeline DeepSeek 70.2% 0.0%
RTS++ & Abstention DeepSeek 88.5% 30.6%
RTS++ & Human Feed-
back

DeepSeek 92.5% 30.6%

Table 2: Performance on BIRD. The high abstention rate

(≈30%) reflects the higher ambiguity of BIRD queries.

4.3.1 Spider Benchmark Results Table 1 presents results on the
Spider benchmark. To enable a fair comparison, we report Se-
lective Execution Accuracy, which is computed only over
non-abstained predictions.

On GPT-4.1, the reranking pipeline baseline achieves 82.1%
accuracy. When equipped with our abstention mechanism, the
selective accuracy rises to 89.8%, while abstaining on 18.4% of
inputs. Crucially, this significantly lowers the Effective Error

Rate (from 17.9% to ≈10%), meaning fewer incorrect queries are
shown to the user. With human feedback incorporated, perfor-
mance improves to 91.4%, surpassing the best reported result
from MiniSeek (91.2

Using the stronger DeepSeek model, the reranking pipeline
reaches 84.2% accuracy. Our method with abstention increases se-
lective accuracy to 90.7%, and human feedback pushes it to 92.3%.
While the baseline MiniSeek achieves 91.2% with 100% coverage,
RTS++ achieves comparable or superior accuracy on the trusted
subset (84% coverage), effectively filtering out potential errors
before they reach the user.

4.3.2 BIRD Benchmark Results Table 2 summarizes results on
the BIRD benchmark, where the higher query ambiguity makes
reliability even more critical.

On GPT-4.1, the reranking pipeline baseline achieves only
62.6% accuracy, meaning nearly 40% of generated queries are
incorrect. With RTS++ , the selective accuracy improves sub-
stantially to 78.4% (+15.8 points), despite abstaining on 31.2%

of examples. This high abstention rate reflects the difficulty of
the dataset; however, it ensures that the answers provided are
trustworthy. Incorporating human feedback leads to a further
gain, reaching 85.2%.

Stronger results are observed with the DeepSeek backend. The
reranking pipeline achieves 70.2% accuracy. Our method with
abstention improves selective accuracy to 88.5%, and human feed-
back further boosts it to 92.5%. Critically, comparing RTS++ to
the best reported method (AskData, 77.6%) requires considering
the coverage trade-off. While AskData answers every query, it
has an effective error rate of ≈22.4%. In contrast, RTS++ (with
abstention) has a selective error rate of only 11.5%. This demon-
strates that RTS++ is far safer for deployment in high-stakes
environments where silent errors are costly.

4.4 Ablation Studies

We further investigate the contribution of individual components
in our system through a series of ablation experiments. Unless
otherwise stated, all results in this section are reported on the
BIRD benchmark using the DeepSeek backend with human feed-
back.

Figure 3: Effect of conformal

threshold on accuracy and

abstention.

Figure 4: Effect of removing

execution entropy from un-

certainty estimation.

4.4.1 Conformal Prediction Error Tolerance Figure 3 presents
how execution accuracy and abstention rate vary as we adjust
the conformal prediction error tolerance 𝛼 . As expected, lower
values of 𝛼—corresponding to stricter reliability targets—lead to
higher execution accuracy but increased abstention.

Interestingly, we determine that our method consistently main-
tains execution accuracy well above the theoretical lower bound
guaranteed by conformal prediction (dashed line), indicating that
our calibration procedure is effective in identifying genuinely
uncertain cases without being overly cautious. The abstention
rate declines from 35% to 27% as the error rate increases, allowing
practitioners to tune the system for the desired balance between
reliability and coverage.

4.4.2 Execution Entropy. We conduct an ablation to isolate the
contribution of execution entropy. Specifically, we remove the
entropy signal (setting 𝜆 = 0) during confidence calibration and
analyze the downstream impact.

Figure 4 shows that removing execution entropy consistently
leads to reduced execution accuracy and a simultaneous drop in
abstention rate. Execution accuracy degrades by up to 9.5%, while
abstention rate decreases by up to 4%. This indicates that without
the entropy signal, the system becomes overconfident, failing
to flag ambiguous queries that result in execution errors. This
confirms that execution entropy is a critical signal for detecting
semantic ambiguity that simple probability metrics miss.
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4.4.3 Computational Overhead A key concern in execution-based
approaches is latency. We analyzed the wall-clock time per query
on the BIRD development set. The average total latency per query
ranges from approximately 3.7s to 30s. This variance is driven
primarily by the LLM generation overhead and API queuing
delays. Crucially, the computational cost introduced by RTS++
itself—executing𝑚 candidates and computing clusters—is mar-
ginal (≈ 0.1s per query) for standard OLTP workloads. Thus, the
reliability mechanism adds negligible overhead to the standard
generation pipeline.

4.5 Key Insights and Limitations

Our experiments demonstrate that RTS++ transforms text-to-
SQL from a stochastic “best-effort” task into a reliable service.
Current SOTA methods on BIRD plateau at approximately 78-82%
accuracy[14], implying that nearly one in five queries results in
a silent error. This high failure rate highlights the inherent ambi-
guity in real-world database inquiries; whereas existing models
effectively “guess” on these uncertain inputs, RTS++ utilizes
execution entropy to detect the ambiguity and makes the safe
choice to abstain. This effectively converts dangerous silent er-
rors into safe refusals, bridging the critical reliability gap required
for deployment.

Limitations. The primary limitation is the coverage-precision
trade-off; to gain safety, users must tolerate abstention. Addition-
ally, our reliance on execution signals introduces deployment
constraints:

• Scalability: While overhead is negligible (≈ 0.1𝑠) for stan-
dard benchmarks, executing multiple candidates on large-
scale data warehouses may require sampling or Approxi-
mate Query Processing to maintain low latency.

• Safety: Execution-based validation necessitates a read-
only or sandboxed environment to prevent unintended
side effects during the candidate generation phase.

5 Related Work

Text-to-SQL Generation and Benchmarks. The evolution of text-
to-SQL has been driven by a succession of increasingly challeng-
ing benchmarks. Early approaches employed sketch-based de-
coders on simpler datasets like WikiSQL [26], while subsequent
architectures such as IRNet [9] and RAT-SQL [20] introduced in-
termediate representations to tackle the complex schema linking
found in Spider [23]. The recent shift toward Large Language
Models (LLMs) has unlocked remarkable generalization capabil-
ities through in-context learning [11]. However, this paradigm
shift has also exposed a critical reliability gap: on the rigorous
BIRD benchmark [14]—which reflects real-world semantic ambi-
guity—even state-of-the-art methods have plateaued at approx-
imately 77–82% execution accuracy. This performance ceiling
highlights that accuracy maximization alone is insufficient for
production deployment, necessitating the robust uncertainty es-
timation and abstention mechanisms we propose. While newer
benchmarks like Spider 2.0 [25] and BEAVER [3] have emerged,
we focus our evaluation on Spider and BIRD to strictly assess
high-confidence, single-turn generation capabilities.

Uncertainty Estimation in Structured Prediction. Estimating un-
certainty is critical for deploying structured prediction models
in high-stakes environments. Traditional entropy-based mea-
sures, while effective for classification, are limited in text-to-SQL
by the problem of semantic variability: different SQL queries

can be syntactically distinct yet functionally equivalent. Recent
advancements like Semantic Entropy [12] address this by cluster-
ing outputs based on meaning, while Conformal Prediction [1]
provides a rigorous statistical framework for constructing valid
confidence sets. Our work builds upon these foundations but
diverges by introducing execution-based uncertainty measures.
Furthermore, recent work has extended conformal guarantees
to non-exchangeable text generation settings [19], ensuring ap-
plicability even when distribution shifts occur between training
and deployment.

Selective Prediction. Selective prediction and abstention have
been explored in classification [8] and more recently in NLP [21].
In the text-to-SQL domain, RTS [2] introduces abstention specifi-
cally for schema linking. Our work generalizes this mechanism
across the full text-to-SQL pipeline, integrating execution entropy
and conformal confidence to detect failures in the generation
logic itself, not just the linking phase.

Human-in-the-Loop Feedback. Incorporating user feedback im-
proves parser reliability. Prior work includes clarification-based
systems [10], interactive editing [18], and feedback-aware train-
ing [4]. We adopt a similar approach, triggering lightweight user
input only for abstained queries.

6 Conclusion

We present a principled and practical framework for reliable
text-to-SQL generation that integrates uncertainty estimation,
conformal prediction, and selective abstention. By quantifying
the model’s confidence through execution entropy and confor-
mal calibration, our method enables the system to abstain from
uncertain predictions and engage human feedback only when
necessary. This approach bridges the gap between model auton-
omy and reliability, addressing critical limitations in existing
reranking and validation-based strategies.

Through extensive experiments on Spider and BIRD, we demon-
strate that our method significantly improves execution accuracy
and robustness across both standard and large-scale settings.
Moreover, the framework allows practitioners to adjust the sys-
tem’s error tolerance to control when the model should abstain,
providing flexibility for deployment in risk-sensitive applications.
While our work focuses on single-turn text-to-SQL, the core ideas
of uncertainty-aware abstention and human-in-the-loop feed-
back are broadly applicable to other structured prediction tasks.
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7 Artifacts

The artifacts for this paper are available in our GitHub repository:
https://github.com/kckevinchen/RTS-SQL.
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