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ABSTRACT

Large Language Models (LLMs) have become the standard for nat-
ural language interfaces to databases, but their effectiveness can
be limited by context window constraints, especially for databases
with large schemas. Schema subsetting or linking, which is the
task of reducing the schema information provided to the LLM,
has emerged as a strategy to address these limitations, yet its im-
pact on NL-to-SQL performance remains unclear, particularly for
very large schemas. In this paper, we systematically evaluate 7
real-world schema subsetting modules across 3 contemporary NL-
to-SQL benchmarks, including Bird, Spider 2, and SNAILS, and we
introduce BigBird—an expansion of the Bird benchmark datasets
that provides additional data for evaluating subsetting of large
schemas. We also introduce new subsetting-specific performance
and efficiency metrics that enable in-depth evaluation of subsetting
methods. Our analysis aligns with other recent work that suggests
that most subsetting methods actually degrade NL-to-SQL execu-
tion accuracy from between 3% - 10% (model and method dependent)
on smaller schemas, but also reveals that some subsetting methods
can improve NL-to-SQL execution accuracy by up to 2% - 7% and
others reduce token usage while generally maintaining the same
execution accuracy performance as full-schema representations
on large schemas. We also present SKALPEL, a prototype hybrid
subsetting method that combines LLM-based question decompo-
sition with semantic search, suggesting the potential for reduced
token usage in NL-to-SQL workflows. These findings clarify the
trade-offs of schema subsetting and motivate future research on
scalable schema linking for large databases.
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1 INTRODUCTION

In the pursuit of better natural language interfaces with databases,
Large Language Models (LLMs) have become the defacto standard
for translating natural language questions into SQL queries. To
avoid confabulating non-existent schema elements and ensure valid
SQL identifiers, LLMs must include text-based schema knowledge
in prompts. However, real-world databases, especially enterprise
systems, often contain thousands of tables and tens of thousands
of columns, making full schema representations exceed even some
modern LLM context windows. In these cases, schema knowledge
representations that include supplemental information such as col-
umn and table descriptions can exceed even SoTA LLM context
window limitations, which can significantly degrade or eliminate
the ability of an LLM to generate valid SQL queries.

In addition to the high token cost of including an entire schema
reprsentation in prompts as well as the hard constraint of context
window limitations, even the newest LLMs are still susceptible to
degraded information recall due to large inputs. This tendency is
commonly referred to as the needle in a haystack problem, and more
recently as context rot [6] that describes a model’s ability (or failure)
to retrieve information from input prompts [7]. Although some
recent large context models such as GPT4.1 claim to have success-
fully mitigated needle in a haystack-related errors, the ability of a
model to perform more complex tasks more akin to determining the
usefulness of a table or column to a natural language question, such
as multi-round co-reference resolution (MRCR) [27], and semantic
understanding of complicated tasks [6], are still negatively affected
by high token counts [17].

The idea of reducing schema representation in LLM prompts
to improve LLM-based SQL generation has taken form in several
high-ranking NL-to-SQL methods on recent benchmark submis-
sions. Some recent analysis of LLM-based schema linking methods
provides a mixed view of the costs and benefits of such approaches.
Our concurrent and complementary analysis of schema subsetting
takes the body of schema research work even farther by asking
two questions: 1) what does the trade-off space of existing schema
subsetting methods look like in terms of their impact on NL-to-SQL?
and 2) how significant are its claimed benefits for large database
schemas?

Our Focus. In this paper, we extend the field of recent schema
linking research by examining 7 real-world schema subsetting mod-
ules reproduced from NL-to-SQL project source code, and testing
them over 3 benchmark datasets including Bird, the emergent Spider
2, and schema linking-focused SNAILS. We also address a shortage
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of NL-to-SQL examples over large schemas by creating an exten-
sion of the Bird benchmark dataset we call BigBird that increases
size of the database schemas in the Bird dev dataset. This is the
first work to evaluate real-world schema linking modules, using
schema linking-focused performance and efficiency metrics, over
very large database schemas. Using the lessons learned from our
benchmarking and analyses, we present a prototype hybrid schema
linking method we call SKALPEL to motivate additional research
toward more effective and efficient schema linking.

Schema Subsetting (AKA Schema Linking). Schema subset-
ting (also known as schema filtering, schema linking, structured
grounding, or entity retrieval) is an approach used by many data-
base NLIs to reduce schema knowledge size as a method for avoid-
ing context window limitations and mitigating the needle in the
haystack problem that can occur with very large prompts. It also
serves to reduce NL-to-SQL inference cost by reducing token counts
in LLM prompts. With LLM-based NL-to-SQL launching the useful-
ness of natural language interfaces (NLI) to databases into the realm
of the practical, attempts to further improve the quality of SQL in-
ference have begun to focus on sub-problems including schema
linking. Recent analysis yields mixed results. On one hand, oracle-
based evaluation suggests that reducing false positives improves
NL-to-SQL generation for smaller LLMs [8]. On the other hand, real-
world schema linking—without oracle knowledge—often proves
detrimental to generation quality. This is primarily the case for the
highest performing “flagship” LLMs [15]. Current schema linking
methods and analysis has relied on the Bird [12] and Spider [30]
benchmarks which have schema sizes smaller than many real-world
systems.

Contributions. This paper makes the following contributions:

e A comprehensive benchmarking framework specifically
aimed at the schema subsetting component of end-to-end
NL-to-SQL workflows.

o Areproduction and empirical analysis of 7 real-world schema
subsetting modules from published code repositories on 3
benchmark datasets: Bird, SNAILS, and Spider 2, and an ex-
tension of recent schema subsetting research to very large
schemas.

e BigBird: an expansion of the schemas in the Bird benchmark
dev dataset to enable more indepth research into NL-to-SQL
over very large schemas.

e We present SKALPEL: a new subsetting scheme for improv-
ing NL-to-SQL efficiency over very large schemas.

2 BACKGROUND AND PRELIMINARIES

Schema knowledge subsetting (also known as schema linking) is the
process of extracting a subset of relations and attributes from a data-
base schema with the objective of eliminating as many unneeded
identifiers while retaining all identifiers required for a correct query
generation.

In this section, we review recent subsetting modules in NL-to-
SQL systems ranked highly on the Bird benchmark. We measure
subsetting effectiveness by ablating schema knowledge represen-
tations from a full schema to only identifiers present in a correct
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Figure 1: Schema subsetting methods use a variety of tech-
niques and resources including frontier (API-based) LLMs,
smaller locally-hosted and finetuned models (both LLM and
SLM), and vector search. Some methods use more than one
method such as CHESS which uses multiple LLM agents and
vector search. Underlined methods indicate that a method is
included in our experiments.

query, and we establish symbolic definitions of the subsetting prob-
lem.

2.1 Survey of Subsetting Approaches

Many leading submissions to the Bird NL-to-SQL benchmark [12],
including the top performer, use schema subsetting. As of June 2025,
5 out of the top 15 entries [3, 4, 22, 23, 29] on Bird’s execution accu-
racy leaderboard use some form of schema subsetting in their SQL
generation pipelines. While some analysis suggests that the risk of
omitting required identifiers during the subsetting step negates any
potential benefit [15], the overall performance of the top submis-
sions that use schema subsetting suggest that, when done correctly,
subsetting may be improving NL-to-SQL performance in some cases.
These mixed results motivate additional scrutiny of existing schema
subsetting methods to 1) determine their overall usefulness for im-
proving NL-to-SQL, and 2) discover specific aspects of subsetting
methods that either improve or degrade NL-to-SQL generation.

Selection Criteria for Evalution. Our research objective is to
evaluate the best representations of a variety of subsetting meth-
ods, most of whose relatively high positions on the Bird execution
accuracy leaderboard indicates good performance. Our ability to
reproduce a given subsetting method is limited by code and model
availability, and this constraint eliminates a large proportion of
entries, as only 34 of the 74 entries provide links to their source
code. Of the remaining entries, we select entries that indicate the
use of a schema subsetting step and provide a fully reproducible
codebase and, where applicable, model weights. Figure 1 shows
the 7 subsetting methods we evaluate in our research and their
classification in terms of subsetting model type and technique.

Subsetting with LLMs. Several approaches make use of the
same LLM used for NL-to-SQL generation in a prior step that in-
cludes submitting a full schema, a natural language question, and
instructions to identify the most-relevant schema entities. The out-
put of this reduction step is typically used as input to an SQL
generation prompt. LLM-based subsetters are subject to the same
context limit constraints as an SQL generation prompt, and so a



database schema representation that is too large for naive NL-to-
SQL inference with full schema knowledge will also be too large
for a schema subsetting prompt.

DIN-SQL [19], and C3 [2] use LLM-based schema subsetters as
preliminary actions in a multi-step zero-shot NL-to-SQL generation
pipelines. RSL-SQL [1] uses an LLM-based bi-directional subsetting
method that combines the results of two actions: 1) a few shot
prompt instructing the LLM to select relevant schema elements
based on a natural language question, and 2) and extraction of table
and column names from a preliminary SQL query generated via zero-
shot prompting and the full schema representation. TA-SQL [21]
pre-processes a database with LLM-generated column descriptions
which are used to supplement schema knowledge representations
in a zero-shot SQL generation prompt. TA-SQL generates subsets
through identifier extraction from the generated preliminary SQL
queries.

Hybrid Subsetting Methods. Some methods employ multiple
techniques including the use of both LLMs and semantic search.
CHESS [23] is an agentic system that contains information retriever
and schema selector agents that execute their tasks sequentially to
generate schema subsets. The information retriever agent has access
to information retrieval tools that use vector searches over identifier
embeddings to retrieve the most relevant identifiers. The schema
selector agent refines the information retriever’s selections using
LLM-based few shot prompting. Crush [9] is the only method that
does not correspond to a Bird benchmark entry. It is an LLM-based
subsetter that introduces the novel idea of schema hallucination
as a pre-step to semantic search of vector representations of the
target database’s identifiers.

Subsetting with Finetuned Models. Another approach is to
finetune a smaller language model (SLM) specifically to the task
of schema subsetting. DTS-SQL [20] uses a finetuned 7B param-
eter Deepseek Coder [5] to subset schemas by selecting relevant
tables. Code-S [11] employs a pre-trained T5-based model and adds
a value lookup feature that seeks alignment between natural lan-
guage symbols and text values in a target database. Code-S employs
subsetting-specific analysis via area under curve (AUC) metrics for
table and column recall. The authors of DTS-SQL introduce the
use of precision and recall to evaluate schema linking performance
separately from overall NL-to-SQL performance. MAC-SQL [28]
uses a selector agent composed of an LLM prompt sequence run
against a finetuned 7B parameter LLM to reduce a database to a
subset database aligned with an input natural language question.

2.2 Subsetting Effectiveness

Schema Subset Proportion Effects on NL-to-SQL. To test the
assumption that schema subsetting improves NL-to-SQL perfor-
mance, we perform subset proportion ablation where we modify
schema representations iteratively to randomly reduce the pro-
portion of unneeded schema identifiers in a SQL creation prompt,
where a proportion of 1.0 contains all schema identifiers, and a
proportion of 0.0 contains only the identifiers required for a correct
result. Figure 2 shows the result of a zero-shot prompt with varying
proportions of schema knowledge executed over the SNAILS bench-
mark dataset at the Native naturalness level. There is an evident
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Figure 2: Execution accuracy (y-axis) over the medium- and
large-sized schemas in the SNAILS benchmark generally ex-
hibits a downward trend as the proportion of unneeded iden-
tifiers increases.

trend of performance improvement as the proportion of unneeded
identifiers decreases for all models at most proportion levels. When
the schema representation sheds all unneeded identifiers (the case
of a perfect subset), execution accuracy improves dramatically for
all models.

The takeaway from this evaluation is two-fold: 1) the usefulness
of schema subsetting at different proportions is model-dependent,
and 2) the potential for performance improvement in the case of
a subset with perfect recall motivates further evaluation and im-
provement of real-world subsetting methods.

2.3 Definitions and Notation

Schema and Database. We evaluate subsetting processes over
a relational database schema S that contains a set of relations R
and their attributes A € R. Each relation R is a bag of tuples #1._
where t[A] references an atomic value v of the type of attribute A.
The database instance D is the realization of S such that t[A;. ,] €
Ri.n € S = D, and an SQL query Qsq1 over D returns a result
r which is also a bag of tuples. We denote the set of all values v
in D as V, and specify the set of all values in a given relation or a
relation and attribute as Vg and Vg 4 respectively.

SOL Queries and Identifiers. An SQL query Qg references
relations R and attributes (A in its projection and selection clauses.
We differentiate between SQL queries that are members of bench-
mark question and query pairs as “gold” queries, with the notation
QsqiGold and queries that are predicted by an NL-to-SQL function
with the notation Qggypyeq- For the purposes of subsetting analysis,
we consider Qg in a syntax-agnostic manner, simply as a set of
its identifiers organized as a schema subset S’ containing a subset
of schema relations R’ and attributes A’.

We also define selection clause predicates # in simple terms of an
attribute A and value v, and denote them in the form P =< A, v >
where for a given predicate P, P4 and P, are the attribute and
value referenced in the clause. For example,

P :=< customer.name, “jones” > represents the selection expres-
sion customer.name = “jones”.

Benchmarks and Natural Language Question Symbols. A
natural language question Q,,; is comprised of an ordered sequence



Table 1: Schema size distribution for each benchmark dataset.

Size Columns BigBird Bird Snails Spider2 Total

S <100 0 9 1 34 44
M <1,000 0 2 6 43 51
L <2,500 0 0 1 10 11
XL <50,000 11 0 0 14 25
XXL <100,000 0 0 1 4 5

of symbols w € Q,; where symbols may be words, numbers, or
special characters.

NL-to-SQL benchmarks B are collections of databases D and asso-
ciated natural language question Q) and gold SQL query QsqiGotd
pairs. We denote each pair of Qy, QsqiGoia € D € B as Q so that

Q =<0y, qulGold >.

Subsetting Function. We define an abstract schema subsetting
function ¥ which generates a schema subset S’ given the inputs
Q1 and D. This function uses an abstract comparison operation
denoted as ~ (and its negation +) which is satisfied if there is suffi-
cient semantic similarity or other relevance-defining relationship
between one or more symbols in Q,,; and one or more entities in a
database D.

¥(Qni D) — {§]8” ¢ 5}
where relations and attributes are included in the subset by the
criteria:

¥(Q,,D) = Yw € 0,y 3R|R € DA
(R~wV@ARA~w) ()

That is, relations and attributes are members of the schema subset
S’ if they satisfy the semantic similarity comparison operation ~
for at least one symbol w in Q,,;. Note that there is no restriction on
the ~ Q,,; operation so that we can overload ¥ and its ~ operator
in specific implementations in subsequent sections.

3 METHODOLOGY

To thoroughly evaluate multiple subsetting methods across multi-
ple benchmarks, we create a modular object-oriented architecture
to standardize interfaces between benchmarks, subsetting methods,
evaluation processes, and NL-to-SQL generation. The core of this
approach is the schema data object, represented in our project as
a Python object that can be transformed to DDL and JSON repre-
sentations and is exclusively used as the representation of both full
and subset schemas throughout the project codebase.

3.1 Benchmarks

NL-to-SQL Benchmarks. The availability and difficulty of NL-
to-SQL benchmarks have evolved at a pace relatively aligned with
the advancement of NL-to-SQL systems. BIRD [30] is currently the
most active benchmark, and offers a level of complexity that has
posed a challenge for the current generation of LLMs and systems
to achieve human-level performance. The BIRD benchmark consists
of 95 databases, over 12,000 question-SQL pairs, and 37 domains.

These data are split across a training, dev, and test set with the
training and dev set available to the public.

Spider [30] was the most active NL-to-SQL benchmark at the
beginning of the LLM-based NL-to-SQL era, and provides an inter-
esting view of the associated advancement in NL-to-SQL capability
over time. Spider has since reached benchmark saturation, and
Spider 2.0 [10] supersedes it as the newest NL-based database inter-
action benchmark, focusing on multi-step data retrieval over large
and complex schemas. Unlike its predecessors, Spider 2.0 does not
provide dev or test set question-SQL pair data for model training.
Instead, the authors make a subset of the test data question-SQL
pairs available (256 total) to assist developers with prompt design.
Spider 2.0 extends the set of target databases beyond Sqlite and also
includes both Snowflake and BigQuery databases.

The SNAILS [13] project contains a benchmark dataset of 9
databases and 503 question-SQL pairs designed to represent real-
world relational database schema design patterns including schema
naming practices (defined as naturalness), schema size, and complex
dependencies.

BigBird: An Extension of the Bird Dataset. An obstacle to
achieving the goal of evaluating subsetting over large schemas is
the limited number of Q aligned to large schemas in existing NL-
to-SQL benchmark datasets. Although the Spider2 datasets contain
multiple examples of large schemas, the availability of Q associated
with these schemas is insufficient for a meaningful evaluation. To
remedy this shortage, we take advantage of the Bird [12] dev set
consisting of over 1,500 Q by supplementing the 11 D in the B with
additional R and A elevating them to the XL category (see Table 1).

We create the additional schema objects by prompting the GPT-
0SS-120b LLM with a schema represenation containing the original
tables as well as additional tables created in prior iterations. We pro-
vide the instruction to create new tables that extend the semantics
of the schema within its domain without duplicating existing infor-
mation. This avoids semantic collisions with the base tables targeted
by Q so that the Q;41G,14 does not change given the larger schemas.
Details of this implementation are available in the appendix.

Benchmark Data. To evalute subsetting methods against a di-
verse set of schemas, we retrofit the Spider2 [10], SNAILS [13],
Bird [12], and BigBird NL-to-SQL benchmarks. All benchmarks
conform to the Q =< Q. QsqiGota > format, where NL ques-
tions are paired with a ground truth Q46,14 used for evaluating
correctness of subsetting method-generated Qg q1preq queries.

Table 1 summarizes the benchmark schemas in terms of 5 size
categories based on the total number of columns in a schema. The
Bird dev set, the benchmark that appears most often in similar
research, contains only small- and medium-sized schemas whereas
the SNAILS and Spider 2 collections contain much larger schemas.
The BigBird benchmark extension expands the availability of extra
large-sized schemas. Schema size categorization enables a cross-
benchmark evaluation of subsetting that prioritizes overall schema
size over the source benchmark, which is important in subsetting
evaluation because some methods are constrained by model input
context limits that may render them useless in a particular size
category.



Benchmark Integration. The four benchmarks differ from each
other in terms of how they perform schema representation, gold
query and natural language question pairs formatting, and database
storage and access. We define an abstract NL to SQL object with
standard function calls and iterators that serves as the super class
to the individual benchmark sub-classes that wrap the underlying
benchmark behaviors in a standardized interface. This approach
allows us to perform online benchmark instantiation using a factory
class and greatly increases the interchangeability of benchmarks in
the subsetting evaluation and NL-to-SQL experiments.

3.2 Schema Subsetting

We modularize and abstract the schema subsetters in a similar fash-
ion as the benchmark class. Extracting the subsetting behavior from
real-world NL-to-SQL systems varies in complexity by each system
with some methods requiring more complex interfaces than others.
Regardless of underlying method complexity, we are able to apply
a singular schema subsetter interface to each one, thus also mak-
ing the subsetter modular and relatively “easy” to modify existing
methods and experiment with new methods. Schema subsetters
accept 3 inputs: a benchmark question object, an associated schema
object, and a natural language question. They return a result that
contains a schema object (subset) and token usage data.

3.3 NL-to-SQL Generation

There are a variety of approaches to LLM-based NL-to-SQL gen-
eration, and the NL-to-SQL systems from our evaluated subset-
ting modules employ an various post-subsetting techniques includ-
ing zero-shot NL-to-SQL generation, error correction, few-shot
example-based NL-to-SQL generation, etc. To maintain consistency
in evaluation between subsetting methods, we forego more com-
plex NL-to-SQL techniques and instead use a zero-shot prompting
approach that includes SQL generation instructions, the schema
subset (represented serially as table: column 1, column 2, ..., col-
umn n), and additional evidence or hints relating to the schema if
provided in the benchmark dataset.

We evaluate 7 LLMs from the OpenAI GPT [16, 18], Meta Llama [25],

and Google Gemini [24] model families. We categorize the models
into 3 classes: Flagship models (GPT 4.1, Gemini 2.5 Pro), economy
models (GPT 4.1-Nano, Gemini 2.5 Flash, Gemini 2.5 Flash-Lite),
and open source models (Llama 3.3 70B Q8, GPT OSS 120B).

We use the OpenAI and Google API libraries for flagship and
economy model integration. We host Llama 3.3 using Ollama on
a dedicated server equipped with 2 AMD 9254 24-core processors,
541GB of system memory, and 2 NVIDIA A100 GPUs, with the
model occupying 1 GPU. We host GPT OSS 120B using vLLM on
a dedicated server equipped with 2 AMD 9654 96-core processors,
1,623 GB of system memory, and 8 NVIDIA H100 GPUs, with the
model occupying 4 GPUs.

3.4 The SKALPEL Subsetter

In addition to a thorough evaluation of existing subsetting modules,
we evalute the potential of a hybrid semantic search and LLM-based
subsetting method with the goals of reducing token usage and
improving NL-to-SQL for very large database schemas (Figure 3).
The primary design goal of SKALPEL is to maximize table and
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Figure 3: The prototype SKALPEL subsetter combines LLM-
based question decomposition and embedding vector genera-
tion to perform table retrieval from a vector store. SKALPEL
measures cosine distance between the embeddings of 2-3
sentence table descriptions and a set of object descriptions
decomposed from a Q,; and returns S;, tables with all of
their columns whose distance are below a specified thresh-
old.
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Figure 4: We compare perfect recall and schema proportion
(inverted on Y-axis) by ablating the SKALPEL question de-
composition and table description methods. We find that
question decomposition and table description distances at
a distance threshold of 0.6 yields a target combination of
perfect recall (0.92) and schema proportion (0.80) which fa-
vors recall without sacrificing some potential benefit from
schema size reduction.

column recall while minimizing subset size, minimizing token usage,
and reducing latency.

To accomplish this goal, we adopt a hybrid approach similar to
Crush4SQL [9] except instead of schema hallucination, we task the
LLM to decompose the question (similarly to the decomposition
method described in [8]) with the instruction “describe the various
objects, concepts, etc. in a natural language query” The output
of the object description task is embedded using the NovaSearch
stella_en_1.5B_v5 embedding generation model [31].

During an offline preprocessing stage, SKALPEL uses an LLM to
generate natural language descriptions of schema tables using the
table name, column names, and example values. These descriptions
are also embedded using NovaSearch and stored in a PGVector [26]
database. During subset generation, SKALPEL retrieves relevant
tables and all their columns via cosine distance search, where the
distance between question decomposition embeddings and table
description embeddings are less than or equal to 0.600.
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Figure 5: We evaluate NL-to-SQL performance over three
cosine distance thresholds, using the question decomposition
and natural language table description comparison approach.
The y-axis (execution accuracy) suggests that the higher 0.600
distance threshold yields the best NL-to-SQL performance.

We select the threshold 0.600 from the results of an experiment
which exposes the effects of threshold selection and feature ablation
on recall and schema proportion (or subset size) (see Figure 4) and
NL-to-SQL execution accuracy (see Figure 5).

During distance sensitivity analysis, we evaluate changes in
perfect recall, which is the mean of an identify function pr(r) =
1if r =1, and pr(r) = 0 otherwise where r is the recall score
calculated from the evaluation of ¥(Q,;;, D) — S;,re 4 forallQ € B.

In addition to distance sensitivity, we ablate SKALPEL by re-
moving both question decomposition and NL table descriptions,
and evaluating combinations of searches over raw table names and
unmodified Q,,;. After the initial similarity distance sensitivity and
feature ablation, we select 3 distances thresholds (0.525, 0.575, and
0.600) and run NL-to-SQL over all Q € B for all benchmarks. Fig-
ure 5 shows that the highest threshold evaluated (0.600) achieves the
highest execution accuracy for all LLM categories, and so we select
this threshold for all further evaluations of SKALPEL. Additional
ablation study details are available in the appendix.

4 EXPERIMENTS: SUBSETTING
PERFORMANCE

4.1 Discovering Schema Size Limits

In order to discover the limits of subsetting methods executed
over large schemas, we assess subsetting method capabilities in
the context of schema size categories (described in Table 1). We do
this by determining the percent of subsetting attempts that yield
a non-empty set of schema identifiers, which indicates that the
subsetting method did not encounter a condition that prevented it
from generating a subset.

Size Constraints. Exposing subsetting methods built to solve
smaller schemas in the Bird benchmark to larger schemas in the
SNAILS and Spider 2 benchmarks reveals some limitations in most
of the subsetting methods. Methods that load the entire schema rep-
resentation into a single LLM prompt tend to exceed LLM context
window limitations on very large schemas. Only 3 of the 7 methods
that we evaluate successfully completing inference over all bench-
mark schemas. Table 2 reveals the inference completion percentages
for each model and schema size. CodeS, a machine-learning based

Table 2: Percent of each schema size category that each sub-
setting method is capable of processing. Only 3 of the 7 eval-
uated methods are capable of processing all schemas.

¥ S M L XL XXL

CodeS 100% 100% 100% 100% 100%
DINSQL  100% 100% 100% 100% 100%
CHESS  100% 100% 100% - -
Crush 100% 100% 100% 100% 100%
DTSSQL  66% 12% - - -
RSLSQL ~ 100% 100% 82%  88% -
SKALPEL 100% 100% 100% 100% 100%
TASQL  100% 100% 100% 92% -

classifier approach, handles its small 512 token context via parti-
tioning. Crush4SQL is not subject to context window constraints
because it performs table and column retrieval using semantic
search. DINSQL generates a minimal schema representation with-
out additional value examples or identifier descriptions and thus
does not exceed the GPT4.1 context window. Chess did not exceed
any context limitations, however it relies on a column-by-column
assessment to determine column relevance—a method that proves
to be prohibitively expensive and time consuming for very large
schemas. In the following experiments, we only compare results
for subsetting attempts that do not exceed a subsetting method’s
capabilities.

4.2 Setup and Metrics

We evaluate 7 subsetting methods used by high-performing NL-to-
SQL submissions on the Bird [12] benchmark leaderboard. These
methods represent a variety of approaches including frontier LLM
prompting, SLM finetuning, and semantic search. We go beyond
the standard measures of precision, recall, f1, and also include
token usage (as applicable), inference time, preprocessing time
(as applicable), and subset size as a proportion of the full schema.
This allows us to assess the time and resource requirements for
each subsetting method, and motivates the development of more
economical methods.

Reproducing Subsetting Methods. We reproduce each of the 7
subsetting methods by integrating their publicly-available code into
our experiment’s modular evaluation architecture. Each method
requires the development of adapters to ensure a common and con-
sistent representation of S and Q in each benchmark B. Each LLM-
based and hybrid method requires API key configuration through
global variables, configuration files, or embedded code. Some older
methods (e.g., DINSQL) use deprecated LLMs. For consistency and
fair comparison between approaches, we configure the LLM-based
methods (DINSQL, TASQL, and RSLSQL) to use GPT 4.1.

Some subsetting methods, including hybrid methods that use se-
mantic search, use benchmark schema data pre-processing, which
we execute and evaluate in terms of time required. For small lan-
guage model-based methods including CodeS and DTSSQL, we
self-deploy the provided models, selecting the weights that indi-
cated the best performance in their respective publications. Due to



the complexity of such integrations, we leave the remainder of the
technical details including hardware resource requirements, code-
base modifications for experiment integration, and LLM service
configurations to the appendix.

Research Question. How do subsetting methods compare in the
trade-off space betwen recall, precision, f1, time-based performance,
and resource usage?

Evaluation Method. We evalute subsetting performance over
the NL-SQL question-query pairs Q € B in the Bird, SNAILS, and
Spider 2 benchmarks. The correct subsets used to derive recall, pre-
cision, and f1 scores include all identifiers (relations and attributes)
present in each pair’s gold SQL representation QsgiGold-

In order to derive the correct subset for each benchmark question,
we define an SQL parsing function P(Qgq) — S’ that arranges rela-
tions and attributes into a schema subset S’ comprised of identifiers
referenced in the input query Qg For each Q in a benchmark B,
we derive a gold schema subset S/Gold using P(QsqiGold) — Sé}old'
Because QsgiGold 1s @ syntactically correct query over its target
D € B, we assert that all S/Gold C S and that S,Gold represents the
execution of a perfect (or oracle) subsetter ¥(Q,,;,D) — S’. With
this assertion, we evaluate the output S;)re 4 of each subsetting

method’s implementation of ¥ against S/Go 14 for each Q.

YOnul» qulGold €QeB:
¥(Qn, D) — S;,red;P(qulGold) - S,Gold (2)

The end state of the process is a collection of predicted and gold
subsets for all question-query pairs used as the input to the analysis
described in the following sections.

Evaluation Metrics. Schema linking-specific metrics have be-
gun to appear in recent NL-to-SQL papers including precision and
recall [8, 9, 13, 15, 20], and AUC [11]. To the best of our knowledge,
our work is the first application of schema linking metrics to a
comparison of multiple reproductions of schema linking modules
used in real-world NL-to-SQL systems. Additionally, we believe
this to be the first work to evaluate schema subsetting in terms of
efficiency by measuring token usage, offline pre-processing time,
and inference time.

We evaluate performance of ¥ using the following metrics.

SchRecall: |SlGold N S;’redV'SIGold'

PerfRecall: 1 if ScheRecall = 1.0, 0 otherwise

SchPrecision: [S, ,, NS, 1/IS],.4]

Subset Proportion: |S;,re 41/1S]; (lower is better)

Inference Time: Mean time (in seconds) to execute ¥ over

Q e B.

e Prompt Token Count (LLM-based): Mean count of LLM
tokens used by ¥ to generate S;’red foreachQ € B

e Preprocessing Rate: SchemaProcessingTime /| A € S| where

SchemaProcessingTime is the time in seconds required to

perform pre-processing tasks such as generating vector

embeddings or data descriptions.

We expand the evaluation framework further by generating each of
the listed metrics for each identifier type (relations and attributes).

SchF1: 2x(SchRecall«SchPrecision) [ (SchRecall+SchPrecision)

e SchRelRecall: | R’ NR, d|/|RIGold|

1l IReorg 0 Ry l/ 1R
o SchRelPrecision: |RGold n RPredVlRPred'

e SchRelF1: 2  (SchRelRecall = SchRelPrecision)/
(SchRelRecall + SchRelPrecision)

e Relation Proportion: |‘R;,re d| /IR € S|; (lower is better)

e SchAtrRecall: | AL, N AR, /AL

e SchAtrPrecision: |‘ﬂ2;old N ‘ﬂ/Predmﬂ/Pred'

e SchAtrF1: 2 = (SchAtrRecall = SchAtrPrecision)/
(SchAtrRecall + SchAtrPrecision)

e Attribute Proportion: |ﬂ;)re d| /|A € S|; (lower is better)

Performance Constraints. While variance in precision indicate
method quality, other metrics indicate method feasibility where
failure to meet specific constraints will result in NL-to-SQL transla-
tion failure. That is not to say that a method should be discounted
outright in the event of a failure to meet the constraint in some
cases; rather the frequency of failures should be compared between
methods with the best methods being those with the fewest failure
occurrences.

Perfect recall: Failure of the subsetting function ¥ to recall all
Al o1q A RE 0 QsgiGora Will almost always ensure failure in
the downstream NL-to-SQL translation task. Thus, it is imperative
that we evaluate recall in the strictest terms possible with the goal
of identifying methods that yield recall values as close to 1 as pos-
sible. The proportion of subsetting attempts that achieve perfect
recall over all attempts represents the likely upper bound of execu-
tion accuracy in a subsequent NL-to-SQL step. Subsetting methods
that achieve perfect recall scores below downstream NL-to-SQL
(sans subsetting) execution accuracy proportion scores are likely
to reduce overall performance.

Subset size: schema subsets must be sufficiently small that gen-
erated prompts fit within the target LLM’s context window token
limitations. Subsetting attempts that fail due to context window
constraints are omitted from analysis. Subsetting method schema
coverage (the percentage of schemas each method is capable of
handling) is measured in Table 2.

Subsetting Challenges Analysis. We apply the subsetting chal-
lenge definitions in Section ?? to categorize failures and isolate fail-
ure causes. Identifying subsetting challenge-related failure states
requires an implementation of the semantic similarity compar-
ison operation denoted as ~. We make use of the NovaSearch
stella_en_1.5B_v5 embedding generation model [31] with a se-
quence length of 1,024 and store the embeddings in a PGVector
database. The similarity comparison operation ~ is satisfied when
the cosine distance between two sequences is below a similarity
distance threshold. We derive the similarity threshold through iter-
ative evaluation of threshold values, selecting the value that yields
the most satisfactory results as determined by a human researcher.

4.3 Subsetting Evaluation Results

Table 3 displays all subsetting performance metrics for each method
at each schema size where only successful subsetting attempts for
each method are included in the evaluation calculations. Figure 6
provides a visual comparison of subsetting methods over key accu-
racy and performance metrics.
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Figure 6: These radar charts display the tradeoffs between performance (measured by precision, f1, and recall) and time and
resource usage (measured by inference time, prompt tokens, and pre-processing). Sensitivity to database size (S, M, L, XL, XXL)
varies by both subsetting method and measure, and generally performance across all measures decreases as database size
increases. Metrics where lower is better (schema proportion, inference time, token usage, preprocessing rate) are inverted (1 -
x). Inference time, prompt tokens, and preprocessing rate are fit to the range [0, 1] via natural log functions.

Key Takeaways. Recall is the bottleneck metric for the down-
stream NL-to-SQL task. Recall failures at the subsetting stage guar-
antee subsequent NL-to-SQL failure. Our SKALPEL subsetter (by de-
sign) outperforms all other methods in this category for all schema
sizes. However, recall is not the only value that affects downstream
NL-to-SQL performance, and where SKALPEL shows weak results
(precision and schema proportion), the LLM-based DINSQL and
TASQL methods compete for precision and schema proportion dom-
inance across all schema size categories. At the end of experiment
1, though we can clearly see which methods perform best in each
metric category, we are left asking the question: how will the differ-
ences in across these metrics actually affect NL-to-SQL performance?
The answer to this question, which we address in experiment 2, will
indicate which of these methods is the best performer in various
contexts.

Another key observation is that method complexity does not
guarantee improved results. In fact, we see the opposite. The highly
complex CHESS and RSLSQL subsetters use orders of magnitude
more tokens than, and are outperformed by, the simpler LLM-based
methods DINSQL and TASQL.

Finally, SLM-based subsetters (CodeS and DTSSQL) never achieve
parity with the LLM-based and hybrid methods in any metric ex-
cept inference time and token efficiency. Their inability to handle
large schemas (DTSSQL) or achieve usable results (CodeS) in terms
of recall and precision remove them from consideration as viable

candidates for improving NL-to-SQL, especially over large schemas.

Results Discussion. Frontier LLM-based methods including
DINSQL, TASQL, CHESS, and RSLSQL generally outperform fine-
tuned SLM- (CodeS, DTSSQL) and semantic search-based methods
(Crush) by a significant margin in performance measures of f1, pre-
cision, and recall. However, the rapid growth of token usage across
schema sizes exhibited by CHESS, RSLSQL, and TASQL portray
the risk of over-reliance on knowledge augmentation and granu-
lar evaluation strategies. Knowledge enrichment, where schema
representations are appended with sample values and verbose de-
scriptions, cause both TASQL and RSLSQL to exceed the LLM’s 1
million token context window for schemas in the XXL category.
Granular column evaluation employed by CHESS, where each col-
umn is evaluated in isolation, incurs a very high token and time
cost for relatively small schemas. The cost and time required to
scale to XL and XXL schema sizes demands more than 10 million
tokens per Q, and we consider it infeasible in terms of cost and
time.

Recall is an especially critical metric for evaluating the potential
usefulness of a subsetting method. Failure to recall required iden-
tifiers all but guarantees that a subsequent NL-to-SQL translation
will fail to produce a correct answer. Only SKALPEL consistently
produces high recall scores across all schema sizes , and this is
done at the expense of reduced precision. Additionally, recall rates



Table 3: Experiment 1 The mean of subsetting performance metrics for all S’ by schema size (Sz) and subsetting and subsetting
function ¥. Metrics include Inference Time (T (s)), Prompt Token Count (Tokens), Perfect Recall (PRe), Schema Recall (SchRe),
Schema Precision (SchPr), Schema f1 (Schf1), Relation Recall (RelRe), Relation Precision (RelPr), Relation f1 (Relf1), Attribute
Recall (AtrRe), Attribute Precision (AtrPr), Attribute f1 (Atrf1), Relation Proportion (RelPn), and Attribute Proportion (AtrPn).
Section 4.2 provides definitions for each listed metric.

T (s) Tokens PRe SchRe SchPr Schfi RelRe RelPr Relfl AtrRe AtrPr Atrfl RelPn AtrPn

Sz ¥

S CHESS 31.85 229825 0.26 0.75 0.84 0.78 0.88 0.89 0.87 0.69 0.82 0.73 0.34 0.10
CodeS 0.27 0 0.20 0.53 0.17 0.25 0.66 0.33 0.42 0.47 0.14 0.21 0.71 0.42
Crush 3.06 425 0.64 0091 0.24 0.36 0.98 0.39 0.53 0.88 0.20 0.32 0.83 0.49
DINSQL 5.89 4988 0.50 0.86 0.81 0.82 0.94 0.86 0.89 0.82 0.79 0.79 0.40 0.13
DTSSQL 9.42 3582 0.76  0.88 0.38 0.49 0.87 0.92 0.88 0.88 0.33 0.43 0.33 0.38
RSLSQL 4.52 8836 0.86 0.95 0.33 0.47 0.99 0.49 0.62 0.93 0.31 0.44 0.74 0.35
SKALPEL 3.61 342 0.91 0.96 0.18 0.28 0.96 0.41 0.54 0.96 0.15 0.24 0.82 0.83

TASQL 1.51 2288 0.65 0.87 0.85 085 0.93 0.91 091 0.85 0.83 0.82 0.36 0.13

M CHESS 96.69 891506  0.35 0.75 0.71 0.67 0.91 0.78 0.77  0.68 0.69 0.63 0.32 0.04
CodeS 1.15 0 0.08 0.31 0.07 0.11 0.42 0.16 0.22  0.26 0.06 0.09 0.49 0.12
Crush 2.60 431 0.41 0.76 0.18 0.28 0.91 0.39 0.51 0.69 0.15 0.23 0.41 0.13
DINSQL 8.17 5989 0.50 0.80 0.77 0.76 0.90 0.86 0.86  0.74 0.73 0.71 0.20 0.03
DTSSQL  8.82 7049 0.23 041 0.26 0.28 0.40 0.54 045 041 0.22 0.26 0.30 0.10
RSLSQL 10.08 65715 0.76  0.88 0.21 0.32 0.96 0.37 049 0.83 0.18 0.28 0.58 0.12
SKALPEL 3.73 363 0.93 0.96 0.05 0.09 0.96 0.24 0.36  0.95 0.04 0.07 0.74 0.80
TASQL 2.76 9096 0.57 0.82 0.81 0.80 0.90 094 091 0.79 0.76 0.75 0.17 0.03

L CHESS 351.95 5254439 0.31 0.59 0.54 0.54 0.74 0.63 0.66  0.51 0.49 0.48 0.05 le-3
CodeS 6.33 0 0.02 0.08 0.02 0.03 0.13 0.04 0.06  0.07 0.01 0.02 0.14 0.02
Crush 3.00 441 0.24 0.54 0.09 0.14 0.82 0.19 0.30 041 0.07 0.11 0.19 0.02
DINSQL 10.25 11566 0.43 0.62 0.46 0.50 0.71 0.54 0.59  0.56 0.42 0.45 0.06 le-3
RSLSQL 27.74 191906  0.70  0.80 0.08 0.13 0.93 0.35 040 0.73 0.05 0.09 0.51 0.05

SKALPEL 4.16 380 0.98 0.98 0.01 0.01 0.98 0.07 0.12  0.96 le-3 0.01 0.75 0.82
TASQL 4.97 47440 0.32  0.60 0.54 0.54 0.74 0.69 0.70 0.51 0.47 0.47 0.04 le-3
XL CodeS 80.50 O 0.00 0.09 0.03 0.05 0.21 0.09 0.11 0.06 0.02 0.03 0.13 le-3
Crush 2.58 423 0.04 0.25 0.04 0.06 0.34 0.05 0.08  0.22 0.03 0.05 0.02 le-3

DINSQL 11.43 75973 0.46 0.84 0.79 0.80 0.94 083 086 0.80 0.77 0.77 1e-3 le-4
RSLSQL 15.91 391343  0.84 0.95 0.05 0.10 0.98 0.05 0.09 0.94 0.06 0.11 0.24 0.01

SKALPEL 3.44 338 0.88 0.94 0.01 0.01 0.94 0.03 0.05 0.94 le-3 0.01 0.23 0.23
TASQL 6.87 644999  0.20 0.58 0.69 0.60 0.70 0.76 0.71 0.53 0.66 0.56 le-3 le-4
XXL CodeS 38143 0 0.00 0.01 le-3 le-3 0.01 le-3 le-3  1le-3 le-3 le-3 le-3 le-4
Crush 4.49 431 0.03  0.20 0.03 0.06 0.36 0.04 0.07  0.15 0.03 0.05 0.01 le-4
DINSQL 20.79 384137 0.34 0.53 0.52 0.52  0.57 0.57 0.56 0.51 0.50 0.50 1e-3 le-5
SKALPEL 4.02 370 0.96 0.98 le-4 le-4  0.97 le-3 0.01 0.98 le-4 le-4  0.67 0.67

drop significantly for higher schema sizes in the XXL category with
the best performing subsetting method (DINSQL) scoring a mean
schema recall of 0.53. In contrast, our SKALPEL subsetter achieves
a recall score of 0.98 because is tuned to maintain a high recall at
the expense of lower precision.

Setting aside the nearly terminal effect of low recall, we also
want methods to reduce the schema proportion as much as possible
through high precision. TASQL’s preliminary SQL parsing and
identifier extraction approach yields the best schema precision in
the S, M, L categories. For the XL, and XXL category where TASQL
is infeasible due to context window limitations, DINSQL achieves
the highest schema precision scores.

Schema Size Effects on Performance. As schema column and
table counts increase, all subsetting methods demonstrate a reduced
performance across all performance measures which means that
larger schemas lead to more expensive, more time consuming, and
less useful results. The Schf1 (Schema 1) column in Table 3 reveals
a schema f1 performance reduction for each subsetting method as
schema sizes increase. Additionally, Figure 6 radar charts portray
consistent performance reduction for larger schemas across both
performance and resource use metrics.

Recall vs. Precision Trade-Off. Intuitively, there should be a
trade-off between precision and recall, where subsetting methods
that prioritize precision run an increased risk of false negatives
and methods that prioritize recall would likely reduce precision to
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Figure 7: Total token usage along the Y-axis (logio of prompt tokens) with the lower bar representing variations in the subset
size and associated NL-to-SQL prompt tokens, and the upper bar representing tokens required for subset generation for each
subsetting method and database size category. Except for Crush and SKALPEL, the subsetting process accounts for the significant
majority of tokens in the combined subsetting-to-NL-to-SQL pipeline.

maximize the chance of true positives. For a hybrid method that
uses semantic search (e.g., cosine similarity), then the selection of a
distance threshold creates a natural Pareto frontier between recall
and precision, as can be seen in our SKALPEL ablation analysis (see
Figure 4). However, pareto frontiers across subsetting approaches
(e.g., LLM, hybrid, and SLM) are less obvious, though there is some
indication that LLM-based methods can tend to improve precision
at a cost to recall.

Token Usage and Inference Time. Token usage is a cost driver
for LLM-based systems either in terms of costs incurred through
API transactions with LLM providers or as a surrogate for power
consumption in self-hosted LLMs. Thus, the economnic use of
LLMs necessitates the monitoring of token usage and motivates the
discovery of methods that achieve performance objectives while
minimizing token requirements.

In Figure 7 we see that token usage varies considerably by
method, and all LLM-based methods consume more tokens than
simply using the full schema for NL-to-SQL over small and medium
databases. DINSQL is the sole LLM-based method that consumes
fewer tokens for large, and larger, databases, whereas other LLM-
based methods continue increasing in excess of full schema NL-to-
SQL prompting. For example, CHESS requires between 263x (small
schemas) and 537x (large schemas) more tokens than a full schema
NL-to-SQL prompt. RSLSQL increases token usage from 4x (XXL
schemas) to up to 27x (medium schemas).

The most token-efficient LLM-based methods are the Crush sub-
setting method and our own SKALPEL prototype which use an
LLM only to either hallucinate a schema or decompose an NL ques-
tion without referencing the target database schema. SKALPEL
While both of these hybrid methods do not exhibit a subsetting
prompt token growth correlation with database size, token usage
from resulting higher schema proportions and subsequent larger

NL-to-SQL prompts does cause some token usage increase dur-
ing NL-to-SQL inference. Nevertheless, both Crush and SKALPEL
consume fewer tokens than all LLM-based methods as well as full
schema NL-to-SQL prompting.

5 EXPERIMENTS: NL-TO-SQL PERFORMANCE

Experiment 1 reveals that SKALPEL maximizes recall while sacri-
ficing precision, whereas LLM-based methods do the opposite. Yet
recall without downstream accuracy is meaningless. Experiment 2
tests whether these subsetting trade-offs translate to measurable
improvements in SQL generation quality. To this end, we ask the
following research questions:

Research Question 1. To what extent (if any) do schema sub-
setting methods improve NL-to-SQL execution accuracy?

Research Question 2. To what extent (if any) does the size of a
schema affect the usefulness of schema subsetting?

Evaluation Method. The subsets S;,re 4 generated in experi-
ment 1 are the input to the NL-to-SQL generation in experiment 2.
We evaluate the performance of Qsgpreq generated using prompts
containing S;,re 4 from all subsetting functions ¥ and measure them
in terms of execution accuracy to determine the effect of schema
subsetting outputs on the objective NL-to-SQL process.

Evaluation Metrics. We evaluate NL-to-SQL in terms of execu-
tion result set matching, typically referred to as execution accuracy.
Execution accuracy is the comparison of the results 75,74 returned
from a QsqiGold query over D and rp¢q returned from a QsqlPred
query over D. We adopt a subset-set comparison approach that



Table 4: Mean of NL-to-SQL execution accuracy for each model category and schema size. Bold values indicate the highest
result for each LLM category and schema size category. The ’-’ values indicate a category that the subsetting method is unable

to process.

LLM Category Economy Flagship Open

Schema Size Category S M L XL XXL S M L XL XXL S M L XL XXL
Perfect (Oracle) 059 050 042 041 062 064 053 048 045 066 061 052 046 037 0.64
SKALPEL 047 0.41 019 025 0.09 054 048 032 029 029 049 045 020 0.27 0.05
RSLSQL 0.50 0.40 0.29 0.30 - 056 047 039 0.36 - 051 041 0.29 032 -
TASQL 049 039 025 0.17 - 053 042 026 0.21 - 050 039 022 0.16 -
DINSQL 048 038 025 033 0.27 053 043 026 036 031 050 039 026 0.33 0.28
CHESS 033 030 0.23 - - 044 037 0.22 - - 037 032 0.21 - -
Crush 040 027 0.11 0.04 0.02 047 033 016 0.07 005 042 028 012 0.04 0.03
CodeS 0.19 0.08 0.03 0.00 0.01 030 018 0.02 0.07 0.03 020 0.09 002 0.00 0.01
DTSSQL 046 0.08 - - - 052 013 - - - 047 0.06 - - -
FullSchema 051 0.41 019 026 0.04 058 0.49 040 037 038 0.52 044 016 0.29 0.0

Table 5: Logistic regression coefficients, standard error, and
significance (p value) for non-colinear parameters with exe-
cution accuracy as the dependent variable, which is the result
of all SQL queries generated by all LLMs from the subsets
generated by all subset variations (n = 183,825), Pseudo R-
squared = 0.1813. Execution accuracy is binary (1, 0) where 1
indicates a correct Qgy/pred-

Metric Coef  StdErr pValue
Const -3.539  0.024 0.000
TableRecall 0.251  0.044 0.000
TablePrecision -0.087  0.027 0.001
ColumnRecall 3.382  0.037 0.000
ColumnPrecision 0.096  0.026 0.000
LogSubsetColumnCount  -0.429  0.008  0.000

accounts for the possibility that predicted queries may contain ad-
ditional attributes not required in the gold query, but to not render
the predicted query incorrect.

VY Agold € GoldIApred € TPred (Ve ﬂgold) =(Ve ﬂpred)
®)
That is, every attribute in QsgjGo1a must be present in the Qsgipred.
and the values in each attribute of the predicted query must equal
their corresponding attribute values in Qsg1Go1d-

5.1 NL-to-SQL Performance Evaluation Results

Key Takeaways. Subsetting method performance depends on
LLM-type and schema size. Additionally, competing priorities of
maximizing execution accuracy and minimizing token expenditures
will determine a best subsetting method for a particular use case.

For most LLM categories performing NL-to-SQL over small and
medium schemas, subsetting degrades execution accuracy perfor-
mance. This degradation, coupled with increased token usage com-
pared to full-schema based NL-to-SQL for LLM-based subsetting

methods, suggests that simply avoiding subsetting and instead us-
ing the full schema for small and medium sized schemas is the
optimal approach for both accuracy and efficiency.

Full schema-based generation (no subsetting) is also optimal in
terms of execution accuracy in all cases for all schema size cate-
gories when using the flagship LLMs GPT 4.1 and Gemini 2.5-pro.

Subsetting effectiveness when paired with economy and open-
source models varies based on method and schema size. The LLM-
based RSLSQL scores highest on execution accuracy over large-
sized schemas with a significant token increase of 19x full schema
token usage, while the LLM-based DINSQL outperforms all other
methods over XL-, and XXL-sized schemas and also reduces to-
ken usage for XL (-19 percent difference), and XXL (-27 percent
difference) compared to full schema usage.

For use cases where token efficiency is more important than
maximizing execution accuracy, SKALPEL emerges as a strong con-
tender, performing within a similar range as full schema NL-to-SQL
across most LLM and schema size categories while achieving be-
tween -46 percent (medium schemas) to -90 percent (XXL schemas)
percent decreases in token usage compared to the full schema.

Subsetting Metric Effects on Execution Accuracy. Table 5
presents logistic regression results correlating subsetting metrics
from Experiment 1 (recall, precision, and subset size) against NL-to-
SQL execution accuracy. The analysis uses non-colinear parameters
only; we exclude F1 by covariance analysis and measure subset size
in absolute terms (log column count) to isolate absolute size effects
independent of upstream schema size.

The regression reveals a clear hierarchy of metric importance.
Table and column recall dominate the effect on execution accuracy
(coeflicients of 0.251 and 3.382 respectively, both p < 0.001), con-
firming that omitting required identifiers during subsetting nearly
guarantees downstream NL-to-SQL failure. In contrast, precision
metrics show weaker effects: table precision carries a small nega-
tive coefficient (-0.087), and column precision a small positive one
(0.096). Most surprisingly, the negative and substantial coefficient
on LogSubsetColumnCount (-0.429) indicates that absolute subset
size matters more than precision alone, and smaller subsets improve
accuracy even when they contain false positives.



This metric hierarchy explains the performance tradeoffs ob-
served in Experiment 1. SKALPEL maximizes recall at the cost of
lower precision and larger subsets, yet Table 5 suggests that recall
dominates accuracy outcomes. Conversely, LLM-based methods
(DINSQL, TASQL) achieve higher precision but sacrifice recall; the
regression shows this precision gain can be outweighed by recall
losses. The negative LogSubsetColumnCount coeflicient suggests
that there is an absolute subset size penalty. Thus, the subsetter
that maintains a high recall while minimizing subset size would
theoretically maximize execution accuracy.

6 DISCUSSION AND LIMITATIONS

Subsetting Usefulness. Contemporary research expresses mixed
results around the usefulness of schema subsetting, and in our work
we expose some of the underlying reasons for these inconstencies:
namely that subsetting performance—-as well as downstream NL-
to-SQL inference—is schema size and LLM type dependent, where
schema size plays a large role in subsetting effectiveness and use-
fulness. From our analysis, we determine that subsetting small and
medium schemas (less than 1,000 columns) actually tends to worsen
NL-to-SQL performance for all types of LLMs.

Subsetting becomes useful when dealing with larger schemas
and economy or open-source LLMs. This is because we see that for
both open source and economy LLMs NL-to-SQL execution accu-
racy improves when using the LLM-based subsetters (e.g., RSLSQL,
and DINSQL). In these cases, the decision to subset, and which sub-
setter to use, is more nuanced and depends on the tradeoff between
performance and token usage. The simplest LLM-based approach
(DINSQL) yields the best accuracy for XL and XXL schemas and
reduces overall token usage. Thus, it may be beneficial to employ
LLM-based subsetting when using low cost and open source LLMs
for NL-to-SQL translation. Alternatively, our prototype SKALPEL
hybrid subsetter offers a solution that has the potential to reduce
token usage while maintaining execution accuracy at generally the
same level as full schema NL-to-SQL.

Limitations. Although, to our knowledge, this is the first work
to evaluate subsetting over very large database schemas, the ma-
jority of L-, XL-, and XXL-sized schemas come from the Spider 2
benchmark, which only comprises 221 of the 2,258 total NL-to-SQL
questions across all 3 benchmarks. SNAILS provides 100 additional
NL-to-SQL questions over its XXL-sized database. To remedy the
shortage of NL-to-SQL questions over large schemas, we introduce
the BigBird dataset with an additional 1,500 question-query pairs.
While this greatly increases the number of questions over large
schemas, it is likely that this approach is affected by the inevitable
inclusion of references to the Bird [12] dev dataset in recent LLM
training corpora. Future research into subsetting over very large
schemas would benefit from a new and increased question pool
of NL-SQL question query pairs that are absent from SoTA LLM
training corpora.

Future Research. Even with additional measures to improve
semantic matches between natural language questions and database
schemas, we find that the SKALPEL semantic search-based method,

while greatly improving token efficiency, at best approximates full-
schema NL-to-SQL execution accuracy on large schemas. However,
potential token efficiency gains for similar non-LLM subsetting
approaches motivate continued work on improving non-LLM-based
schema object retrieval methods.

LLM-based subsetting methods are still subject to context win-
dow constraints of the LLMs they use. We ask, would implement-
ing a multi-pass context window-informed schema partitioning
scheme with managed context and recall summarization be a viable
approach to overcoming this token count problem?

To offset the disadvantages of expanding well-known NL-to-SQL
benchmark datasets, a logical next step in this area of research is
to expand the newer SNAILS [13] benchmark dataset to test LLM-
based subsetting methods on data less likely to be included in their
training corpora.

7 RELATED WORK

CRUSH [9] is a recent work that performs subsetting evaluation of
a novel halucination-based subsetting method and compares it to
variations of dense passage retrieval. The authors provide bench-
mark datasets including SpiderUnion, and BirdUnion—unions of
the disjoint schemas in the Spider [30] and Bird [12] benchmarks
respectively. They also introduce SocialDB, a collection of database
schemas and schema descriptions without associated database in-
stances and NL-SQL question-query pairs. In our work, we extend
this line of research further by adopting the SNAILS collection to
better-represent real-world schema subsetting challenges, and we
adopt additional subsetting metrics. Finally, we perform subsetting
from real-world methods used by competitive NL-to-SQL systems.

A recent ArXiv preprint that critically evaluates the usefulness
of schema subsetting using SoTA LLMs suggests that as LLM capa-
bility increases, the need for schema subsetting diminishes [15]. In
this work, the authors evaluate four LLM-based schema subsetting
methods using the Bird SQL benchmark and measure performance
using execution accuracy, false positive rates during subsetting,
and schema linking recall. While this concurrent work bears some
resemblance to our SKALPEL project, we provide additional mea-
sures of recall, precision, and F1 for various combinations of table
and column identifiers. We also extend the scope of subsetting
evaluation to non-LLM-based subsetting methods such as seman-
tic similarity search- and finetuned classifier-based approaches. In
addition to the Bird benchmark, we also evaluate SoTA linking
methods using the Spider2 and SNAILS benchmarks.

Katsogiannis-Meimarakis, et al. [8] concurrently and indepen-
dently developed a schema subsetting (or schema linking) eval-
uation methodology focused on LLM-based schema linking ap-
proaches in which they replicate several LLM-prompting methods
for schema linking and evaluate them in terms of precision, re-
call, and accuracy using the Spider and Bird benchmarks [12, 30].
Our work complements this approach and makes use of the Spi-
der 2 and SNAILS [10, 13] benchmarks which contain very large
schemas. We also opt to reproduce existing subsetting methods us-
ing original code, and additionally evaluate subsetting performance
in terms of token usage as well as both online inference and offline
pre-processing time requirements.



A BENCHMARKS

This project uses three NL-to-SQL benchmarks: Bird [12], Spi-
der2 [10], and SNAILS [13]. In addition to these benchmarks, we
also expand the Bird benchmark to increase the number of NL-to-
SQL question-query pairs over large database schemas.

To streamline benchmark integration into our experiment frame-
work, we create an NISqlBenchmark superclass that defines the
interaction interface for other modules in our framework. The su-
perclass also provides iterator capability, where iteration over the
class cycles through all of the NL-to-SQL question-query pairs and
their associated benchmark schemas. The structure of these pairs
are defined in the BenchmarkQuestion data class.

Each externally-sourced benchmark has a unique way of storing
the target databases, schema descriptions, and question-query pairs.
We store the source files in the /benchmarks directory in the project
root folder as described in the following benchmark-specific sec-
tions. For ease of reproducibility, we offer access to a compressed
version of this directory on our project repository [? ].

The BenchmarkFactory class handles individual benchmark class
instantiation with benchmark-specific configurations, and elimi-
nates the need to explicitly iterate through individual benchmarks
and change configurations in the project’s main loop.

A.1 Bird Reproducibility

To reproduce the Bird benchmark, import the Bird dev database sets
and store them in the benchmarks/bird/dev_20240627/dev_databases
subdirectory, with each of the 11 databases occupying a subdirec-
tory containing the .sqlite database and .csv-formatted database de-
scription files. The benchmark dataset also includes .json-formatted
schema representations located in benchmarks/bird/dev_tables.json,
and the NL-SQL question pairs in benchmarks/bird/dev.json.

On class initialization, the BirdNISqlBenchmark extension of the
NISqlBenchmark class will retrieve the stored databases, descrip-
tions, and question pairs and convert them into the project’s stan-
dardized data structure for use in all experiments and evaluations.

A.2 Spider2 Reproducibility

The Spider2 [10] is the most complex of the benchmarks, requiring
interaction with 3 different database technologies and SQL dialects.
Additionally, researchers interested in reproducing the Spider2-
based experiments must contact the Spider2 benchmark authors
and request credentials to access the Snowflake databases. The
Snowflake credentials must be stored as Snowflake_credential.json
in the project’s .local subdirectory, and must contain “user”, “pass-
word”, and “account” fields.

Google credentials are required for the Google BigQuery re-
quests, and researchers must procure and configure these through
Google-provided cloud console tools. Researchers must configure
the GOOGLE_APPLICATION_CREDENTIALS environment vari-
able to point to a credential .json file which can be accessed in their
Google Cloud Console.

To mitigate query costs, especially over the very large schemas
referenced in the Spider2 question set, the Spider2NISqlBenchmark
provides a query result caching feature that retrieves locally-stored
queries for string-matched queries. This generally occurs during

sample value retrieval, gold query execution, and schema metadata
lookups.

The Spider2 benchmark also contains local .sqlite databases.
These must be downloaded from the Spider2 GitHub repository and
placed in the project subdirectory benchmarks/spider2/spider2-lite.

On class intitialization, the Spider2NISqlBenchmark extension
of the NiSqlBenchmark class retrieves stored database information,
descriptions, and question pairs from source databases (or caches if
previously initialized), and locally-stored metadata.

A.3 SNAILS Reproducibility

The SNAILS [13] provides 2 options for integration: an MS-SQL vari-
ant of the databases, and equivalent Sqlite copies. In this project, we
wrote the SnailsNISqlBenchmark class to handle both MS-SQL and
Sqlite variants, and we use the Sqlite versions in our experimenta-

tion. We store the .sqlite database files in the benchmarks/snails/snails_sqlite

subdirectory.

On class initialization, the SnailsNISqlBenchmark extention of
the NISqlBenchmark class retrieves and processes stored database
information from .sqlite databases, and parses natural language
and SQL pairs from the benchmarks/snails/nlq_sql/sqlite directory.
The SNAILS benchmark was built to analyze the effects of schema
naturalness on NL-to-SQL, and it contains different versions of the
same question sets. In this project, we use only the native-coded
question sets, and none of the naturalness-modified sets.

A.4 BigBird Reproducibility

Because the BigBird dataset is an extension of the Bird dataset,
it’s implementation within the projects NISqIBenchmark interface
definition close matches the BirdNISqlBenchmark. We store the
BigBird varients of the Bird Sqlite databases in the project bench-
marks/bigbird/bigbird_databases subdirectory. A copy of the bird
devjson question set resides in the benchmarks/bigbird subdirectory.

On initialization, instead of retrieving schema metadata from
a pre-processed .json file as the Bird benchmark class does, the
BigBiredNISqlBenchmark class generates schema objects directly
from metadata retrieval queries over the expanded datatabases.
Question and query pairs are loaded in the same manner as the
Bird benchmark class.

B BIGBIRD DATASET CREATION

To increase the number of NL-to-SQL question-query pairs over
large schemas, we expand the databases in the Bird benchmark dev
dataset. This allows us to observe NL-to-SQL performance over
larger datasets without the need to generate a new set of NL-to-SQL
question-query pairs. The tools and artifacts used to create this
dataset are available on a separate GitHub repository [? ].

B.1 Schema Expansion Workflow

The schema expansion workflow is simple, and relies on LLM-based
DDL generation for table creation and value insertion. Figure 8
contains the prompt used for schema generation. We use GPT OSS
120b [16] with a low reasoning setting for all LLM-based tasks.
The BigBird generation script make_bigbird_databases runs con-
tinuously, generating approximately 10 tables at a time, for 100



iterations. The generated DDL is both stored for achival purposes
as well as executed over the target database.

Reasoning: low

I want to create a synthetic schema dataset of
very large schemas.

This is to expand existing schemas from an
NL-to-SQL benchmark to study the impact of

larger schema sizes.

Your task is to generate additional tables and
columns that are adjacent to the data in the
original schema, but do not overlap.

I.e., do not include additional tables that could
contain information about objects in the base tables.
It doesn’t have to match the real tables perfectly,
just do your best to come up with some additional
structure that’s realistic. Table names should
represent their content. Do not use non-descript
names like aux_001 and so forth. Each table should
have at least 20 columns and fewer than 50 columns.
Be creative! You can use more obscure and abbreviated
names for some of the tables and columns. For other
tables and columns, use descriptive "more natural"
naming practices.

The base database schema is:
{original_schema}

You have already created these tables:
{synthetic_tables}

Your output should be a runnable SQL script without
any extra annotations or explanations in the format.
To keep things simple, avoid any sql special
characters such as apostraphes or parentheses in
the inserted values.

-- Natural language table description comment
CREATE TABLE ... ;

INSERT INTO ... ;
INSERT INTO ... ;
INSERT INTO ... ;

Now create 10 new table CREATE TABLE expression each
with three INSERT statements to provide
example values.

Figure 8: BigBird schema generation prompt.

B.2 Limitations

This expansion approach has some limitations. First, because we
rely on the original Bird benchmark NL-to-SQL question pairs,

we do not attempt to impose dependency constraints and main-
tain referential integrity on the generated tables. Second, the Bird
benchmark has been publicly available since 2023, and so it is very
likely that the newer models used in our experiments may have
been exposed either directly or indirectly to the dev set schema
information and question pairs.

C SUBSETTING METHOD DETAILS

This section contains detailed descriptions of each subsetting meth-
ods, as well as information about the processes used to integrate the
methods into our evaluation framework. Integration is complex and
steps are unique to each method, and we provide details suffient
to understand level of effort, resource requirements, and complex-
ity in this appendix. For full understanding of the integration and
reproduction process, we must direct researchers to our project
repository [? ].

C.1 CHESS

Contextual Harnessing for Efficient SQL Synthesis [23] (CHESS)
performs subsetting using two of its three main components: entity
and context retrival, and schema selection. CHESS uses NL question
keyword extraction and vector database search to retrieve relevant
schema entities. The schema selection phase narrows down the
initial schema via iterative prompting with an LLM to determine
the relevancy of each schema entity to the NL question.

C.1.1  Preprocessing.

Preprocessing Method. CHESS must perform two pre-processing
tasks for each schema. The first is the generation of LSH (Locality
Sensitive Hashing) signatures for each column which are used to
calculate Jaccard similarities between natural language keywords
and column values. Secondly, CHESS creates and stores vector em-
beddings of table names, column names, column descriptions, and
value descriptions which are used to retrieve schema elements that
are semantically similar to NL question keywords.

Preprocessing Complexity. CHESS Preprocessing appears to
have high time and space complexity that presents a challenge
when scaling to very large databases. Although a formal evalua-
tion of the time and space complexity of the subsetting method
is beyond the reach of this work, we observe via clock time and
space utilization measurements that the space requirements of the
preprocessed CHESS data (LSH signatures and vector databases)
can be between 4x-20x higher than the space required by the actual
database. Preprocessing time generally scales linearly by the num-
ber of columns and database cardinality. Small database processing
can be achieved within reasonable timeframes, but larger databases
with high cardinality such as many found in the Spider2 benchmark
can require between 1-2 hours to process.

C.1.2  Schema Subsetting.

Identifier Retrieval. CHESS extracts keywords from a natural
language question and retrieves relevant schema identifiers via
Jaccard similarity search between keyword hashes and LSH hashes
generated during preprocessing. Additionally, CHESS uses the same
NL keywords to retrieve semantically similar tables and columns
from the local vector database.



Schema Filtering. CHESS performs LLM-based schema filtering
and element selection in three stages: 1) column filtering, 2) table
selection, and 3) column selection. During the column filtering step,
CHESS iterates over every column in the database and prompts
the selected LLM (GPT-40-mini in our experiment) to classify its
relevance to a given NL question as either relevant, or not relevant.
After completing the column filtering step, CHESS performs table
and column selection prompting over a larger LLM (GPT-40) with
instructions to identify all schema elements that are relevant to the
given natural language question.

C.1.3  Reproducibility. We integrate CHESS into our evaluation
framework by cloning the CHESS public code repository [? ] into
the SchemaSubsetter source directory. We perform targetted im-
ports of the project packages responsible for the schema subsetting
step including the InformationRetriever agent, various runner data
structures, a system state data structure, a preprocessing module,
and a workflow team builder.

To retrofit the CHESS code to the evaluation framework, we
replace direct access to Bird benchmark artifacts with the SKALPEL
benchmark class. This involves overloading schema retrieval func-
tions build into the CHESS DatabaseManager class-modifications
we make available in the project repository. Additionally, we add
branching in the CHESS schema cache loading method to accom-
modate SQL syntax other than sqlite-a requirement for the Spider2
benchmark. To isolate the information retriever and schema se-
lector agents, we remove the candidate generator and unit tester
imports and mappings in the team builder class.

The CHESS repository contains environment configurations for
multiple LLM services. We execute chess using the authors’ con-
figuration file defined in YAML format titled CHESS_IR_SS.yaml.
Specifically, the information retriever and schema selector agent
configurations invoke gpt-4o-mini, and the table and column selec-
tion tools rely on gpt-40. These model calls require the provision
of an OpenAlI API key, which must be inserted into a .env file in
the CHESS root directory.

Chess LLM Parameters:

e Model: ft:gpt-40-mini-2024-07-18:
stanford-university::9t1Gcj6Y:ckpt-step-1511

o Temperature: 0

e Max tokens (generation): 1000

o Stop tokens: [;]

C.2 CodeS

CodeS [11] is an NL-to-SQL system that uses a combination of an
XLM-RoBERTA-XL-based [? ] schema item classifier for schema
subsetting and an open-source LLM (StarCoder [? ]) finetuned for
the NL-to-SQL task.

C.2.1  Preprocessing.

Preprocessing Method. Because CodeS’s schema item classifier
is a finetuned variant of a relatively small language model, the op-
portunity exists for finetuning the classifier using schema-specific
examples. In fact, the CodeS authors use the Bird benchmark train-
ing dataset to do exactly that. In our evaluation, we opt not to
finetune the model on either the SNAILS or Spider2 datasets, and
evaluate it as-is using both the classifier weights trained on the

Bird benchmark data, and the merged classifier weights. Thus, for
our project, there is no processsing time for the CodeS subsetting
method.

C.2.2 Schema Subsetting.

Schema Filtering. The CodeS schema item filter encodes a con-
catenation of a natural language question and all database schema
tables and columns as input to the ROBERTA-based classifier. The
maximum sequence length of the classifier’s input is 512 tokens, so
large schemas are split into multiple inputs which eliminates any
upper limit on schema size.

C.2.3  Reproducibility. SKALPEL integration requires no modifica-
tions to the CodeS codebase. We place the schema_item_filter.py,
text2sql_few_shot.py, and /utils/classifier_model.py scripts from the
CodeS repository [? ] into the SchemaSubsetter/CodeS/ directory of
the project and import them into the CodeSSubsetter for integration
into our evaluation framework.

This is a small (3.5 billion parameters) language model-based
schema filtering technique, and the model weights used in our exper-
iment must be downloaded using the instructions on the project’s
GitHub repository [? ]. Model weight file location is configurable
in the CodeSSubsetter class, and the default location is defined as
a default variable in the initialization (init) class method. We run
inference using the sic_merged model weights on a single NVIDIA
RTX A6000.

CodeS Configuration Parameters Configuration parameters

are located in the SchemaSubsetter/CodeS/sic_ckpts/sic_merged/config.json

file.

Model: XLM-RoBERTa-XL (facebook/xlm-roberta-xl)
Hidden size: 2560

Number of layers: 36

Attention heads: 32

Max position embeddings: 514

Vocabulary size: 250,830

Transformers Version: 4.36.2

C.3 Crush4SQL

Crush4SQL [9] is an LLM-based subsetting method that uses an
LLM’s tendency to hallucinate to hallucinate a schema in response
to a prompt containing the natural language question and instruc-
tions to create a schema that would likely contain the information
required of the question. The tables and columns from the hallu-
cinated schema serve as the input for table and column retrieval
from a vector search database.

C.3.1 Preprocessing.

Preprocessing Method. To facilitate the schema identifier re-
trieval step that follows identifer extraction from the hallucinated
schema, CodeS preprocesses vector embeddings of a serialized
string represenation of the database name, table name, and col-
umn name. By default, these vector embeddings are pickled and
stored in a local directory co-located with project Python source.

Preprocessing Complexity. Crush4SQL generates a single em-
bedding for each column in a database schema, and uses an OpenAI
embedding model that generates floating point embeddings with



1,536 dimensions. This leads to a space requirement of 12.3Kb per
column. Database values are not embedded, and cardinality has no
effect on the size of the vectore store.

C.3.2 Schema Subsetting.

Schema Hallucination. Crush4SQL exploits LLM tendencies
to hallucinate to generate an “imaginary” schema that would likely
contain the information required to answer a given natural language
question. In this case, hallucination is a feature of the system, and
the authors opt to use a lower-intelligence model (Open AI GPT4o-
mini) for the task. The LLM response is a schema description that
contains table and column names, which are used as input to the
identifier retrieval step.

Identifier Retrieval. The schema identifiers extracted from the
schema hallucination step are the input into the identifier retrieval
step. Extracted identifiers are embedded using the same OpenAl
model used to pre-process the target schema. The results of the
vector search are the final subset that is used as input to the NL-to-
SQL LLM prompt.

C.3.3 Reproducibility. The Crush4SQL repository [? ] provides
a Jupyter Notebook demo file from which we migrate the code
into our framework compatible Crush4SqlSubsetter class. Extending
the Crush4SQL codebase to the SNAILS and Spider2 benchmarks
exposed some runtime errors that require correction, including
the modification of iteration counters in schema item selection
looks due to varying schema geometries, additional return types to
track token usage from LLM call functions, retrofitting SKALPEL
benchmark schema formatting, updating the OpenAI API library
to current library standards, and replacing the deprecated GPT
Davinci model with GPT4o. All of these modifications are included
and annotated in our project repository.

Crush4SQL LLM Parameters
Model: gpt-40-mini-2024-07-18
Temperature: 0
Max tokens (generation) 1000
Top P: 1
Frequency penalty: 0
presence penalty: 0

Crush4SQL Embedding Parameters

e Model: text-embedding-ada-002
o Schema item budget (top-K tables): 20

Crush4SQL requires an OpenAlI API key, which we retrieve from
.ocal/OpenAljson file in the root folder of our project. Crush4SQL
requires OpenAl resources for both preprocessing (embedding ser-
vices) and schema halucination online inference (text generation).

C.4 DIN-SQL

(Decomposed In-Context Learning SQL) is an agent-based NL-to-
SQL framework that uses LLM-based agents to perform four distinct
tasks, one of which is a schema linking task. As one of the first NL-
to-SQL methods to use an LLM-based agent for schema linking, DIN-
SQL employs a zero-shot prompt containing full schema knowledge,
the natural language question, and instructions to select relevant
table and column identifiers.

C.4.1  Preprocessing. DIN-SQL does not perform any schema pre-
processing.

C.4.2 Schema Subsetting.

Schema Filtering. DIN-SQL uses an OpenAI LLM-based zero-
shot prompt that contains the full schema knowledge representa-
tion, a natural language question, and instructions to select database
identifiers relevant to the natural language question. The system
parses the response and extracts the tables and columns, which
constitutes the end-state of the subsetting process.

C.4.3 Reproducibility. DIN-SQL uses GPT-4, a deprecated model.
This deprecation requires us to use an updated model (GPT-4.1 in
our research), and also to modify output parsing to account for the
reasoning tendencies of GPT-4.1 that do not exist in GPT-4. These
modifications are available in our project repository within the
DINSQL directory structure. DIN-SQL requires an OpenAlI API key,
which we retrieve from .local/OpenAljson file in the root folder of
our project.
DINSQL LLM Parameters

Model: gpt-4.1

n: 1

Temperature: 0

Max tokens (generation): 20,000
Top P: 1

Frequency penalty: 0

Presence penalty: 0

Stop tokens: [“Q:”]

C.5 DTS-SQL

DTS-SQL [20] (Decomposed Text-to-SQL) is an open source LLM-
based NL-to-SQL system that uses 2 finetuned LLMs: 1) a schema
linking generation model, and 2) an NL-to-SQL model. Both models
are finetuned variants of DeepSeek Coder 6.7b Instruct [5] trained
on the Bird benchmark [12] training dataset.

C.5.1 Preprocessing. No preprocessing is required for this model.
However, as with CodeS, the option to replicate the training process
using target schema data exists.

C.5.2 Schema Subsetting.

Schema Filtering. A serialized string of a natural language
question and schema description with example tuples serves as the
input to the finetuned schema linking model. The model outputs
a list of tables aligned to the natural language question, and does
not provide column-level results. Thus, generated subsets include
all columns associated with the tables linked during the schema
filtering step. DeepSeek Coder has a relatively low input size con-
straint of 4,096 tokens, which renders the model unusable for most
schemas in the Spider2 and SNAILS benchmarks. Such a limitation
could be mitigated, as is done in the CodeS model, by splitting
the schema into input size-compatible chunks and subsequently
merging the results into a single subset.

C.5.3  Reproducibility. We integrated the schema subsetting method
into the SKALPEL subsetter class format, and modified the inputs
to align with the SKALPEL BenchmarkQuestion class. No other mod-
ifications were required, though we do note that this subsetting



method was not compatible with a majority of the Spider2 and
SNAILS benchmark databases.

DTS-SQL is a small-language-model-based subsetting method,
and requires the download and deployment of model weights with
instructions available on the DTS-SQL GitHub repository [? ]. The
project makes use of the HuggingFace transformers library, and our
integration handles model import on invocation of the DtsSubsetter
class initialization (init) function. For our experiments, we deploy
the DTS-SQL model weights on an NVIDIA RTX A6000 GPU with
48GB of VRAM.

DTS-SQL Model Configuration Parameters

Inference: transformers.AutoModelForCausalLM
Tokenizer: transformers.AutoTokenizer
Inference API: Torch 2.1.0 + Cuda 11.8

Model: MrezaPRZ/DeepSchema_BIRD

Attention Implementation: flash attention 2
Torch datatype: bfloat16

C.6 RSL-SQL

RSL-SQL [1] (Robust Schema Linking in Text-to-SQL) is an an
LLM-based NL-to-SQL system that performs LLM-based schema
linking via a process the authors describe as bi-directional schema
linking. The forward pass of the bi-directional method is LLM-based
schema filtering, and the backward pass uses identifier extraction
from preliminary SQL generated using full schema knowledge.

C.6.1 Preprocessing. RSL-SQL does not contain any schema pre-
processing.

C.6.2 Schema Subsetting.

Schema Filtering. RSL-SQL accomplishes schema filtering in
the forward pass of its bi-directional method by prompting an
OpenAl-based LLM (GPT-40) with the natural language question, a
full schema description, and sample values. If available, the prompt
may also include additional context such as column or value de-
scriptions.

Identifier Retrieval. The backward pass of the two-step RSL-
SQL process consists of identifier extraction from a preliminary
LLM-generated SQL query. The input of this generation includes
the natural language question and a full schema representation.
The final output of the bi-directional schema linking process is a
union of the identifiers filtered in the forward pass and extracted
in the backward pass.

C.6.3 Reproducibility. The RSL-SQL database interaction class is
updated to interact with the SKALPEL Benchmark abstraction in-
stead of directly with individual Sqlite databases. This allows con-
sistent behavior across all of the benchmarks in our project.

We clone the RSL-SQL repository [? ] into the SchemaSubset-
ter project subdirectory, and import the data_construct, few_shot,
step_1_preliminary_sql, and bid_schema_linking modules into the
RslSqlSubsetter class. Additionally, we migrate some code from the
RSL-SQL codebase directly into the get_schema_subset as well as
helper functions as methods in the RslSqlSubsetter class.

RSL-SQL is an LLM-based subsetting method, and requires an
OpenAl credential to query the GPT-4.1 model. We modified the

RSL-SQL config file located in RSLSQL/src/configs/config.py to re-
trieve the OpenAlI API key from the openai.json file in the .local
directory in the project root folder.

RSL-SQL LLM Parameters

e Model: gpt-4.1
e Temperature: 0

C.7 TA-SQL

TA-SQL [21] (Task Alignment SQL) is a two-stage LLM-based NL-
to-SQL system with an LLM-based schema subsetting module that
extracts table and column identifiers from LLM-generated “dummy”
SQL queries.

C.7.1  Preprocessing.

Preprocessing Method. TA-SQL generates column meaning
statements via LLM completion prompts that contains a Python-
like function that takes database name, table name, column name,
and example values as arguments and generates a natural language
column description.

Preprocessing Complexity. TA-SQL generates a column de-
scription for each column in a database. The process for column
description generation includes unique value retrieval, and a single
zero-shot LLM prompt.

C.7.2  Schema Subsetting.

Identifier Retrieval. TA-SQL uses Python-like prompt syntax
that contains database schema knowledge augmented with column
descriptions to motivate the completion-based LLM to output an
SQL query. The system parses the “dummy” query and extracts the
table and column identifiers, which completes TA-SQL’s schema
subsetting step.

C.7.3 Reproducibility. We clone the TA-SQL repository [? ] into

the SchemaSubsetter project subirectory, and import the conclude_meaning,

TASL, and dummy_sql_prompt modules into the TaSqlSubsetter ex-
tension of the SchemaSubsetter class.

During preprocessing, LLM-generated column meanings land in
the /TASQL/outputs subdirectory. Benchmark database representa-
tions are also generated during pre-processing, and Bird benchmark-
formatted json files land in the /TASQL/data subdirectory.

Originally, TA-SQL used GPT-4 for the completion prompts, as
with DINSQL we address the problem that GPT-4 is a deprecated
model by updating the method to use GPT-4.1 instead. We modify
TA-SQL LLM interaction helpers to retrieve the OpenAl API key
from the same common location stored at the project root direc-
tory .local/OpenALjson. This update requires a modification of the
original prompt, because unlike GPT-4, GPT-4.1 is prone to user-
visible step-by-step reasoning. We add additional instructions in
the TA-SQL prompts to instruct the model to only provide only
the desired output (e.g., column description, or SQL query), and to
withold reasoning explanations.

TA-SQL LLM Parameters

e Model: gpt-4.1

e Temperature: 0

e Max tokens (generation): 800
e Topp:1



e Frequency penalty: 0
e Presence penalty: 0
o Stop tokens: None

D SKALPEL TECHNICAL DETAILS

Skalpel is a hybrid schema subsetting approach that combines dense
vector retrieval with large language model (LLM) reasoning to
identify relevant database schema elements for natural language
to SQL translation. The system operates in two phases: an offline
preprocessing phase and an online query-time subsetting phase.

D.0.1 Preprocessing Phase. During preprocessing, Skalpel con-
structs a semantic index of the database schema stored in Post-
greSQL with the pgvector extension. For each table in the schema,
the system performs the following operations:

Table Description Generation. An LLM generates a three-sentence
conceptual description of each table based on its name and column
definitions. The prompt instructs the model to describe tables as
real-world objects rather than database artifacts, capturing semantic
meaning that may not be apparent from identifier names alone.

Description Embedding. Table descriptions are encoded using the
Stella embedding model (dunzhang/stella_en_1.5B_v5), produc-
ing 1024-dimensional dense vectors. These embeddings are stored
alongside the original descriptions and indexed using HNSW (Hier-
archical Navigable Small World) graphs for efficient approximate
nearest neighbor search.

Column Name Embedding (Optional Feature). Column names
are independently embedded using the same model. Additionally,
each column name is classified for naturalness using a fine-tuned
CANINE model [13], categorizing identifiers as “regular,” “low,” or
“least” natural. This classification captures whether column names
use conventional English terms or abbreviated/encoded naming
conventions common in legacy systems. Column name retrieval
is not a feature used in the final project experiments because we
find that in its current state, column retrieval (or filtering) reduces
downstream NL-to-SQL performance.

D.0.2 Query-Time Subsetting. At query time, Skalpel processes a
natural language question through a multi-stage pipeline:

Question Decomposition. The input question is decomposed by
an LLM into a list of descriptive phrases, each explaining an object,
concept, or relationship mentioned in the query. For example, a
question about “Toyota Tacoma crashes with airbag deployment”
yields phrases describing the vehicle make/model, crash events,
and airbag safety features. This expansion bridges the vocabulary
gap between user terminology and database schema identifiers.

Vector-Based Table Retrieval. Each decomposed phrase is encoded
and compared against the stored table description embeddings us-
ing cosine distance. Tables with distances below a configurable
threshold 7; are retained as candidates. The system aggregates re-
sults across all decomposed phrases, keeping the minimum distance
score for each table.

Column Retrieval (Optional Feature). Column retrieval employs
a dual strategy: columns are selected either (1) if their name em-
bedding falls within a distance threshold 7z, of any decomposed
phrase, or (2) if they were classified as “low” or “least” natural dur-
ing preprocessing. This ensures cryptic column names common
in legacy databases are included regardless of semantic similarity,
while natural-language columns are filtered based on relevance.

LLM-Based Refinement (Optional Feature). When operating in
full mode (not vector-only), Skalpel applies LLM-based refinement
in two stages:

NOTE: We did not employ this feature in our project experiments.

(1) Table Selection: The LLM receives candidate tables with
their generated descriptions and selects the minimal set re-
quired to answer the query. Tables are processed in batches
of up to 800 to accommodate context window limitations.

(2) Column Selection (Optional Feature): For selected ta-
bles, the LLM receives DDL statements and selects essential
columns for query construction, including those needed for
joins.

Both refinement prompts instruct the model to return structured
JSON, with automatic repair logic to handle malformed responses.

D.1 Architecture

The system architecture comprises:

Vector Database: PostgreSQL with pgvector extension,
storing embeddings in four tables: table_descriptions,
table_description_sentences, column_names,

and column_name_naturalness. A materialized view joins
column embeddings with naturalness labels for efficient
retrieval.

Embedding Model: The Stella 1.5B parameter model run-
ning on GPU, with an 8000 token maximum sequence
length and embedding caching to avoid redundant com-
putation.

e LLM Backend: Configurable LLM interface supporting
OpenAl-compatible APIs, Google Vertex Al, and local Ol-
lama deployments. The default configuration uses the Ope-
nAI GPT OSS 120B parameter model for description gener-
ation and schema selection.

Naturalness Classifier: A fine-tuned CANINE sequence
classification model that categorizes identifier naturalness
into three levels (N1: regular, N2: low, N3: least).

D.1.1  Configuration Parameters. Key tunable parameters include:

vector_distance_threshold (r;): Maximum cosine dis-
tance for table retrieval

vector_only: Boolean flag to skip LLM refinement (default:
True)



D.2 Prompts

Write a three sentence description of the table:
{t_string}. You should describe it at a conceptual
level in a way that communicates all of the
semantic meaning of the table. Do not refer to
the object as a table or database object.
Instead, describe it as the real world object that
it represents. Encase the description in a json
object with the key 'description'. Start the json
block with “~~json and end it with ~°~

Figure 9: SKALPEL table description prompt.

Describe the various objects, concepts, etc. in a
natural language query. Provide it as a JSON list
of strings with each string describing an object
in the question. Your output must be only a well-
formed JSON list. Do not include elipses, as that
will cause JSON parsing to fail. JSON parsing
cannot fail. Failing to parse will result in
termination from your position.

Example:

natural language query: How many toyota tacomas
were involved in crashes where the side impact
airbags deployed?

Result:

TTTjson

L
"A toyota tacoma is a mid-size pickup truck
manufactured by Toyota.",
"Toyota is a vehicle make.",
"Tacoma is a model designator.",
"To be involved in a crash is a situation where
a vehicle collides with another vehicle or
object, or some other unintended event that
causes damage.",
"A crash where an airbag deployed suggests a
certain severity level.",
"side impact airbags are safety features in
most modern vehicles designed to protect
occupants during collisions."

Describe the objects, concepts, etc. in
the question: {question}

Figure 10: SKALPEL question decomposition prompt.

D.3 Ablation Study

We evaluated SKALPEL with three distance thresholds (0.525, 0.575,
0.600) across all NL-to-SQL models.

Table 6: Mean execution accuracy by distance threshold and
LLM category

LLM Category DB Size 0.525 0.575 0.600

S-M 0.41 0.43 0.44
Economy L 0.35 0.38 0.40
XL-XXL  0.28 0.32 0.35
S-M 0.52 0.54 0.55
Flagship L 044 047 049
XL-XXL  0.36 0.41 0.44
S-M 038 040 042
Open L 0.31 0.34 0.36

XL-XXL  0.24 0.28 0.31

D.3.1 Execution Accuracy by Threshold. Findings:

e The 0.600 threshold consistently achieves the highest exe-
cution accuracy across all categories.

e The improvement is most pronounced for larger schemas
(L, XL-XXL) where recall becomes critical.

e Flagship LLMs benefit most from the higher threshold,
likely due to their ability to effectively utilize additional
context.

D.3.2  Token Usage by Threshold. Higher thresholds include more
schema elements, increasing token usage. However, the execution
accuracy gains justify this cost:

e 0.525 threshold: -87% tokens vs. full schema, 85% perfect
recall

e 0.575 threshold: -85% tokens vs. full schema, 89% perfect
recall

e 0.600 threshold: -84% tokens vs. full schema, 91% perfect
recall

The marginal token increase (3% points) yields a 6% point im-
provement in perfect recall—an efficient tradeoff.

D.3.3  Conclusions. This ablation study demonstrates that:

(1) Distance threshold selection is critical: The 0.600 cosine
distance provides optimal tradeoff between recall and com-
pression, validated through systematic gradient analysis.

(2) Question decomposition + table descriptions is most
effective: This combination maximizes semantic alignment
between query intent and schema elements.

(3) Recall dominates execution accuracy: Logistic regres-
sion confirms that table and column recall are the strongest
predictors of correct NL-to-SQL generation.

(4) Token reduction scales with schema size: SKALPEL
achieves 84-89% token reduction on large schemas while
maintaining 91%+ perfect recall.



E SUBSETTING CHALLENGES
E.1 Subsetting Challenge Definitions

The schema subsetting process presents several challenges includ-
ing relation and attribute name ambiguities, unmentioned attributes
required for correct SQL statements, and unnatural schema ele-
ments with minimal association with common natural language
terms. In this section, we formalize two such problems relating
to recall errors caused by mismatches between natural language
questions and their associated gold queries.

The Value Reference Problem. Q,,; references an instantiation
of an object (e.g., proper nouns such as names and places) but not the
type of object. For example, the question how many Toyota Tacomas
were involved in rollover accidents in 2022? requires the retrieval of
the Make and Model columns within a vehicle information table.
However, the question does not contain keywords that will match
Toyota or Tacoma to either the Make or Model attributes. We refer
to this problem as the value reference problem. We can identify
occurrences of the value reference problem by the criteria:

AP e qul3W EW, lw~PyAw+ Pg 4)

That is, there is a satisfied similarity between a symbol in Q,;;
and at least one value in any predicate # in Q;4;, where the symbol
does not also satisfy a similarity comparison with at least 1 attribute
or relation identifier in the same Qg

Value lookup is an approach used by CodeS [11] where a Q,,;; ~ V
operation extracts attributes containing values relevant to Q,,;. The
CRUSH subsetting approach relies on LLM prompting to hallucinate
a schema in reponse to a Q,,;, which results in the generation of an
intermediate representation of W,,; that better aligns with a value
inV [9].

The Hidden Relation Problem. Q,,; contains keywords that
bear semantic similarity to relations in S, and at least one transitive
dependency exists between relations that does not correspond to
a Q,; keyword. We refer to this problem as the hidden relation
problem. The hidden relation problem defined as:

IR € QsqiVw € Wy |R + w A (VA € RIA » w) (5)

That is, there is at least 1 relation identifier R in a query Qs
that neither itself, nor any of its attributes A, satisfies a similarity
comparison with any symbol w in W,,;. This problem typically
arises when a Qg must contain intermediate joins with relations
that are not semantically similar to any keywords or phrases in a
natural language question.

Subsetting Challenges. To evaluate the sensitivity of subsetting
methods to each subsetting challenge described in the Subsetting
Challenges section of this appendix, we first calculate the total
percent of missing attributes and relations in S;)re ; from the total
present in each ST, , ..
late sensitivity as the proportion of missing identifier percentages
that occur when the potential for a problem manifest exists to the
percentage of missing attributes in all question pairs. Sensitivity
values greater than 1 indicate that the subsetting method is more
likely to omit a relation or attribute when the problem potential

exists in Q.

Once we derive these percentages, we calcu-

20

Table 7: This table shows the Value Reference Problem (VRP)
and Hidden Relation Problem (HRP) mean occurence per-
centages and sensitivities. Sensitivity (Sens.) is the proportion
of a given problem occurence percentage (defined as realized
problem over all instances where the problem might occur) to
the percentage of all missing relations (% MR, the mean count
of missing relations over the count of required relations in
a gold SQL query) or attributes (% MA, the mean count of
missing attributes over the count of required attributes in a
gold SQL query) in the performance data.

v %MA % VRP V-Sens. % MR % HRP H-Sens.
RSLSQL  14% 7% 0.49 3% 11% 3.31
DINSQL  25% 17% 0.66 13% 22% 1.68
TASQL 20% 13% 0.66 11% 24% 2.12
DTSSQL  15% 11% 0.78 15% 29% 1.89
CodeS 65% 64% 097 47% 51% 1.09
Crush 32% 35% 1.11 11% 19% 1.71
CHESS 36% 43% 1.18 14% 31% 2.14
Skalpel 15% 21% 1.36 17% 58% 3.33

%MA (missing attributes) is the mean of the percent of the count
of attributes missing in .?l;,re 4 out of the total count of attributes
in ﬂ’co 1d for each Q. %VRP (value reference problem) is the mean
of the percent of the count of missing attributes in all ﬂ},re 4 Where
the conditions of Qg Qn; € Q satisty the conditions of the value
reference problem definition. %HRP (hidden relation problem) and
%MR (missing relations) are derived in the same manner as ZMA,
and %VRP for missing relations and the potential for the %HRP for
each Q.

Except for the hybrid methods that rely on vector search (SKALPEL,
Crush and CHESS), the value reference problem manifests at a rate
lower than the overall missing attribute percentage, suggesting
that subsetting methods that use LLM-based relation and attribute
selection are resistant to failure in situations where there is a refer-
ence to a value in the natural language question that doesn’t align
semantically with any attribute or relation name.

On the other hand, the hidden reference problem occurs at a
higher rate than the rate of all missing relations, suggesting that
cases where required relations that are not semantically aligned
to phrases or keywords in the natural language question cause
subsetting to fail at a higher rate for all subsetting methods.

F FUTURE WORK
F.1 Examining The Naturalness Problem

Identifier Naturalness. Prior research indicates that the natu-
ralness of an identifier affects the schema linking performance in
LLM-based NL-to-SQL. Identifier naturalness is the degree of sim-
ilarity to natural language words, where identifiers comprised of
only words are most natural, and identifiers comprised of acronyms
and abbreviations are less natural. We classify identifier natural-
ness categorically into three categories: Regular, Low, and Least.
We consider the occurence of the identifier naturalness problem as:



Jw e W,,Vi € {R € DUA € D}|w ~ i"¥ural p 4y 5 jnative ()

That is, given a database containing both native and natural
schemas, a symbol in W, satisfies a similarity criteria with at
least one identifier in D" el but not with the corresponding less
natural identifier in D™@#%¢,

Denoting Naturalness. In LLM-based NL-to-SQL, the naming
of schema identifiers (table and column names) has an effect on
performance. For each relation R and attribute A there exists native
and a natural identifiers R1ative gnatural  gnative ,,q gnatural

We denote schemas containing native identifiers as S"4/1%€, and
natural identifiers denoted as $"#%el_ Qther than their identi-
fier names, S"4f%€ and snatural 5.0 equivalent, and a database in-
stance D in our dataset collection contains both. In practical terms,
snative yepresents the names of base tables and their attributes,
and S"@tural pepresents a set of views that map natural identifiers
to their native identifier counterparts. A SQL query Q;’;lt ive Gyer

§native is equivalent to Q;’;ltuml over S"@ural and returns the same

result r, irrespective of schema naturalness type.
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