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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) [28], and semantic
understanding of complicated tasks [6], are still negatively affected
by high token counts [18].

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
of NL-to-SQL examples over large schemas by creating an exten-
sion of the Bird benchmark dataset we call BigBird that increases
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the 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 [16]. Current schema linking
methods and analysis has relied on the Bird [12] and Spider [31]
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.

e 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.

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.

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

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, 13, 23, 24, 30] on Bird’s exe-
cution accuracy 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 [16], the overall performance
of the top submissions that use schema subsetting suggest that,
when done correctly, subsetting may be improving NL-to-SQL per-
formance in some cases. These mixed results motivate additional
scrutiny of existing schema subsetting methods to 1) determine
their overall usefulness for improving NL-to-SQL, and 2) discover
specific aspects of subsetting methods that either improve or de-
grade 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 [20], 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 [22]
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 [24] 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 [21] 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 [29]
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 t1._
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
QsqlGold and queries that are predicted by an NL-to-SQL function
with the notation Qsgpreq- 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, P # and P, are the attribute and



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

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
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 Qp; and gold SQL query QsqiGo1d
pairs. We denote each pair of Qpj, OsqiGora € 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
Q,,; 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.

¥(Qu.D) — {S']8" ¢ 5}

where relations and attributes are included in the subset by the
criteria:

¥(Qpu, D) :=VYw € Q0 IRIR € DA

(R~wV (3A e RIA~w) (1)

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
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the advancement of NL-to-SQL systems. BIRD [31] 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 [31] 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 [14] 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
provide the instruction to create new tables that extend the seman-
tics of the schema within its domain without duplicating existing
information. This avoids semantic collisions with the base tables
targeted by Q so that the Qs41Go14 does not change given the larger
schemas. Details of this implementation are available in the techni-
cal report [15].

Benchmark Data. To evalute subsetting methods against a di-
verse set of schemas, we retrofit the Spider2 [10], SNAILS [14],
Bird [12], and BigBird NL-to-SQL benchmarks. All benchmarks
conform to the Q =< Qy, QsqiGoia > format, where NL ques-
tions are paired with a ground truth QsgiGo14 used for evaluating
correctness of subsetting method-generated Qgqipyeq 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
fashion 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
making 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 genera-
tion, and the NL-to-SQL systems from our evaluated subsetting mod-
ules employ various post-subsetting techniques including 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 complex NL-to-SQL
techniques and instead use a zero-shot prompting approach that
includes SQL generation instructions, the schema subset (repre-
sented serially as table: column 1, column 2, ..., column n), and
additional evidence or hints relating to the schema if provided in
the benchmark dataset.

We evaluate 7 LLMs from the OpenAI GPT [17, 19], Meta Llama [26],

and Google Gemini [25] 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.
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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.

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
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 [32].

During an offline preprocessing stage, SKALPEL uses an LLM to
generate natural language descriptions of schema tables using the
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table name, column names, and example values. These descriptions
are also embedded using NovaSearch and stored in a PGVector [27]
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.

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 g 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 technical report [15].

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.
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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% -

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
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 technical report [15].

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 evaluate 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 QsgiGola-

In order to derive the correct subset for each benchmark question,
we define an SQL parsing function P (qul) — §’ that arranges rela-
tions and attributes into a schema subset S’ comprised of identifiers
referenced in the input query Qgg;. For each Q in a benchmark B,
we derive a gold schema subset S7, |, , using P(QsqiGold) = Sg,14-
Because QgqiGoia is a syntactically correct query over its target
D € B, we assert that all S/Gold C S and that Sz}old 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 SlGold for each Q.

VYOni QsqiGold € Q € B :
¥(Qn1, D) — S;,redQP(qulGold) - Slcold )

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, 14, 16, 21], 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.

e SchRecall: [S;, |, NS, L 1/1S5,,4]

PerfRecall: 1 if ScheRecall = 1.0, 0 otherwise

ci QY ’ ’
SchPrecision: [S;, |, NS}, 1/ISh, 4]

Subset Proportion: IS;Jre d|/ |S|; (lower is better)

SchF1: 2x(SchRecallxSchPrecision) [ (SchRecall+SchPrecision)
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e Inference Time: Mean time (in seconds) to execute ¥ over
Qe 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).

NR.

’
d Pred|/|.RGoldI

SchRelRecall: |R 2;0 1d

PN ’ ’ ’
SchRelPrecision: |RGoId N ‘RPred|/|‘RPred|

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

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

SchAtrRecall: |ﬂ£}old n ‘ﬂ}redmﬂé;oldl

PPN ’ ’ ’
SchAtrPrecision: |ﬂGold N ﬂpredl/lﬂpredl

SchAtrF1: 2 « (SchAtrRecall « SchAtrPrecision)/
(SchAtrRecall + SchAtrPrecision)

Attribute Proportion: | A, 1/[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
ﬂéo 1q and 7{801 4 10 QsqiGold 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.

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 dif-
ferences 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.
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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 enrichment and granular evalu-
ation strategies. Knowledge enrichment, where schema representa-
tions are appended with sample values and verbose descriptions,
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 column 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
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.



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 v
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 0.64 091 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 0.85 0.93 0.91 0.91 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 0.45 0.41 0.22 0.26 0.30 0.10
RSLSQL 10.08 65715 0.76  0.88 0.21 0.32 0.96 0.37 0.49 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 0.94 091 0.79 0.76 0.75 0.17 0.03
L CHESS 351.95 5254439 031 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 0.41 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 0.40 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 0 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 0.83 0.86 0.80 0.77 0.77 le-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 381.43 0 0.00 0.01 le-3 le-3 0.01 le-3 le-3 le-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 le-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

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 f1) column in Table 3 reveals
a schema f1 performance reduction for each subsetting method as
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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
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
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Figure 7: Total token usage along the Y-axis (log1p 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.

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 question
without referencing the target database schema. 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 during NL-to-SQL inference. Nev-
ertheless, 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
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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 ; 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 r5,;4 returned
from a Qsq1Go1a query over D and rp,eq returned from a Qsgrpred
query over D. We adopt a subset-set comparison approach that
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.

Vﬂgold € rGoldaﬂpred €ETpred: (VE ﬂgold) =(Ve ﬂpred)
®)
That is, every attribute in Qsg1Go14 must be present in the Qgg1preds
and the values in each attribute of the predicted query must equal
their corresponding attribute values in Qsg1Gola-

5.1 NL-to-SQL Performance Evaluation Results

Key Takeaways. Subsetting method performance depends on
LLM-type and schema size. Additionally, competing priorities of



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 0.27 011 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

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.
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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 coefficient 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.

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 [14] benchmark dataset to test LLM-
based subsetting methods on data less likely to be included in their
training corpora.
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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 [31] 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. We also evaluate real-world
subsetters from competitive NL-to-SQL systems.

A recent work evaluates the usefulness of schema subsetting
using SoTA LLMs suggests that as LLM capability increases, the
need for schema subsetting diminishes [16]. In this paper, the au-
thors 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 related, our work provides additional measures of re-
call, 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 semantic 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, 31].
Our work complements this approach and makes use of the Spi-
der 2 and SNAILS [10, 14] 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.
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