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Abstract

Text-to-SQL systems translate natural language
questions into executable SQL queries, and
recent progress with large language models
(LLMs) has driven substantial improvements
in this task. Schema linking remains a crit-
ical component in Text-to-SQL systems, re-
ducing prompt size for models with narrow
context windows and sharpening model focus
even when the entire schema fits. We present
a zero-shot, training-free schema linking ap-
proach that first constructs a schema graph
based on foreign key relations, then uses a
single prompt to a lightweight LLM to ex-
tract source and destination tables from the
user query, followed by applying classical path-
finding algorithms and post-processing to iden-
tify the optimal sequence of tables and columns
that should be joined, enabling the LLM to
generate more accurate SQL queries. To han-
dle real-world databases where foreign keys
may be missing or inconsistent, we further pro-
pose an LLM-guided joinability discovery step
that infers table connections before graph con-
struction, ensuring robustness across diverse
schemas. Despite being simple, cost-effective,
and highly scalable, our method achieves state-
of-the-art results on both the BIRD and Spi-
der 2.0 benchmarks, outperforming previous
specialized, fine-tuned, and complex multi-step
LLM-based approaches.

1 Introduction

Relational databases are foundational to modern
data infrastructure, powering analytics, reporting,
and decision-making across domains. Yet, query-
ing these databases typically requires fluency in
SQL, a barrier for many users. Text-to-SQL sys-
tems aim to democratize access by translating nat-
ural language (NL) questions into executable SQL
queries (Zhu et al., 2024; Zhang et al., 2024). En-
abled by large language models (LLMs), recent
systems achieve impressive performance across
complex cross-domain settings.

However, bringing these systems to real-world
applications introduces new challenges. Enterprise
databases often contain hundreds of tables and thou-
sands of columns, far beyond the scale of academic
benchmarks. Supplying the entire schema to the
model risks exceeding token limits and introduces
considerable noise, which can hinder SQL gener-
ation and inflate inference cost (Cao et al., 2024;
Li et al., 2023c). In practice, user queries typically
touch only a small subset of the schema, making it
crucial to identify and extract the relevant part, a
process known as schema linking (Lei et al., 2020).

Schema linking aims to determine which ta-
bles or columns are needed to answer a user ques-
tion. While early methods relied on exact string
matches (Yu et al., 2018), recent work has proposed
neural linkers (Gan et al., 2023), retrieval-based
modules (Wang et al., 2025d), and prompt-based
systems (Pourreza and Rafiei, 2023). These can
capture semantic signals beyond surface overlap,
but typically require supervised training, complex
multi-stage pipelines, or brittle prompt engineering.
They also struggle with the core trade-off: being
precise enough to reduce noise, yet broad enough
not to miss critical context (Liu et al., 2025; Wang
et al., 2025b).

We address whether effective schema linking
can be achieved without specialized fine-tuning
or complex multi-stage prompting. Our answer is
affirmative, based on a minimal design that uses
one lightweight LLM decision plus deterministic
graph search.

We introduce SchemaGraphSQL, a zero-shot
schema linking framework that revisits classical
algorithmic tools. Our key idea is to model schema
linking as a graph search problem. We treat the
database schema as a graph where nodes are tables
and edges reflect foreign-key connections; when
foreign keys are missing or inconsistent, we first
use an LM, given the schema, to infer joinability
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Figure 1: SchemaGraphSQL pipeline. Main flow (1-1): (i) build a table graph from foreign keys or, when FKs are
missing, via LLM-based joinability discovery (Section 2); (ii) identify one source and one destination table with a
single LLM call; (iii) find a shortest join path (Dijkstra-style) and pass only the filtered tables on that path to the

SQL generator.

and construct the graph. Given a user query, we
make a single LLLM call to predict coarse-grained
source and destination tables, then apply determin-
istic path-finding algorithms to enumerate all short-
est join paths between them. The union of these
paths forms a compact sub-schema, guaranteed to
be connected and grounded in the query.

This perspective is both simple and surprisingly
powerful. To our knowledge, SchemaGraphSQL
is the first Text-to-SQL system to rely exclusively
on classical graph algorithms for schema linking,
using LL.Ms only for coarse guidance. It requires
no training, incurs minimal inference cost, and in-
tegrates easily into any downstream parser or LLM-
based SQL generator.

Empirical results on BIRD (Li et al., 2023c) and
Spider 2.0 Lite (Lei et al., 2025) show that Schema-
GraphSQL attains state-of-the-art recall-focused
schema-linking scores and improves end-to-end ex-
ecution accuracy across multiple model families.
We also provide a systematic analysis demonstrat-
ing that this minimal design (one small LLM de-
cision plus graph search) compares favorably to
specialized neural or prompt-heavy pipelines in
robustness and efficiency.

Main Contributions:
(1) We present a training-free, efficient schema
linking framework that couples one lightweight
LLM decision with deterministic graph search, de-
livering strong end-to-end accuracy with minimal
computational overhead (on average only ~4.6K
input and 14 output tokens per query).

(2) We propose a robust graph-construction proce-
dure: directly from foreign keys when available,
and via LLM-guided joinability discovery when
keys are missing or noisy, enabling reliable opera-
tion across heterogeneous schemas.

(3) We conduct comprehensive evaluations and ab-
lations on BIRD and Spider 2.0 Lite, showing that
recall-oriented linking correlates best with execu-
tion accuracy and that our approach consistently
improves downstream performance.

2 SchemaGraphSQL

SchemaGraphSQL is a training-free schema linker
that selects a small, connected subset of a database
schema sufficient to answer a user question. We
model the database as a graph where tables are
nodes and foreign keys (FKs) are edges. Given
the question, we (i) identify a source table (where
conditions apply) and a destination table (where
requested outputs live), then (ii) find a shortest join
path between them. The tables on this path form the
filtered sub-schema that we pass to the downstream
Text-to-SQL generator (Figure 1).

2.1 Step 1: Build the schema graph

In this step our goal is to construct a table-level
graph that accurately reflects the joinability struc-
ture of the database, so shortest-path search corre-
sponds to minimal-hop join chains.

In databases with declared FKs (e.g., BIRD), we
build an undirected graph whose nodes are tables
and whose edges reflect FK relationships. This
preserves the natural connectivity of the schema
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and allows shortest-path search over valid joins.

In some collections (e.g., SPIDER 2), explicit
FK metadata may be missing or incomplete. In
these cases, we use an LLM-guided joinability dis-
covery step: given the schema (table and column
names, types, and brief descriptions when avail-
able), the LLLM proposes joinable table pairs and
candidate key columns. We add an edge for each
validated pair to obtain the table graph. Further
details are provided in the Appendix. Overall, this
makes graph construction reliable across heteroge-
neous, large-scale databases.

2.2 Step 2: Identify sources and destinations

We ask a lightweight model to return exactly one
source table and one destination table (see the
prompt 2 in Appendix A). By source we mean
the table whose columns appear in the query’s fil-
ters/conditions (e.g., predicates in WHERE/HAVING).
By destination we mean the table that supplies the
requested output columns (e.g., attributes shown in
SELECT).

This choice mirrors common practice when writ-
ing SQL over large schemas: practitioners typically
first locate where to filter and where to read the fi-
nal outputs, then connect them with the necessary
joins. A single, tightly scoped call gives precise
anchors for the subsequent graph search without
training or multi-stage prompting.

2.3 Step 3: Shortest-path backbone

Given the source and destination from Step 2, we
run a Dijkstra-style shortest-path algorithm on the
table graph to obtain a minimal-hop join chain be-
tween them. The tables on this path constitute
the filtered sub-schema used by the SQL generator.
This yields a compact, connected context that pre-
serves the joins necessary to answer the question
without overwhelming the model with irrelevant
tables.

If multiple shortest paths exist between the cho-
sen source and destination, we issue a second, tiny
LLM call to select the most appropriate path (based
on path semantics and column names). On the
BIRD-Dev set this occurred in only /.7% of exam-
ples.

2.4 Force-Union configuration (primary,
recall-oriented)

While we describe 1-1 above for clarity, our
primary configuration in experiments is a recall-
oriented force-union variant. Here, the LLM re-

turns lists of sources and destinations instead of
a single source and destination. We then take
the union of shortest paths across all source—
destination pairs, forming a connected join back-
bone that maximizes coverage (details in Section 4).
This configuration consistently achieved the high-
est recall and the strongest end-to-end execution
accuracy on complex, multi-join queries. In the
ablation study (Section 6), we further analyze dif-
ferent configuration settings and examine how vary-
ing the number of sources, destinations, and path-
selection strategies affects the precision—-recall bal-
ance. Code, prompts, and outputs will be released
to support reproducibility.

3 Experimental Setup

3.1 Datasets

We evaluate on two recent Text-to-SQL bench-

marks that differ in schema annotation and struc-

ture, enabling a robust assessment across settings.

e BIRD (Dev) The BIRD (Li et al., 2023c) de-
velopment split contains 1,534 natural-language
questions over 11 heterogeneous relational
databases. Gold SQL is available for each ques-
tion. We use it to compute schema-level metrics
by extracting referenced tables, and to compute
execution accuracy with the official BIRD evalu-
ation.

e Spider 2.0 (Lite) Spider 2.0 focuses on real-
world enterprise workflows (Lei et al., 2025). We
use the Lite test subset with 547 test examples
across 158 test databases. Unlike BIRD, for-
eign keys may be missing or incomplete; this lets
us assess robustness of our graph construction
(Section 2) and schema linking under weaker su-
pervision. Schema-level metrics are computed
from gold SQL by extracting referenced tables;
execution accuracy follows the canonical execute-
and-compare protocol.

BIRD and Spider 2.0 are among the most up-to-
date benchmarks and are complementary: BIRD
provides clean FK annotations; Spider 2.0 Lite in-
tentionally stresses more realistic, partially spec-
ified schemas. Using both ensures the proposed
method is tested under different schema conditions.

3.2 Compared Methods

* SchemaGraphSQL (ours) We evaluate two con-
figurations: SchemaGraphSQLqorce-union, OUT
primary and recall-oriented method, asks the
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Table 1: Schema linking results on BIRD-Dev. Prompt-based methods, including ours, use Gemini 2.5 Flash for
source/destination extraction; retrieval uses a multilingual-E5-large-instruct table encoder. Fine-tuned rows (e.g.,
ExSL, DTS-SQL) are reported from their papers and were not re-run. Metrics compare predicted tables to tables
referenced in the gold SQL.

Method Schema Linking Method Precision (%) Recall (%) F1(%) F6 (%)
LLM as Schema Linker Prompt-based 91.79 89.90 90.83 89.95
Retrieval (Topl) Retrieval-based 86.70 44.46 58.78 45.05
Retrieval (Top2) Retrieval-based 66.59 67.80 67.19 67.77
Retrieval (Top3) Retrieval-based 53.67 80.91 64.54 79.82
Retrieval (Top4) Retrieval-based 45.79 87.64 60.15 85.52
Retrieval (Top5) Retrieval-based 39.89 91.11 55.49 88.06
Retrieval (Top6) Retrieval-based 35.43 93.31 51.36 89.37
DIN-SQL (Pourreza and Rafiei, 2023) Prompt-based 79.90 55.70 65.64 56.16
PET-SQL (Li et al., 2024) Prompt-based 81.60 64.90 72.30 65.26
MAC-SQL (Wang et al., 2025a) Prompt-based 76.30 56.20 64.73 56.60
MCS-SQL (Lee et al., 2025) Prompt-based 79.60 76.90 78.23 76.97
RSL-SQL (Cao et al., 2024) Prompt-based 78.10 77.50 77.80 77.52
LinkAlign Agent (Wang et al., 2025d)  Prompt-based 77.10 79.40 78.23 79.34
DTS-SQL (Pourreza and Rafiei, 2024) Fine-tuned 95.07 92.74 93.89 92.80
Gen (Glass et al., 2025) Fine-tuned 90.40 95.50 92.88 95.35
ExSL,. (Glass et al., 2025) Fine-tuned 95.86 93.94 94.89 93.99
ExSL; (Glass et al., 2025) Fine-tuned 96.35 93.85 95.08 93.92
SchemaGraphSQL; Prompt + Graph 94.89 84.02 89.12 84.28
SchemaGraphSQL force—union Prompt + Graph 86.21 95.71 90.71 95.43

LLM for lists of sources and destinations and re-
turns the union of shortest paths over all source—
destination pairs. SchemaGraphSQL;_; is a
compact variant that asks the LLM for exactly
one source and one destination and uses a single
shortest path between them (with a rare tie-break
via a second small LLM call when multiple short-
est paths exist).

LLM as Schema Linker (baseline) A single
LLM call is prompted to list all tables that should
appear in the FROM/JOIN clause given the ques-
tion, mirroring prior single-step linkers.

Dense Retriever (baseline) A table retriever
encodes table names (optionally concatenated
with column names) and selects the top-k ta-
bles by cosine similarity; we report results for
ke{l,...,6}.

Published systems For completeness, we in-
clude published BIRD development results from
recent schema-linking systems (e.g., Extractive

Schema Linking; LinkAlign). We do not re-
run these systems, so they are excluded from
execution-accuracy comparisons.

3.3 Models evaluated

We evaluate end-to-end performance with several
LLM families: Gemini 2.5 Flash (Comanici et al.,
2025), Gemma 3 (27B, 12B, and 4B instruction-
tuned variants) (Team et al., 2025), and GPT-5 nano
/ GPT-5 mini (OpenAl, 2025). For each family, end-
to-end accuracy is computed by using that same
model for the entire pipeline: the model identi-
fies sources/destinations (schema linking) and then
generates SQL (no cross-model mixing).

3.4 Evaluation Metrics

Schema-level: We report precision, recall, and F-
scores, calculated by comparing the predicted table
set against the tables referenced in the gold SQL.
We prioritize the recall-weighted Fg score (5 = 6),
as prior work (Glass et al., 2025) has demonstrated
that F§ correlates most strongly with downstream
SQL execution accuracy. We also report Exact
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Match Rate (EMR), the percentage of examples
where the predicted table set exactly matches the
gold set:

N
EMR = % Z I[Predicted; = Gold).
=1
End-to-end: FExecution accuracy measures
whether the generated SQL, when executed
against the database, returns the same result as the
reference query.

4 Results

Table 1 shows that SchemaGraphSQLgyrce-union at-
tains the highest recall (95.71%) and Fg (95.43%)
among all reported systems, including fine-tuned
methods (e.g., EXSL at Fs = 93.92%). This is no-
table because our method is training-free and uses
only a single, lightweight LLM call plus determin-
istic graph search. As expected, precision is lower
than EXSL variants, but in Text-to-SQL the down-
stream impact is typically dominated by coverage:
missing any required table prevents forming a valid
join chain, whereas extra tables are usually ignored
by the generator. The SchemaGraphSQL;_; vari-
ant exhibits very strong precision (94.89%) with
reduced recall (84.02%), illustrating the compact-
ness—coverage trade-off.

On Spider 2.0 Lite (Table 3),the single-step
“LLM as linker” baseline shows high precision
(89.93%) but low recall (40.18%). In contrast,
SchemaGraphSQLggce-union iNCreases both recall
(47.37%) and Fg (47.64%), indicating better cov-
erage under FK sparsity. The 1-1 variant again
achieves the highest precision (91.17%) but suf-
fers in recall (16.45%), reinforcing that unionizing
shortest paths is valuable when a database’s join
structure is only partially specified.

Across model families (Table 2),
SchemaGraphSQLgoce-union consistently
achieves the strongest non-oracle accuracy. With
Gemini 2.5 Flash, total accuracy reaches 62.91%,
closely trailing the oracle “Ideal Schema Linking”
(64.41%). Improvements are concentrated in the
Moderate and Challenging categories, where
multi-table joins are common; for example, Gemini
shows substantial gains on challenging cases.
Similar trends hold for Gemma 3 (27B/12B/4B)
and GPT-5 (Nano/Mini). In every family, the
recall-oriented force-union surpasses the compact
1-1 variant on total accuracy. Overall, schema-

level Fy correlates best with end-to-end outcomes,
whereas precision alone is less predictive.

5 Analysis

5.1 Cost and Efficiency

We compare the token cost of SchemaGraphSQL
against a standard “No Schema Linking” base-
line (where the full schema is provided in a single
prompt). Using Gemini-2.5-Flash on BIRD-Dev:
* No Schema Linking: 1 LLM call per query. Avg
Input: 1,892 tokens. Avg Output: 70.2 tokens.

* SchemaGraphSQL: 2 LLM calls (Linking +
Generation). Avg Input: 6,666 tokens. Avg Out-
put: 84.2 tokens.

While our method increases input tokens (due to

the separate linking step), the output tokens (which

typically drive API latency and cost) remain com-
parable (an increase of only ~14 tokens). This
input-heavy but output-light pre-processing yields
an absolute accuracy gain of +11.4% (51.50% to

62.91%), making it a highly cost-effective trade-off

compared to iterative or agentic pipelines.

5.2 Error Analysis

We analyzed the 23.4% of cases where Schema-
GraphSQL failed to achieve an Exact Match (EMR)
on BIRD-Dev.

Superset vs. Subset: The vast majority of EMR
errors (15.7% of total queries) are supersets, where
the predicted tables include all gold tables plus
extra ones. Only 4.8% are subsets (missing gold
tables). This confirms that our force-union strat-
egy effectively maximizes recall, with the primary
error mode being slightly lower precision, which
powerful LLMs handle well.

Graph Connectivity: Of the missing tables, only
0.27% were unreachable in the graph. However,
4.0% were reachable but lay on longer join paths
than the shortest one found. This indicates that
while the shortest-path heuristic is robust, future
work could explore semantic path weighting to
capture these edge cases.

6 Ablation Study

We analyze how configuration choices affect
schema-level metrics and, by extension, down-
stream performance. We vary: (i) how many
sources and destinations the LLM may return, and
(i1) how we aggregate shortest paths.
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Table 2: SQL execution accuracy on BIRD-Dev. Each model family is evaluated end-to-end using the same model
for both schema linking (source/destination identification) and SQL generation. “Ideal Schema Linking” supplies
the gold table set; “No Schema Linking (LLM-only)” is a single-step LLM listing all join tables; “Retriever-Based
Schema Linking” selects top-k tables by embedding similarity. Scores are reported overall and by difficulty buckets.

LLM Method Simple (%) Moderate (%) Challenging (%) Total (%)
Ideal Schema Linking 42.49 21.94 16.67 33.83
No Schema Linking (LLM-only) 30.05 13.76 7.64 23.01
Retriever-Based Schema Linking 33.51 17.20 13.19 26.66
Gemma-3-4B
SchemaGraphSQL;_ 28.76 11.61 8.33 21.64
SchemaGraphSQL foce—union 35.35 18.92 20.83 29.01
Ideal Schema Linking 58.38 41.08 29.86 50.46
No Schema Linking (LLM-only) 42.59 22.15 16.67 33.96
Dense Retrieval 46.38 30.97 27.08 39.90
Gemma-3-12B
SchemaGraphSQL;_ 50.59 29.03 23.61 41.53
SchemaGraphSQL foce—union 54.38 35.27 26.39 45.96
Ideal Schema Linking 63.14 47.96 38.19 56.19
No Schema Linking (LLM-only) 49.41 31.40 25.69 41.72
Retriever-Based Schema Linking 52.22 41.51 33.33 47.20
Gemma-3-27B
SchemaGraphSQL;_ 58.38 41.08 31.94 50.65
SchemaGraphSQL foce—union 61.19 44.73 37.50 53.98
Ideal Schema Linking 71.46 55.48 47.92 64.41
No Schema Linking (LLM-only) 59.35 41.08 34.72 51.50
Retriever-Based Schema Linking 64.11 50.97 45.83 58.41
Gemini-2.5-Flash
SchemaGraphSQL;_ 66.81 51.61 43.06 59.97
SchemaGraphSQL o ce—union 68.32 56.13 50.00 62.91
Ideal Schema Linking 50.16 3247 25.00 42.44
No Schema Linking (LLM-only) 43.78 23.87 24.31 35.92
Retriever-Based Schema Linking 44.00 30.11 18.75 37.42
GPT-5-nano
SchemaGraphSQL;_ 45.84 27.10 21.53 37.87
SchemaGraphSQL foce—union 47.35 27.96 20.83 38.98
Ideal Schema Linking 59.35 41.29 31.94 51.30
No Schema Linking (LLM-only) 52.22 31.40 27.08 43.55
Retriever-Based Schema Linking 52.32 35.27 33.33 45.37
GPT-5-mini
SchemaGraphSQL;_ 54.49 37.85 26.39 46.81
SchemaGraphSQL force—union 57.62 39.78 33.33 49.93

We experiment with four source—destination car-
dinalities: 1-1, 1-n, n-1, and n—n, which con-
trol whether the LLM returns single or multiple
source and destination tables. For each identified
pair, multiple shortest join paths may exist in the
schema graph. In the no-union setting, the LLM
chooses the most appropriate path among them. In
the standard configuration for all four cardinalities,

we additionally construct a union of all shortest
paths and let the LLM choose between individual
paths and this union. The force-longest variant re-
moves the LLM decision and automatically selects
the longest of the shortest paths, and the force-
union variant always uses the union path directly.
These configurations allow us to isolate the effect
of path aggregation decisions on schema linking

2590



Table 3: Schema linking results on SPIDER 2.0 Lite. Prompt-based methods, including ours, use Gemini 2.5 Flash
for source/destination extraction; retrieval uses a multilingual-E5-large-instruct table encoder. Metrics compare
predicted tables to tables referenced in the gold SQL.

Method Ref / Schema Linking Method Precision (%) Recall (%) F1 (%) F6 (%)
LLM as Schema Linker Prompt-based 89.93 40.18 55.55 40.79
Retrieval (Top1) Retrieval-based 67.09 9.08 16.00 9.30
Retrieval (Top2) Retrieval-based 58.00 14.30 22.94 14.59
Retrieval (Top3) Retrieval-based 51.87 18.56 27.34 18.89
Retrieval (Top4) Retrieval-based 46.26 21.03 2891 21.34
Retrieval (Top5) Retrieval-based 43.22 23.61 30.54 23.91
Retrieval (Top6) Retrieval-based 40.20 25.70 31.35 25.95
SchemaGraphSQL;_; Prompt + Graph 91.17 16.45 27.88 16.83
SchemaGraphSQL force—union  Prompt + Graph 59.88 47.37 52.89 47.64

chor on each side is risky without reliable FK
metadata.

performance.

6.1 Findings on BIRD-Dev

Table 4 reveals three clear lessons: Table 4: Ablation of SCHEMAGRAPHSQL configura-

tions on BIRD-Dev using Gemini 2.5 Flash.
* SchemaGraphSQLgyrce.union achieves the

best recall (9571%) and best Fﬁ (9543%) Method EMR Prec. Rec. F6
Removing union (no-union) reduces both F (%) (%) (%) (%)
and Fg, indicating that coverage matters more

than compactness for downstream success. SchemaGraphSQLa —1 7106 9489 84.02  84.28
SchemaGraphSQLq _ ,, 78.16 93.29 91.55 91.60

e force-longest consistently underperforms  schemaGraphsQL, _; 7823 90.99 94.86 94.76
other settings, suggesting that adding inter-  schemaGrphsor,, _,, 7829 90.87 95.10 94.98

mediate tables along equally short routes in-
troduces noise without benefits.

SchemaGraphSQL foce-jongest 71.64 89.47 88.45 88.47
SchemaGraphSQL,,5-ynion 73.73 91.39 90.03 90.07
SchemaGraphSQL foce-union 76.60 86.21 95.71 95.43

* Among non-union settings, n—n attains the
best F1 (92.93%) and the highest EMR
(78.29%), making it a good choice when com-
pactness is required but we still want strong
overall match to gold table sets.

Table 5: Ablation of SCHEMAGRAPHSQL configura-
tions on SPIDER 2.0 Lite using Gemini 2.5 Flash.

.. . . Method EMR  Prec. Rec. Fo6
6.2 Findings on Spider 2.0 Lite
(%) (%) (%) (%)
Table 5 shows similar, but starker, patterns in FK-
Sparse enVironmentS: SchemaGraphSQL1 _ 1 20.48 91.17 16.45 16.83
SchemaGraphSQL1 _ ,, 32.91 77.60 31.84 32.36
¢ force-union yields the best recall (47.37%)  schemaGraphsoL,, _; 3528 78.53 43.60 44.13
and best Fg (47.64%), which is crucial when  schemaGraphsaL,, ., 31.44  70.09 4647 46.89

join structure is only partially specified. SchemaGraphSQLypree-tomgest ~ 23.22  75.05  18.92  19.31
SchemaGraphSQL,,-ynion 24.31 81.89 19.49 19.90

¢ Among non-union settings, n—1 delivers the
& &5 SchemaGrphSQLyyree v 3327 59.88 4737 47.64

highest EMR (35.28%) and competitive Fj
(56.07%), reflecting that multiple candidate
sources can help when sources are uncertain.

6.3 Practical guidance

* 1-1 has excellent precision (91.17%) butlow ~ When downstream execution accuracy 1is
recall (16.45%), confirming that a single an-  the priority (especially for complex, multi-
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join queries or FK-sparse schemas) use
SchemaGraphSQLgoce-union- If prompts
must remain minimal and you can tolerate recall
risk, SchemaGraphSQL;_; offers the most
compact context. For a balanced compromise
without union, n-n provides the strongest /7 and
EMR on BIRD-Dev.

7 Related Work
7.1 Schema Linking in Text-to-SQL

Schema linking is the process of identifying and
aligning the tables and columns in a database
schema that are relevant to a natural language query.
It is a crucial component of Text-to-SQL systems,
as it reduces irrelevant context, improves query gen-
eration accuracy, and enables scalability to large
schemas (Lei et al., 2020; Li et al., 2023c). Early
approaches relied primarily on string matching and
type-based heuristics (Yu et al., 2018), which often
failed to capture semantic correspondences, para-
phrases, or structural relationships across complex
schemas. As database size and schema complexity
have increased, more sophisticated methods have
emerged to bridge the semantic gap between natu-
ral language and relational structures.

7.2 Neural and Prompt-Based Methods

Recent work has leveraged pretrained language
models and neural encoders to improve schema
linking performance (Gan et al., 2023; Glass et al.,
2025). Neural linkers treat schema linking as a
supervised classification or ranking task and are
often integrated as modules within larger Text-
to-SQL systems (Pourreza and Rafiei, 2024; Li
et al., 2023a). Prompt-based approaches instead
query large language models directly to identify
relevant schema elements, sometimes incorporat-
ing retrieval-augmented generation or multi-step
prompting (Wang et al., 2025d). Systems such as
RSL-SQL (Cao et al., 2024) and Solid-SQL (Liu
et al., 2025) aim to balance recall and precision
by pruning irrelevant schema items while preserv-
ing necessary context. These methods demonstrate
strong performance but can involve complex multi-
stage pipelines or require supervised training data.

7.3 Graph-Based Approaches

A parallel line of research models database
schemas as graphs, with nodes representing tables
or columns and edges representing foreign-key or
semantic relations. Graph neural networks (GNNs)

and relation-aware transformers have been widely
used to encode such structures. RAT-SQL (Wang
et al., 2020) introduced relation-aware attention
over a joint question—schema graph, inspiring suc-
cessors such as LGESQL (Cao et al., 2021) and
ShadowGNN (Chen et al., 2021). Further work
integrates schema graph reasoning directly into pre-
trained models, as in Graphix-T5 (Li et al., 2023b)
and GRL-SQL (Gong and Sun, 2024), while SQL-
former (Bazaga et al., 2024) incorporates schema
structure as inductive bias for SQL generation.

Beyond learned representations, several stud-
ies explore classical graph algorithms for schema
reasoning. DBCopilot (Wang et al., 2025b) con-
structs a directed schema graph and performs depth-
first traversal to linearize sub-schemas for routing,
and Interactive-T2S (Xiong et al., 2024) employs
breadth-first search for join path discovery dur-
ing multi-turn dialogue. Wang et al. (Wang et al.,
2025¢c) propose a human-guided framework for
multi-table question answering that integrates a
schema graph to guide LLLM reasoning.

7.4 Positioning Our Work

While prior studies have explored schema linking
through supervised neural models, prompt-based
linkers, and graph-enhanced architectures, less at-
tention has been given to approaches that rely solely
on classical graph algorithms without additional
training. Existing graph-based methods often treat
the schema graph as an auxiliary aid or depend on
human-curated structure, leaving the potential of
deterministic graph reasoning for schema selection
relatively underexplored. Our work investigates
this direction by modeling schema linking itself as
a graph search problem, leveraging automatically
constructed schema graphs to identify relevant ta-
bles for Text-to-SQL generation.

8 Conclusion

We have presented SCHEMAGRAPHSQL, a
lightweight, zero-shot schema linking framework
that integrates classical path-finding algorithms
into modern LLM-based Text-to-SQL systems. Un-
like prior work that relies on heavy prompting
strategies or supervised fine-tuning, our method
achieves state-of-the-art schema linking perfor-
mance with minimal computational overhead. In
addition, SCHEMAGRAPHSQL is robust to in-
complete or noisy database schemas (where for-
eign keys may be missing or inconsistent) through
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an LLM-guided joinability discovery step that re-
constructs reliable graph connectivity before path
search. Beyond accuracy gains, SCHEMAGRAPH-
SQL provides a transparent and interpretable mech-
anism for schema filtering, making it well-suited
for real-world deployment in production Text-to-
SQL systems.

Limitation

While SCHEMAGRAPHSQL delivers strong per-
formance on large-scale databases with well-
structured foreign key relations, it has several lim-
itations. First, our approach is not optimized for
deeply nested or compositional queries that require
multi-step subquery reasoning. Second, on dense
schema graphs with excessive or noisy foreign key
links, shortest-path enumeration may yield overly
broad candidate sets, reducing precision. Third,
we currently treat all join paths equally and do not
apply weights or heuristics based on foreign key im-
portance or estimated join cost, which could further
refine path selection and improve SQL execution
quality.

In terms of experimental scope, our evalua-
tion relied on hosted API access rather than on-
premise hardware, which limited our ability to test
a wider range of open-source models or to fine-
tune models locally. Nevertheless, we included
models from multiple families and sizes (Gemma,
Gemini, GPT-5) to provide broad coverage. Fu-
ture work could extend this by creating a small
instruction-tuned model specifically trained for the
source—destination identification step, enabling a
lightweight, locally deployable variant of SCHEMA-
GRAPHSQL.
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A System Prompts

This section provides the system prompts used
throughout the SchemaGraphSQL pipeline. Each
prompt corresponds to a specific stage in the
schema linking and query generation process. All
prompts are issued via Gemini 2.5 Flash with low
(0.2) temperature settings to ensure stable and de-
terministic outputs.

A.1 Source and Destination Table
Identification

The first step in the SchemaGraphSQL pipeline is
to identify which tables are relevant for answering a
question. Specifically, we classify tables as source
tables (those containing columns used in filters or
conditions) and destination tables (those providing
the final result columns). This step narrows the
schema to a focused subset before any join path
search is performed. The LLM instructions used
for this step are provided below.

Prompt 1: System prompt for source and des-
tination extraction

ROLE & OBJECTIVE

You are a senior data engineer who analyses SQL schemas
and maps user questions precisely to source tables (filter-
ing) and destination tables (final result columns).

TASK
Identify:

* Source table(s) (src): contain columns used in filter-
s/conditions.

¢ Destination table(s) (dst): contain columns returned
in the answer.

INSTRUCTIONS

1. Internally inspect every table to determine

» which tables participate in filtering, and
* which tables supply the requested output columns.

Briefly justify your choice internally but do not include
that justification in the final answer.

2. Output exactly one line in the following format:
src=TableA,TableB, dst=TableC,TableD

While the above prompt is designed for the gen-
eral case where multiple source and destination
tables may be involved, we also consider a sim-
plified 1-1 setting. This configuration is useful
for analyzing schema linking behavior in the most
constrained scenario, where the LLM must identify
exactly one source and one destination table. This
reduces ambiguity in evaluation and isolates the
core reasoning ability of the model.

Prompt 2: System prompt for source and des-

tination extraction (1-1)

ROLE & OBJECTIVE

You are a senior data engineer who analyses SQL schemas
and maps user questions precisely to source tables (filter-
ing) and destination tables (final result columns).

TASK
Identify:

¢ Source table (src): contains columns used in filters/-
conditions.

¢ Destination table (dst): contains columns returned in
the answer.

INSTRUCTIONS

1. Internally inspect every table to determine

» which table participates in filtering, and
 which table supplies the requested output columns.

Briefly justify your choice internally but do not include
that justification in the final answer.

2. Output exactly one line in the following format:
src=TableName, dst=TableName

A.2 Join Path Selection

Once the relevant tables are identified, the next step
is to select the most appropriate join path among
candidate paths in the schema graph. This ensures
that the resulting query connects the necessary ta-
bles correctly and follows valid join logic.

Prompt 3: System prompt for join path selec-

tion

ROLE & OBJECTIVE

You are a database expert tasked with selecting the optimal
Jjoin path to answer user questions using a provided SQL
schema.

TASK
Choose the single most appropriate join path from a list of
candidates that correctly connects the relevant tables.

INSTRUCTIONS

1. Internally inspect each path to determine:

» whether it connects all necessary tables,
* whether joins are complete and valid,
* and whether it satisfies the intent of the question.

Briefly justify your decision internally but do not in-
clude any reasoning in the final output.

2. Output one line in the following format: Final Answer:
path_id: <ID>

A.3 SQL Generation After Schema Linking

With the join path selected, the system can now gen-
erate the final SQL query. At this stage, the LLM
uses the reduced schema and the chosen join path
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to synthesize a syntactically valid and semantically
correct SQLite query.

Prompt 4: System prompt for SQLite query
generation after schema linking

ROLE & OBJECTIVE

You are an expert in SQLite query generation. Your task is
to generate a valid query to answer a user question based
on the given schema and join path.

INPUTS
* Schema: {schema}
¢ Join Path: {join_path_string}

* Question Context: {evidence_string}

INSTRUCTIONS

1. Use the provided schema and join path to construct a
valid SQLite query.

2. Ensure the query correctly answers the user’s question.

3. Format the query clearly and confirm it adheres to
SQLite syntax.

A.4 Baseline SQL Generation (Without
Schema Linking)

For comparison, we also provide a baseline prompt
that generates SQL queries directly from the full
schema without schema linking. This serves as the
baseline used in our experiments.

Prompt 5: Baseline prompt for SQLite query

generation

ROLE & OBJECTIVE

You are an expert in SQLite query generation. Your task
is to produce a valid query that answers a user’s question
using the provided schema.

INPUTS
* Schema: {schema}

¢ Question Context: {evidence_string}

INSTRUCTIONS

1. Generate a correct SQLite query that answers the user
question.

2. Ensure the query is syntactically valid and aligns with
the schema.

3. Format the query clearly and cleanly.

B Additional Results
C Extended Results on BIRD MiniDev

This section presents extended evaluation results
that complement those in the main text. We report

schema linking scores and end-to-end execution ac-
curacy on the MINIDEV split of the BIRD dataset,
providing a more complete view of SchemaGraph-
SQL’s performance and robustness.

C.1 Schema Linking Performance

We first compare SchemaGraphSQL against base-
line approaches for schema linking, including a
single-step LLM linker and dense retrieval base-
lines. As shown in Table 6, SchemaGraphSQL
substantially improves recall and Fg while main-
taining high precision, indicating that its determin-
istic graph-based approach enables more complete
and accurate table selection.

Table 6: Schema linking results on the MiniDev split of
BIRD. SchemaGraphSQL achieves higher recall and Fg
than both LLM-based and retrieval-based baselines.

Method Exact Match (%) Precision (%) Recall (%) F6 (%)
LLM as Schema Linker 75.70 92.82 90.56 90.62
Retrieval (Topl) 14.40 86.40 41.24 41.83
Retrieval (Top2) 28.00 68.30 64.67 64.76
Retrieval (Top3) 4.80 55.00 71.73 76.88
Retrieval (Top4) 1.00 47.29 85.00 83.20
Retrieval (Top5) 0.80 41.52 89.64 86.92
Retrieval (Top6) 0.80 37.06 92.26 88.69
SchemaGraphSQL (Ours) 82.33 94.80 93.97 93.99

C.2 Ablation on Graph Configurations

Next, we study how different graph configurations
affect schema linking quality. We vary both the
source—destination cardinality (1-1, 1-n, n—1, n—n)
and the path aggregation strategy (no-union, force-
union, force-longest). Table 7 shows that config-
urations allowing multiple source and destination
tables (n—1 and n-n) yield the best results over-
all. Additionally, the force-union variant achieves
the highest recall, confirming that including all
shortest-path tables can improve coverage, albeit
with a trade-off in precision.

Table 7: Schema linking results across different graph
configurations on MiniDev.

Method EMR (%) Precision (%) Recall (%) F6 (%)

SchemaGraphSQL;_; 64.86 96.47 79.67 80.05
SchemaGraphSQL; _,, 74.10 95.93 87.16 87.38
SchemaGraphSQL,, 82.13 95.81 93.39 93.45
SchemaGraphSQL,,_, 82.33 94.80 93.97 93.99
SchemaGraphSQL orce_iongest  72:29 92.97 86.19 86.36
SchemaGraphSQL,,0—union 74.90 95.16 87.94 88.12
SchemaGraphSQL yorce—union 80.72 89.36 94.75 94.59
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C.3 End-to-End SQL Execution Accuracy

Finally, we evaluate the impact of schema linking
choices on downstream SQL generation. Table 8
reports execution accuracy across question diffi-
culty levels for multiple LLM backends. Schema-
GraphSQL consistently outperforms baseline and
retrieval-based approaches across all model sizes,
and the force-union configuration achieves the best
overall execution accuracy. This highlights the
downstream benefits of improved schema linking
quality.

D Robustness on Stronger Baselines

To verify that SchemaGraphSQL provides bene-
fits beyond smaller models, we evaluated perfor-
mance on the BIRD MiniDev split using signifi-
cantly stronger baselines.

D.1 Scaling with Larger LLMs
We replaced Gemini-2.5-Flash with Gemini-2.5-
Pro for both schema linking and SQL generation.

Table 9: Performance on BIRD MiniDev using Gemini-
2.5-Pro.

Method EMR Recall F6 Exec Acc.
No Schema Linking  72.09  82.88  83.13 55.22
SchemaGraphSQL 81.33 95.62 95.46 64.46

Even with a stronger model, SchemaGraphSQL
provides a +9.24% gain in end-to-end execution
accuracy, proving it serves as a valuable inductive
bias regardless of model scale.

D.2 Stronger Dense Retrieval

We compared our method against a retriever us-
ing OpenAl text-embedding-3-large (Top-K re-
trieval).

Table 10: Comparison with OpenAl text-embedding-3-
large on BIRD MiniDev.

Method EMR Recall Fé6

Retrieval (Top-1) 15,66 4329 4391
Retrieval (Top-6) 0.80 93.09 89.49
SchemaGraphSQL  81.33  95.62 95.46

SchemaGraphSQL outperforms even state-of-
the-art dense retrieval embeddings in EMR and
F§ without requiring vector indexing or threshold
tuning.

E Graph Construction on Spider 2.0 Lite

Spider 2.0 Lite does not provide declared foreign
key metadata, which are essential for building a
table-level schema graph. Since SchemaGraph-
SQL relies on such a graph to reason about ta-
ble joinability and to enable shortest-path search
during schema linking, we infer the missing rela-
tionships automatically from the database schema
definitions.

Graph construction method: We infer likely
foreign key relationships directly from raw SQL
DDL statements using a single LLM call. The
model examines table and column names and pro-
poses probable references based on naming pat-
terns (e.g., user_id likely referencing users.id)
even when no explicit foreign key is declared. We
then apply lightweight plausibility filters to dis-
card clearly invalid edges: candidate edges must
satisfy basic type compatibility, follow common
key-naming conventions (e.g., *_id), and exhibit
lexical similarity between referenced table names.
The filtered edges are used to build an undirected
schema graph whose nodes are tables and whose
edges represent inferred joinability. This graph
is the sole structural input to SchemaGraphSQL’s
path-finding stage, which searches for shortest join
paths among relevant tables during schema linking.

Prompt for foreign key inference: We use the

following system prompt to guide the LLM when
inferring foreign key relationships from raw DDL
statements:

Prompt 6: System prompt for foreign key in-
ference

You are a database schema analyzer. Your job is to infer
likely foreign key relationships from SQL DDL statements
that do NOT explicitly define foreign keys. Infer relation-
ships purely from table and column names (e.g., 'user_id’
likely references 'users.id’).

Instructions:

* Respond with one inferred foreign key per line in
the exact format: source_table.source_column ->
target_table.target_column

* Use lowercase and uppercase table and column names
letters exactly as they appear in the DDL.

* Do NOT add explanations, comments, or extra text.

* If no foreign keys can be reasonably inferred, respond
with exactly: NONE

Validation of graph quality. Although Spi-
der 2.0 Lite lacks gold foreign keys, we vali-

2597



Table 8: SQL execution accuracy on the MiniDev split across different LLMs and schema linking configurations.

LLM Method Simple (%) Moderate (%) Challenging (%) Total (%)
Ideal Schema Linking 47.97 21.37 18.63 28.71
No Schema Linking (LLM-only) 32.43 10.08 6.86 16.06
Gemma-3-4B Retriever-Based Schema Linking 36.49 18.55 13.73 22.89
SchemaGraphSQL,,—,, 42.57 18.15 12.75 24.30
SchemaGraphSQL;_; 31.08 10.08 6.86 15.66
SchemaGraphSQL force—union 41.89 18.95 15.69 25.10
Ideal Schema Linking 63.51 45.56 34.31 48.59
No Schema Linking (LLM-only) 38.51 18.95 16.67 24.30
Gemma-3-12B Retriever-Based Schema Linking 50.68 35.08 28.43 38.35
SchemaGraphSQL,,_,, 57.43 37.50 30.39 41.97
SchemaGraphSQL;_; 54.73 29.03 23.53 35.54
SchemaGraphSQL force—union 60.14 42.34 33.33 45.78
Ideal Schema Linking 72.97 53.63 43.14 57.23
No Schema Linking (LLM-only) 50.00 27.82 21.57 33.13
Gemma-3-27B Retriever-Based Schema Linking 60.81 44.76 36.27 47.79
SchemaGraphSQL,,_,, 66.22 50.81 35.29 52.21
SchemaGraphSQL;_ 61.49 38.71 27.45 43.17
SchemaGraphSQL force—union 68.92 52.02 44.12 55.42
Ideal Schema Linking 83.78 66.13 56.86 69.48
No Schema Linking (LLM-only) 58.78 43.95 36.27 46.79
Gemini-2.5-Flash Retriever-Based Schema Linking 75.00 53.63 53.92 60.04
SchemaGraphSQL,,_, 77.03 58.87 50.98 62.65
SchemaGraphSQL;_ 76.35 56.85 41.18 59.44
SchemaGraphSQL ,7ce—union 77.70 62.50 50.98 64.66

date the inferred graphs indirectly through their
downstream effect and basic connectivity checks.
SchemaGraphSQL’s schema linker relies entirely
on this inferred graph; if the graph were incom-
plete or noisy, linking performance would degrade.
Instead, SchemaGraphSQL achieves substantially
higher recall and Fg scores than both a single-
step LLM baseline and a dense retrieval baseline
(Table 3). For example, the force-union variant
achieves 47.37 % recall and 47.64% Fi, compared
to 40.18% and 40.79% for the baseline. These
improvements indicate that the inferred graph cap-
tures joinability structure that is useful for accurate
table selection.

Additionally, we observe that in 533 out of 547
cases (97.4%), a valid path exists between the
predicted source and destination tables within the
inferred graph. This high connectivity suggests
that the inferred structure is sufficient for the
path-finding stage to operate reliably in nearly all
cases.

F Force-Union Configuration: Extended

Pipeline Illustration

Figure 2 illustrates the SchemaGraphSQL pipeline
under the force-union configuration, which
achieved the best Fg score and overall performance
in our experiments.
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Figure 2: SchemaGraphSQL pipeline under the force-union configuration. (i) Build a table graph from foreign
keys or, when FKs are missing, via LLM-based joinability discovery (Section 2); (ii) identify multiple source and
destination tables with a single LLM call; (iii) compute all shortest join paths and merge them to obtain the filtered
sub-schema passed to the SQL generator.
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