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Abstract

With the prevalence of Large Language Mod-
els (LLMs), Text-to-SQL has made signifi-
cant progress, yet applying it to massive, real-
world databases remains a challenge. While
previous works adopt a retrieve-then-generate
framework, they struggle with the profound se-
mantic gap between user queries and vague
schema definitions. Existing methods relying
on unidirectional query expansion often fail to
bridge lexical mismatches, while graph-based
approaches struggle to navigate schemas when
explicit structural links (e.g., foreign keys) are
missing. To address this, we propose Bi-SR,
a retrieval framework that bridges this gap
through a bidirectional semantic enhancement
strategy. We simultaneously enrich vague ta-
ble schemas offline and perform online genera-
tive query expansion—specifically predicting
potential schema structures—to align user in-
tent. Crucially, we introduce a dual-augmented
contrastive training objective for the dense re-
triever, which trains the dense retriever to recog-
nize the semantic correspondence between the
LLM-expanded query intent and the detailed
schema descriptions. Experiments on mas-
sive schema routing benchmarks constructed
from BIRD and Spider demonstrate that Bi-
SR achieves state-of-the-art performance and
significantly empowers smaller models for cost-
effective deployment.

1 Introduction

The advent of Large Language Models (LLMs) has
fundamentally transformed Text-to-SQL parsing,
enabling intuitive natural language interfaces for
complex databases. While state-of-the-art systems
demonstrate impressive proficiency on standard
benchmarks, they predominantly operate under an
idealized assumption where the target database is
known a priori and the schema fits within the con-
text window (Li et al., 2024c; Lee et al., 2025).

†Corresponding author.

However, this premise fails to hold in real-world
enterprise environments, such as data lakes and
warehouses, which often encompass thousands of
tables (Nargesian et al., 2019). In such massive sce-
narios, Schema Routing (Wang et al., 2025b), also
known as large-scale schema linking, becomes the
critical step for efficiently identifying a minimal,
relevant subset of tables from a vast repository to
ground subsequent generation.

The primary bottleneck in schema routing is
not merely the scale of the search space, but the
profound semantic gap between user intent and
database definitions (Yu et al., 2019; Floratou et al.,
2024). User queries typically employ colloquial
terms (e.g., “profit”), whereas real-world schemas
often utilize abbreviated, technical, or vague iden-
tifiers (e.g., t_fin_05) that lack explicit semantic
cues (Gan et al., 2021). Standard retrieval meth-
ods, which rely on lexical overlap or surface-level
embedding similarity, often fail to bridge this gap
(Li et al., 2024a; Talaei et al., 2024). Furthermore,
existing solutions typically attempt to mitigate this
via unidirectional alignment—either by augment-
ing the query with hypothetical schemas or by
traversing static schema graphs (Chen et al., 2024;
Kothyari et al., 2023; Shi et al., 2025; Wang et al.,
2025b; Toteja et al., 2025). These approaches often
fall short when the underlying schema is inher-
ently cryptic or when structural links are missing,
leading to low recall and subsequent generation
failures. As illustrated in Figure 1(A), user queries
typically employ colloquial terms (e.g., “profit”),
whereas real-world schemas often utilize abbrevi-
ated or vague identifiers (e.g., t_fin_05) that lack
explicit semantic cues. Standard retrieval methods
fail to bridge this gap due to lexical mismatches.

To address these challenges, we propose Bi-SR
(Bidirectional Semantic Routing), a retrieval frame-
work designed to robustly bridge the semantic gap
in massive databases. As shown in Figure 1(B),
Our method introduces a novel Two-Level Bidirec-
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Figure 1: Motivation Analysis. (A) Existing unidirectional methods struggle to bridge the semantic gap when user
queries (e.g.,“profit”) lack lexical overlap with opaque schema definitions (e.g., t_fin_05), leading to retrieval
failure. (B) Bi-SR employs a bidirectional alignment strategy: it expands schema semantics offline (right) and
infers query intent online (left), creating a shared semantic space where the “puzzle pieces” perfectly align.

tional Semantic Enhancement strategy that aligns
the semantic space of queries and schemas from
two directions: offline schema-side expansion that
enriches vague definitions with semantic explana-
tions, and online query-side reasoning that deduces
potential schema structures. To equip dense re-
trieval with the domain database information as
well as the ability for targeted query expansion,
we propose a dual-augmented training objective,
that allows a dense retriever to mimic the semantic
expansion patterns of a Large Language Model.

Comprehensive evaluations on massive schema
routing benchmarks constructed from BIRD and
Spider demonstrate that Bi-SR achieves state-of-
the-art performance, substantially outperforming
existing baselines in both retrieval recall and down-
stream execution accuracy. Further analysis con-
firms that the proposed strategy effectively miti-
gates the noise in massive search spaces, offering
a highly robust solution for navigating vague and
complex real-world database schema.

2 Related Work

2.1 Schema Linking and Routing

Schema linking is a critical prerequisite for Text-to-
SQL, aiming to identify database elements (tables
and columns) relevant to a natural language ques-
tion (Nargesian et al., 2019). Early approaches
(Zhang and Ives, 2020; Fan et al., 2023) relied on
rule-based matching or syntactic parsing, which
often struggled with the lexical mismatch between

user queries and database schemas (Guo et al.,
2019; Bogin et al., 2019). With the advent of Large
Language Models (LLMs), recent works have fo-
cused on leveraging LLMs to enhance schema link-
ing (Chen et al., 2021; Cai et al., 2021). For in-
stance, Solid-SQL (Liu et al., 2025) utilizes growth-
based heuristic searches to filter irrelevant columns,
while RSL-SQL (Cao et al., 2024) employs a bidi-
rectional linking strategy to recall schema elements
within a single database. Similarly, X-SQL (Peng,
2025) introduces X-Linking, an SFT-based module,
to improve linking precision. However, these meth-
ods primarily address the schema filtering problem
within a single or a small number of databases.

In real-world scenarios involving massive
databases (e.g., data warehouses with thousands
of tables), determining the target database and ta-
bles—defined as Schema Routing—becomes the
primary bottleneck. DBCopilot (Wang et al.,
2025b) pioneered this direction by constructing
a schema graph to model relationships between
tables and navigating through the graph to lo-
cate relevant schemas. More recently, LinkAlign
(Wang et al., 2025c) proposed a framework for
large-scale multi-database environments, utilizing
multi-round semantic enhanced retrieval to filter
irrelevant databases. Despite their effectiveness,
methods like DBCopilot (Wang et al., 2025b) and
In-Context RL (Toteja et al., 2025) rely on heavy
graph construction or computationally expensive it-
erative interactions. In contrast, our work proposes
a streamlined vector-based routing framework that
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achieves superior scalability through efficient bidi-
rectional semantic alignment.

2.2 Retrieval-Augmented Text-to-SQL

Retrieval-Augmented Generation (RAG) has been
widely adopted to bridge the gap between user
queries and external knowledge (Lewis et al., 2020).
In Text-to-SQL, retrieval is often used to fetch rel-
evant schema items or few-shot examples to fit
within the LLM’s context window (Shi et al., 2025;
He et al., 2025). A key challenge in retrieval-based
Text-to-SQL is the semantic gap between natural
language questions and rigid database schemas
(e.g., abbreviations or opaque column names).
CRUSH4SQL (Kothyari et al., 2023) attempts to
mitigate this by using an LLM to hallucinate a min-
imal schema, which is then used to retrieve the
actual schema. Building on this, Gen-SQL (Shi
et al., 2025) introduces a "Pseudo-Schema" gen-
eration step, prompting LLMs to predict potential
table structures based on the query before retrieval.

However, these approaches typically treat the
alignment process as one-way (Query → Predicted
Schema). If the underlying database schema it-
self lacks semantic clarity (e.g., containing codes
like t01 instead of transaction), query-side aug-
mentation alone is insufficient. OpenSearch-SQL
(Xie et al., 2025) attempts to address hallucina-
tion through consistency alignment but does not
explicitly tackle the bidirectional semantic gap in
retrieval. Our approach advances this paradigm
by introducing a Bidirectional Semantic Enhance-
ment strategy. We not only augment the query
with potential table descriptions but also enrich the
database schema offline with LLM-generated ex-
planations and aliases. This ensures that both the
query and the schema meet in a shared, semanti-
cally rich embedding space.

3 Methodology

Preliminaries The problem of Text-to-SQL
over massive databases, often referred to as
Schema Routing, poses unique challenges com-
pared to standard Text-to-SQL. Formally, let
D = {T1, T2, . . . , TN} be a massive repository
of database tables, where N can scale to thousands.
Each table Ti consists of a table name ti and a
set of columns Ci = {ci,1, ci,2, . . . , ci,m}. Given a
natural language question q, the goal is to identify
a minimal subset of relevant tables S∗ ⊂ D and
their associated columns that contain the necessary

information to answer q. Finally, a SQL generation
model Mgen takes q and the routed schema S∗ to
generate the executable SQL query y.

3.1 Framework Overview

The proposed Bi-SR framework illustrated in Fig-
ure 2. We structure the framework into two distinct
phases to ensure both retrieval precision and in-
ference efficiency: an Offline Phase for schema
enrichment and dual-augmented training, and an
Online Phase for real-time semantic reasoning,
retrieval, and fine-grained pruning.

3.2 Offline Phase: Semantic Expansion and
Dense Retrieval Training

The offline phase focuses on constructing a seman-
tically rich embedding space. This involves expand-
ing opaque schema definitions into descriptive text
and training a dense retriever to align user intent
with these descriptions.

3.2.1 Schema-Side Semantic Expansion
Raw DDL (Data Definition Language) statements
are often insufficient for semantic retrieval due
to their sparse information (Codd, 1970). To en-
hance the document-side representation, we trans-
form each raw table schema into a semantically
rich textual description. For every table Ti ∈ D,
we construct a structured triplet representation
DTi = ⟨DatabaseID,TableID,Explanation⟩. We
utilize a Large Language Model (LLM) to generate
the Explanation component based on the table’s
schema and sampled values. This generated con-
tent specifically encompasses a functional descrip-
tion of the table’s utility and contextual keywords
describing the target database domain. This ex-
pansion is performed once, converting the discrete
schema space D into an indexed vector space VD
ready for efficient retrieval.

3.2.2 Dual-Augmented Training
Core Intuition. Standard retrieval aligns a raw
question q with a raw schema s. However, there is
a mismatch: q implies an implicit schema-aware
intent, while s contains hidden business logic. Our
key innovation is to explicitly “materialize” these
hidden semantics on both sides. We construct
a “Dual-Augmented” objective where the model
learns to match a schema-aware expanded query
(augmented with potential schema descriptions)
against a semantic-rich schema (augmented with
functional explanations).
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Figure 2: Overview of Bi-SR Framework. SQL Generation Module here means any LLM or generation model that
Bi-SR gives schema input

Data augmentation. As discussed above, stan-
dard dense retrieval training often fails to capture
the knowledge required to link ambiguous ques-
tions to specific table structures. To address this,
we construct a Dual-Augmented training objective
using the training set triplets ⟨q, y,D⟩.

We first parse the gold SQL y to identify the
ground truth table Tgold, establishing the positive
document as its pre-computed explanation triplet
d+ = dTgold

. Simultaneously, we construct an
augmented query representation that combines the
user’s intent with explicit schema reasoning. Using
the ground truth table Tgold and database metadata
D as context, we prompt an LLM to generate a
“Target Potential Schema.” Specifically, the LLM
is instructed to generate the table description and
potential names for the table Tgold that answers
question q. Let this generated content be Pgold.
Formally, the progress above can be described as:

Pgold = LLM (Igen(q, Tgold,D)) (1)

The instruction Igen is explicitly designed to bridge
the semantic gap by forcing the model to explain
the function of the table. The augmented training
query is defined as:

q+ = q ⊕ [SEP] ⊕ Pgold (2)

Training with Contrastive Learning To en-
hance the model’s discriminative power, we adopt
a hybrid hard negative mining strategy using BM25

(Robertson et al., 2009). For each training query
q+, we select the top-K retrieved tables that are
not the ground truth table Tgold as the hard negative
set Nhard. We then fine-tune the embedding model
using the InfoNCE (Oord et al., 2018) loss:

L = − log
eeq ·ed/τ

eeq ·ed/τ +
∑

n∈Nneg

eeq ·en/τ
(3)

where τ is a temperature hyperparameter, Nneg

denotes the union of hard negatives and in-batch
negatives. This objective optimizes the embedding
space such that semantically aligned query-schema
pairs are pulled closer while lexically similar but
incorrect pairs are pushed apart.

3.3 Online Phase: Reasoning, Retrieval, and
Pruning

During the online phase, the system processes a
new query q through a pipeline designed to resem-
ble the semantic alignment available in training.

Pre-retrieval Reasoning Since the ground truth
table is unknown during inference, we employ a
Pre-retrieval Reasoning step (Nogueira et al., 2019)
to bridge the gap. We instruct the LLM to pre-
dict the schema required to answer the user’s ques-
tion q. This process involves a two-step Chain-
of-Thought (CoT) (Wei et al., 2022) generation:
the LLM first analyzes the question to identify key
entities, relationships, and constraints (Reasoning
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Stage Raw Input Augmented Representation

Schema Side
(Offline)

Raw DDL: Expanded Triplet (di):
DatabaseID: california_schools Database: california_schools, Table: frpm
TableID: frpm "Description: School meal program eligibility and participa-

tion data in Education performance and demographics.

Query Side
(Training)

User Question (q): Dual-Augmented Query (q+):
"What is the highest eligible free rate for
K-12 students in the schools in Alameda
County?"

Query: What is the highest eligible free rate for K-12 students
in the schools in Alameda County?

Gold Table: frpm in Database
california_schools

Potential tables: - frpm: Stores school meal program infor-
mation including participation data, potential names:[Frpm,
Frpm_Info, Frpm_Details, Educational_Institutions]

Query Side
(Inference)

User Question (q): Pre-retrieval Reasoning Query (qaug):
"Please list the lowest three eligible free
rates for students aged 5-17 in continuation
schools."

Query: Please list the lowest three eligible free rates for stu-
dents aged 5-17 in continuation schools.

(Gold Table Unknown) Potential tables: - student_rates: Stores rate information
for students including rate amount and eligibility criteria,
potential names:[Rate, Rates, Student_Rates, Fee_Rates,
Rate_Structures, Eligibility_Rates]...
*Approximates the training distribution.

Table 1: An example of Bidirectional Semantic Enhancement. Note that during training, we use the Ground Truth
Table to construct an “Ideal Reasoning” trace, forcing the retriever to learn the mapping from user intent to table
semantics. During inference, the LLM generates a similar trace.

Trace), and subsequently outputs a list of hypo-
thetical table names and functional descriptions
(Potential Schema Generation). Let the generated
reasoning and potential schema be Ppred. The aug-
mented inference query is formulated as:

qtest = q ⊕ [SEP] ⊕ Ppred (4)

This mechanism transforms the retrieval task from
a difficult “Raw Query → Schema” into a robust
“Predicted Schema → Actual Schema” alignment.
Since Ppred approximates the Pgold used in train-
ing, the domain shift is minimized.

Dense Retrieval The augmented query qtest is
encoded by our fine-tuned dense retriever to obtain
the query embedding. We then perform a maximum
inner product search against the pre-computed of-
fline index VD to recall the top-K candidate ta-
bles Scand. This step efficiently filters the massive
search space down to a manageable subset of se-
mantically relevant tables.

Fine-Grained Schema Pruning While retrieval
ensures recall, the top-K candidates (e.g., K = 5)
often introduce irrelevant columns that can confuse
the SQL generator or exceed context limits. To
mitigate this, we perform a fine-grained pruning
step, inspired by the schema grounding phase in
Gen-SQL (Shi et al., 2025). We define a pruning

function P parameterized by an LLM, where the
input consists of the original question q and the full
DDL statements of the candidate tables Scand:

S∗ = PLLM (q,Scand) (5)

The LLM acts as a filter, identifying and outputting
only the “Important Columns” required to answer q.
This helps SQL generation model focus on the im-
portant information but without losing other poten-
tial useful information. Finally, the refined schema
S∗ and the question q are fed into the SQL genera-
tion model to produce the final SQL query.

4 Experiments

This section evaluates Bi-SR through three research
questions focused on: (1) the retrieval effectiveness
of Bi-SR in course (table-level) and fine-grained
(column-level) retrieval, (2) the impact of improved
schema routing on Text-to-SQL execution accuracy,
and (3) the robustness and efficiency of Bi-SR in
out-of-distribution generalization.

4.1 Experimental Setup

Datasets and Setup We evaluate Bi-SR on two
benchmarks, BIRD (Li et al., 2024b) and Spider
(Yu et al., 2018). To simulate real-world large-scale
environments, we adopt the Massive Schema Rout-
ing setting. Unlike standard evaluations that as-
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sume known database identifiers, we discard identi-
fiers and construct a unified retrieval pool compris-
ing all available tables (597 for BIRD and 1020 for
Spider). This setup requires the system to identify
relevant schemas from a massive, mixed-domain
repository without prior knowledge. We provide
comprehensive dataset statistics and detailed exper-
imental configurations in Appendix B.

Baselines To rigorously evaluate performance,
we compare Bi-SR against three categories of
representative methods: (1) Sparse and Dense
Retrievers, including BM25, SXFMR (Reimers
and Gurevych, 2019), and the zero-shot Qwen3-
Embedding (Zhang et al., 2025); (2) LLM-
Augmented Retrievers, including DTR (Herzig
et al., 2021), CRUSH4SQL (Kothyari et al., 2023),
and Gen-SQL (Shi et al., 2025); (3) Graph-based
and Agentic Methods, specifically DBCopilot
(Wang et al., 2025b) and ICRL (Toteja et al., 2025).
Detailed descriptions and specific configurations
for each baseline are provided in Appendix B.4.

Implementation Details We implement our
framework using PyTorch and the HuggingFace
Transformers library. All baselines are imple-
mented by the same models as our method. For the
retrieval module, we initialize the dense retriever
with Qwen3-embedding-4B (Zhang et al., 2025),
fine-tuning it for 3 epochs with a batch size of
32, while mining 5 hard negatives per query using
BM25 to enhance discriminative power. We em-
ploy DeepSeek-V3.2-Exp (DeepSeek-AI, 2025)
as the primary Large Language Model (LLM) to
drive the Offline Schema Explanation, Online Pre-
retrieval Reasoning, and Final SQL Generation
modules, owing to its superior reasoning capa-
bilities and cost-effectiveness. Furthermore, to
evaluate the framework’s adaptability in resource-
constrained environments (as discussed in Section
C), we conduct additional experiments utilizing
the smaller Qwen3-8B (Yang et al., 2025) model
for the bidirectional semantic enhancement tasks.
Both DeepSeek-V3.2-Exp and Qwen3-8B are set
to non-thinking mode.

Evaluation Metrics. We employ distinct met-
rics to assess both retrieval and generation perfor-
mance. For schema routing, we report Recall@K
(R@K), measuring the proportion of ground-truth
tables covered within the top-K retrieved candi-
dates. To rigorously evaluate ranking precision, we
specifically introduce R@e, defined as the exact

Method Spider BIRD

R@e R@5 R@15 R@e R@5 R@15

Sparse & Standard Dense Retrievers
BM25 48.07 86.60 93.87 34.98 68.32 82.81
SXFMR 52.36 80.42 92.39 35.66 67.56 83.05
Qwen3-Embed 59.32 85.17 95.48 58.50 82.23 92.60

LLM-Augmented Methods
DTR 52.67 76.27 93.18 56.97 76.24 91.96
CRUSH 59.06 87.91 95.06 40.16 68.37 87.82
Gen-SQL 60.62 86.54 95.64 60.17 82.56 92.85
Opensearch-SQL 57.02 84.91 93.27 58.17 82.70 87.15

Graph-based Methods
DBCopilot 49.94 85.34 87.25 34.30 61.02 62.14
ICRL 56.92 86.42 88.34 51.63 82.40 92.24

Ours
Bi-SR 65.83 88.65 96.48 62.54 87.16 94.25

Table 2: Schema routing performance (Table Retrieval)
on Spider and BIRD dev datasets under the massive
database setting. We report R@e (Exact Set Match at
rank e, where e is the number of gold tables), R@5, and
R@15. Note that R@e is a strict metric measuring if
the top-e retrieved tables perfectly match the gold set.

set match rate where the top-e retrieved tables must
perfectly align with the ground-truth set of size e.
For downstream SQL generation, we adhere to stan-
dard benchmark protocols: on Spider, we report
Execution Accuracy (EX) and Exact Match (EM)
to evaluate functional and structural correctness; on
BIRD, we report EX and the Valid Efficiency Score
(VES), which additionally accounts for the execu-
tion efficiency of valid SQL queries in large-scale
database environments.

4.2 Schema Routing Performance

Table Retrieval As presented in Table 2, Bi-
SR achieves state-of-the-art performance across all
metrics on both Spider and BIRD datasets. While
Gen-SQL performs competitively by augmenting
the query side with pseudo-schemas, Bi-SR outper-
forms it by 5.21% and 2.37% in R@e on Spider
and BIRD respectively, demonstrating that offline
schema-side expansion is critical for bridging the
semantic gap that query augmentation alone cannot
resolve. Additionally, graph-based methods like
DBCopilot exhibit significant performance degra-
dation on BIRD (dropping to 34.30% R@e) due
to their reliance on explicit foreign keys which
are often missing or implicit in real-world “noisy”
databases. In contrast, Bi-SR maintains high ro-
bustness in large-scale schema routing where struc-
tural links may be incomplete.

Column Retrieval In addition to table-level rout-
ing, we evaluate the granularity of our system
through Column Retrieval performance, as detailed
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Method
Spider BIRD

R@e R@15 R@e R@15

Sparse & Standard Dense Retrievers
Qwen3-Embed 65.4 92.2 63.1 87.7
BM25 32.1 54.8 47.3 49.6

LLM-Augmented Methods
CRUSH4SQL 51.2 88.7 53.8 90.1
Gen-SQL 70.6 95.2 68.7 94.3

Graph-based Methods
DBCopilot 44.1 65.7 40.3 67.0
ICRL 43.3 63.9 37.2 65.2

Ours
Bi-SR 72.1 97.2 69.3 96.1

Table 3: Column Retrieval Performance on Spider and
BIRD dev datasets. For Bi-SR, this measures the recall
of columns retained after the pruning stage.

in Table 3. To ensure a fair and comprehensive
comparison, we benchmark against all baseline
methods in our experimental setup that explicitly
support column-level granularity, excluding coarse-
grained retrievers (e.g., BM25, standard Dense
Retrievers) that lack fine-grained filtering mech-
anisms. For Bi-SR, this setting is to verify the
effectiveness of the fine-grained pruning module.

As observed, Bi-SR achieves superior precision,
recording the highest R@e of 72.1% on Spider. The
contrast with graph-based methods is particularly
stark: DBCopilot and ICRL struggle significantly
at the column level (e.g., DBCopilot reaches only
44.1% R@e on Spider), as these methods primarily
model inter-table relationships and lack the granu-
lar semantic understanding required to distinguish
relevant attributes within a table.

4.3 Text-to-SQL Performance

This section reveals the critical necessity of schema
routing in massive database settings and the advan-
tage of our framework in the downstream task. We
standardize the input context by providing the top-5
retrieved tables (K = 5) unless otherwise noted.

The experimental results are shown in Table 4.
The most striking observation is the catastrophic
performance degradation of traditional LLM-based
methods that rely on full schema input; state-of-
the-art systems like MAC-SQL and DIN-SQL fail
to function effectively (e.g., MAC-SQL yields only
0.9% EX on Spider). This collapse confirms that
simply scaling LLM context windows is insuffi-
cient for massive schema routing due to severe
noise interference. In contrast, retrieval-augmented

Method Spider BIRD

EX EM EX VES

LLM-based Schema Linking & Full Schema
MAC-SQL(Wang et al., 2025a) 0.9 0.6 1.7 3.2
DIN-SQL(Pourreza and Rafiei, 2023) 8.3 7.1 7.2 2.4
Deepseek-V3.2 w/ Full Schema 13.4 6.7 3.2 14.2

LLM-Augmented Retriever
DTR 54.4 23.5 19.5 18.5
CRUSH 55.6 28.1 17.6 19.2
Gen-SQL 67.1 21.7 28.4 35.1

Graph-based Methods
DBCopilot 61.5 31.2 21.4 26.5
ICRL 69.6 33.5 20.7 27.7

Ours
Bi-SR 71.4 35.1 30.0 59.1

Table 4: End-to-End Text-to-SQL Generation Per-
formance on Spider and BIRD dev datasets under
the massive database setting. All methods here use
DeepSeek-V3.2-Exp as backbone LLM.

Table Retrieval Generation

Variant R@e R@5 EX EM

Bi-SR (Full) 65.8 88.7 71.4 35.1
w/o Query Augmentation 60.7 86.2 65.7 33.1
w/o Schema Expansion 59.4 83.1 68.2 32.6
w/o Column Pruning N/A N/A 66.2 31.7
w/o Training 60.1 85.3 71.4 35.1

Table 5: Ablation study of different components in Bi-
SR on Spider dev set.

approaches successfully recover performance, with
Bi-SR achieving the highest Execution Accuracy
of 71.4% on Spider and 30.0% on BIRD. This sig-
nificant lead over Gen-SQL (67.1% on Spider) val-
idates that our bidirectional semantic enhancement
provides a more accurate schema subset than unidi-
rectional augmentation, directly translating higher
recall into better SQL generation.

Furthermore, the results highlight Bi-SR’s sub-
stantial advantage in handling realistic, complex
environments. We observe a notable performance
gap between the two datasets: BIRD yields sig-
nificantly lower accuracy than Spider (30.0% vs.
71.4%) despite comprising fewer total tables in
the merged pool. This counter-intuitive finding un-
derscores that the primary challenge in real-world
schema routing is not merely the quantity of tables,
but the semantic ambiguity and “noisy” content
inherent in complex databases.

4.4 Ablation Study
To rigorously assess the contribution of each mod-
ule within our framework, we conduct an ablation
study on the Spider development set, analyzing
both retrieval recall (R@e, R@5) and downstream
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generation quality (EX, EM), as summarized in
Table 5. Note that for the “w/o Query Augmen-
tation” variant, we re-trained the retriever using
only raw (q, d) pairs to strictly isolate the impact
of reasoning-based alignment.

The results reveal distinct roles for our bidi-
rectional components. Offline Schema Expansion
proves most critical for retrieval precision; remov-
ing it causes the sharpest drop in Exact Set Match
(R@e falls from 65.8% to 59.4%). This confirms
that without semantically rich descriptions, the re-
triever struggles to map queries to opaque table
identifiers (e.g., t_fin_01). On the other hand,
Query Augmentation in Pre-retrieval Reasoning
stage appears vital for bridging the gap to final
SQL generation. While its absence moderately im-
pacts retrieval (R@e drops to 60.7%), it causes the
most catastrophic degradation in Execution Accu-
racy (EX drops by 5.7% to 65.7%). This suggests
that the “reasoning trace” not only aids in finding
tables but also implicitly primes the system with
a clearer understanding of user intent, which is
crucial for the subsequent generation phase.

Finally, we investigate the impact of the Fine-
Grained Column Pruning stage. As this module
operates on the candidate set Scand after the re-
trieval phase, its removal does not affect retrieval
metrics (marked as “-” in Table 5). However, elim-
inating pruning results in a substantial decline in
downstream performance (EX falls to 66.2%), com-
parable to removing core retrieval augmentations.

Further analyses of parameter setting and small
model performance are given in Appendix C.

4.5 Scalability and Out-of-Distribution
Generalization

To rigorously evaluate the framework’s robust-
ness in open-world scenarios, we conduct a large-
scale generalization experiment where the retrieval
search space is progressively expanded. In this
setting, all models are trained exclusively on the

BIRD dataset to ensure no prior exposure to the
test domains. During evaluation, we incremen-
tally introduce unseen databases from the Spider
and WikiSQL (Zhong et al., 2017) datasets into
the retrieval pool, expanding the total schema size
from 0.5K to 20K tables. This setup challenges the
models to not only scale to larger noise levels but
also generalize to completely out-of-distribution
schemas without additional fine-tuning.

Figure 3 reveals a fundamental divergence be-
tween semantic retrieval paradigms and genera-
tive or policy-based routing methods in open-world
settings. As the schema pool expands from 0.5K
to 20K tables with unseen domains, methods like
DBCopilot and ICRL suffer a catastrophic perfor-
mance collapse, plunging to near-random retrieval
rates (approximately 50%). This failure under-
scores the inherent limitation of generative routing:
such models rely on parametrically “memorizing”
schema identifiers or overfitting generation policies
to specific training domains. In contrast, retrieval-
based approaches (Bi-SR and Gen-SQL) exhibit
significantly stronger robustness, confirming that
mapping user intent to semantic representations is
the only viable pathway for handling the scale and
diversity of realistic data warehouses.

Crucially, within the robust retrieval paradigm,
Bi-SR demonstrates superior resilience compared
to Gen-SQL, with the performance gap widening
markedly as the noise level increases. While Gen-
SQL’s unidirectional query augmentation provides
a baseline level of generalization, its reliance on
the LLM to zero-shot generate potential table struc-
tures becomes fragile when facing the diverse and
often opaque naming conventions of 20,000 hetero-
geneous tables. Bi-SR overcomes this bottleneck
by establishing stable “semantic anchor points”
through offline schema-side expansion. This al-
lows Bi-SR to maintain a high Recall@5 of over
78% even in the most extreme 20K-table setting,
effectively neutralizing the distraction posed by
massive unseen schemas.

5 Conclusion

In this paper, we introduced Bi-SR, a robust frame-
work designed to address the critical challenge of
schema routing over massive databases. By imple-
menting a novel bidirectional semantic enhance-
ment strategy, we effectively bridged the semantic
gap between colloquial user queries and opaque
database schemas. Our dual-augmented training
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objective helps the dense retrieval match a schema-
aware expanded query against a semantic-rich
schema, enabling deep semantic alignment. Exten-
sive experiments on the BIRD and Spider bench-
marks under rigorous open-world settings demon-
strate that Bi-SR achieves state-of-the-art perfor-
mance in both retrieval recall and downstream exe-
cution accuracy. Furthermore, our analysis demon-
strates that Bi-SR maintains strong generalization
on a noisy dataset of 20K tables, exhibiting only a
minor performance drop.
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Limitations

Despite these advancements, our framework op-
erates under certain constraints. First, the qual-
ity of our offline schema expansion is inherently
bound by the knowledge capacity of the backbone
LLM used for data synthesis. In extremely niche or
highly proprietary domains where the LLM lacks
prior exposure, the generated descriptions may suf-
fer from hallucinations, potentially misleading the
retriever. Second, our current routing mechanism
primarily focuses on schema-level semantics (ta-
ble and column definitions) and does not explicitly
index database cell values. Consequently, the sys-
tem may struggle with queries that rely exclusively
on exact value matching for disambiguation (e.g.,
distinguishing between tables based solely on spe-
cific row contents) without explicit schema cues.
Future work will explore integrating value-aware
retrieval mechanisms and lightweight domain adap-
tation techniques to further enhance robustness in
such edge cases.
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A Key Prompts

The Bi-SR method comprises two phases: offline
schema semantic augmentation and online query
intent expansion.

A.1 Prompts for Schema Augmentation
These prompts are utilized to transform raw DDL
statements into natural language descriptions rich
in business semantics, which are then used to con-
struct vector indexes. The specific designs are il-
lustrated in Figure 4.

A.2 Query Intent Expansion
This prompt is employed in the online phase to
guide the LLM in analyzing the user’s question
and inferring potential table or column names. It
generates a "pseudo-query" to bridge the semantic
gap during retrieval. The specific prompt content
is shown in Figure 5.

A.3 Dual-Augmented Training Augmentation
This prompt is employed in training data process-
ing phase to align user’s query to expanded targeted
database schema. The specific prompt content is
shown in Figure 6.

B Dataset Details and Experimental
Setting

B.1 Datasets
We conduct experiments on two authoritative Text-
to-SQL benchmarks:

• BIRD (Li et al., 2024b): A large-scale cross-
domain dataset known for its high difficulty,
emphasizing "dirty" database values and com-
plex reasoning. It contains 12,751 question-
SQL pairs across 95 databases.

• Spider (Yu et al., 2018): A widely adopted
cross-domain semantic parsing benchmark
containing 10,181 questions and 5,693 unique
SQL queries across 200 databases.

B.2 Massive Schema Routing Setting
Standard evaluations on these datasets typically as-
sume the target database is known (Oracle Mode),
isolating the schema linking task to a small scope.
To rigorously evaluate our Schema Routing capa-
bility in a realistic setting, we modify the experi-
mental setup following recent works (Wang et al.,
2025b; Shi et al., 2025).

Specifically, we discard the ground-truth
database identifiers for all test instances. Instead,
we construct a unified schema pool comprising all
tables from both the training and development sets
of the respective datasets. For each user query,
the system must identify the correct tables from
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Prompt 1: Data Table Schema Augmentation

Instruction: Given a database table name and its column names, provide a concise description (5-8
words) of what this table represents or stores.
Input:
Table name: {table_name_original}
Normalized table name: {table_name}
Column names: {columns_list}
Constraint: Please return only a brief description that explains the table’s purpose or what kind
of data it stores.
Output: You can think step by step, and output the answer:

Prompt 2: Database Schema Augmentation

Instruction: Given a list of database table names, provide a concise database description (3-5
words) that summarizes its main function or domain.
Input:
Table names: {table_list}
Constraint: Please return only the description, no other content.
Output: You can think step by step, and output the answer:

Figure 4: The prompt templates used for offline schema semantic augmentation. The model generates concise
natural language descriptions for tables and the entire database to enhance vector retrieval.

Prompt 3: Query Intent Expansion

System Prompt: You are a helpful assistant in database domain.
User Prompt:
Your job is to generate the tables needed to answer the question. You need to describe tables
needed to answer the question, and generate the table description with the table name, with other
potential tables names.
<Example>
{Example}
</Example>
Question: {question}
You can think step by step, and output the answer:

Figure 5: The prompt template for online query intent expansion. The model predicts potential table and column
names based on the user question to bridge the semantic gap.

this massive pool (597 tables in BIRD and 1020 in
Spider) without any prior knowledge of the target
database domain. This setting poses a significantly
harder challenge, requiring the retriever to distin-
guish between semantically similar tables from
completely different databases.

B.3 Data Synthesis for Small Model
Distillation

To bridge the reasoning capability gap between
the massive DeepSeek-V3.2 teacher and the com-
pact Qwen3-8B student, we employed a generative
knowledge distillation framework rooted in syn-
thetic reasoning trajectories. We treat the original
BIRD training set not merely as a collection of
static question-SQL pairs, but as seed contexts for
synthesizing high-fidelity semantic alignment data.

The core objective of this data generation pro-
cess is to externalize the implicit routing logic of
the teacher model into explicit, learnable natural
language tokens. For every training instance in the
BIRD corpus, we leverage the superior instruction-
following capabilities of DeepSeek-V3.2. By con-
ditioning the teacher model on the user query, the
database metadata, and crucially, the ground-truth
target tables, we prompt it to generate an "idealized
pre-retrieval reasoning trace" (denoted as Pgold in
our methodology). This synthetic trace explicitly
articulates the logical steps required to bridge the
user’s colloquial intent with the specific schema
definitions, effectively deconstructing the "black
box" of semantic matching.

We subsequently compile these synthetic traces
into a supervised fine-tuning (SFT) dataset, where
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Prompt 4: Training Data Augmentation

System Prompt: You are a helpful assistant in database domain.
User Prompt:
Your job is to align the question with the tables given. You need to describe tables needed to
answer the question, and align the table description with the table name, with other potential
tables names.
<Example>
{Example}
</Example>
Question: {question}
Tables: {tables}
You can think step by step, and output the answer:

Figure 6: The prompt template for training data augmentation. The model aligns user’s query to expanded targeted
database schema

the input is the raw user question and the target is
the teacher-generated reasoning path and potential
schema description. By fine-tuning the Qwen3-8B
model on this enriched corpus, we force the stu-
dent model to internalize the teacher’s semantic
alignment patterns. This process allows the smaller
model to emulate the sophisticated "hallucination"
capabilities of the larger model during online in-
ference, thereby achieving high-precision schema
routing with significantly reduced computational
overhead.

B.4 Baseline Implementation Details

We provide detailed descriptions of the baseline
methods used in our comparative analysis.
1) Sparse and Dense Retrievers. These methods
perform retrieval based on direct similarity without
complex schema augmentation.

• BM25: The standard sparse retrieval algo-
rithm based on exact keyword matching. It
serves as a baseline for lexical overlap perfor-
mance.

• SXFMR (Reimers and Gurevych, 2019):
A widely used dense retriever that utilizes
Siamese BERT networks to generate sentence
embeddings.

• Qwen3-Embedding (Zhang et al., 2025): The
base model of our retriever. We evaluate it in
a zero-shot setting (with our dual-augmented
fine-tuning) to verify the contribution of our
training strategy.

2) LLM-Augmented Retrievers. These methods
leverage PLMs or LLMs to bridge the gap between
queries and tables.

• DTR (Herzig et al., 2021): A dense retrieval
framework specifically designed for open-
domain Table QA. It utilizes TAPAS-based
encoders and hard negative mining to handle
tabular structures.

• CRUSH4SQL (Kothyari et al., 2023): A
two-stage method that first prompts an LLM
to hallucinate a minimal schema (tables and
columns) based on the user query, and then
uses this hallucinated schema to retrieve the
actual database schema.

• Gen-SQL (Shi et al., 2025): A retrieval-
augmented method that generates a "Pseudo-
Schema" (Query-side augmentation) to align
with the database. Note that Gen-SQL pri-
marily focuses on query-side enhancement,
whereas our Bi-SR performs bidirectional
alignment.

3) Graph-based and Agentic Methods. These
methods rely on structural graphs or iterative agents
to navigate massive schemas.

• DBCopilot (Wang et al., 2025b): A pioneer-
ing schema routing framework that constructs
a compact schema graph to abstract relation-
ships and uses a router to navigate through
massive databases.

• ICRL (Toteja et al., 2025): An agentic frame-
work that uses reinforcement learning to iter-
atively refine the retrieval policy and gener-
ated queries, optimizing for complex reason-
ing paths.
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Backbone LLM Method R@e R@5 R@15

Qwen3-8B
Gen-SQL 37.54 61.30 87.40
Bi-SR (Ours) 47.38 73.03 89.95
Improvement +9.84 +11.73 +2.55

DeepSeek-V3.2-Exp
Gen-SQL 60.17 82.56 92.58
Bi-SR (Ours) 62.54 87.16 94.25
Improvement +2.37 +4.60 +1.67

Table 6: Impact of Backbone LLM Size on Schema
Routing Performance (BIRD Dataset).

C Other Analysis

C.1 Empowering Smaller Models

To investigate the framework’s adaptability to
resource-constrained environments, we replace the
backbone LLM with a fine-tuned Qwen3-8B. Cru-
cially, this model was fine-tuned on the BIRD train-
ing set augmented by our DeepSeek-driven bidi-
rectional semantic data, effectively transferring the
reasoning capabilities of the larger teacher model to
the smaller student, we share our detail in Appendix
B.3. As detailed in Table 6, this strategy yields a re-
markable performance leap: Bi-SR boosts the R@e
of the 8B model by nearly 10% over the Gen-SQL
baseline (47.38% vs. 37.54%). This improvement
margin is substantially larger than that observed
with the DeepSeek backbone (+2.37%), indicat-
ing that while large models can inherently bridge
some semantic gaps via strong zero-shot reason-
ing, smaller models benefit disproportionately from
our structured alignment strategy. By explicitly ex-
posing the small model to "ideal reasoning traces"
during training, Bi-SR effectively compensates for
its weaker inherent hallucination capabilities, en-
abling it to perform schema routing with a precision
that far exceeds standard prompting approaches.

Furthermore, this experiment highlights the sig-
nificant cost-effectiveness of our framework. Al-
though a performance gap naturally persists be-
tween the 8B model and the DeepSeek-V3.2-Exp
giant (47.38% vs. 62.54% R@e), Bi-SR enables
the lightweight Qwen3-8B to achieve a robust Re-
call@5 of 73.03%, making it a viable candidate
for preliminary filtering in privacy-sensitive or low-
latency local deployments. This result confirms
that the heavy lifting in our framework—the seman-
tic alignment—is largely offloaded to the offline
training stage. Consequently, Bi-SR allows practi-
tioners to deploy efficient, compact models during
inference without suffering the catastrophic perfor-
mance drop typically associated with scaling down
reasoning engines in complex schema routing tasks.
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Figure 7: Impact of the number of retrieved tables (K)
on execution accuracy on Spider dev dataset.

where massive cloud LLMs are unavailable.

C.2 Impact of Retrieval Count (K) and
Pruning

We investigate the impact of the retrieval hyperpa-
rameter K (number of candidate tables) on down-
stream generation performance. As shown in
Figure 7, we compare the full Bi-SR framework
against a variant w/o Fine-Grained Pruning.

The results reveal a classic trade-off between
Recall and Noise. For the variant without pruning
(dashed red line), performance peaks at K = 5
but degrades significantly as K increases further
(e.g., dropping from 66% at K = 5 to 58% at
K = 15). This "inverted-U" curve indicates that
while retrieving more tables improves recall, the
excessive irrelevant schema information (Noise)
overwhelms the generator’s attention mechanism,
leading to hallucinations.

In contrast, our full Bi-SR framework (solid blue
line) exhibits a robust, non-decreasing performance
trend. Even at large retrieval counts (K = 15), the
accuracy remains stable or improves slightly. This
confirms that our Fine-Grained Schema Pruning
module effectively acts as a "noise filter," allow-
ing the system to benefit from the high recall of
a larger K while shielding the downstream LLM
from distraction. This robustness relieves the need
for precise K tuning, making Bi-SR highly adapt-
able to diverse database scales.

C.3 Inference Efficiency Analysis

To assess the feasibility of Bi-SR for real-time ap-
plications, we conducted a rigorous latency evalua-
tion against representative baselines. All exper-
iments were performed on a standardized high-
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Method Latency (s) Throughput (Q/s) Speedup

DBCopilot 0.82 1.22 1.00×
ICRL 0.79 1.26 1.03×
Gen-SQL 0.10 10.04 8.22×
Bi-SR (Ours) 0.11 9.09 7.45×

Table 7: Inference latency comparison on the Spider
dev set. We report the average latency per query (in
seconds) and throughput (Queries per second).

performance server equipped with one NVIDIA
RTX Pro 6000 Blackwell GPU. To ensure fair
comparison, all LLM-augmented methods utilized
Qwen-8B as the generative backbone and Qwen-
Embedding-4B as the dense retriever. The results
are summarized in Table 7.

Structure-heavy approaches like DBCopilot
(0.82s) and ICRL (0.79s) exhibit significantly
higher latency. This is inherent to their design: they
require constructing complex schema graphs and
performing iterative traversals or multi-turn reason-
ing to identify the correct linking path. In contrast,
Bi-SR achieves a 7.45× speedup over DBCopilot,
demonstrating that our "offline expansion + online
dense retrieval" paradigm effectively bypasses the
computational bottleneck of graph navigation.

Among the high-efficiency methods, Gen-SQL
achieves the lowest latency (0.10s). Our Bi-SR
follows closely at 0.11s. The marginal difference
(0.01s) is practically negligible in real-world user
interactions but reflects the additional computa-
tional cost of our richer bidirectional semantic pro-
cessing. However, this slight trade-off yields sub-
stantial returns: as evidenced in Table 2, Bi-SR sig-
nificantly outperforms Gen-SQL in retrieval recall
(e.g., +5.21% R@e on Spider). This confirms that
Bi-SR strikes a superior balance, delivering state-
of-the-art accuracy while maintaining millisecond-
level latency suitable for large-scale deployment.

C.4 Robustness to Metadata Obfuscation

In real-world enterprise databases, schemas fre-
quently employ cryptic abbreviations (e.g., T_n
instead of Team_name). To evaluate robustness
against such metadata obfuscation, we construct
a “Hard Subset” of 200 tables sampled from the
BIRD dataset, where all table and column names
are systematically abbreviated.

While baseline methods struggle with opaque
identifiers, Bi-SR leverages value-informed schema
expansion. By incorporating sampled database val-
ues (e.g., “Lakers”, “Warriors”) during the offline

Method Recall@e (%) Recall@5 (%)

GenSQL 3.2 8.6
Bi-SR (Ours) 14.2 28.1

Table 8: Retrieval performance on the abstract metadata
“Hard Subset” (200 tables from BIRD).

phase, Bi-SR successfully infers the underlying
semantic context despite the abstract metadata.

As shown in Table 8, extreme metadata abstrac-
tion severely degrades GenSQL to a mere 3.2%
in Recall@e. In contrast, Bi-SR achieves 14.2%
Recall@e and 28.1% Recall@5. This 4.4× im-
provement in exact recall empirically demonstrates
that our value-grounded bidirectional strategy effec-
tively pierces through cryptic schemas, maintain-
ing robust routing performance where traditional
semantic enhancements fail.
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