
Findings of the Association for Computational Linguistics: EMNLP 2026, pages 20413–20429
October 24-29, 2026 ©2026 Association for Computational Linguistics

Learning to Recover Bridge Path for SQL Schema Linking via Tentative
Answer Profiling

Wenzhong Qiu†, Shixin Liu†, Yu Hong*

School of Computer Science and Technology, Soochow University, Suzhou, China
{wenzh.qiu, sido.meet, tianxianer}@gmail.com

Abstract
Schema linking is a task of investigating rel-
evant SQL schema (items and paths) for a
specific query language. Constructing a reli-
able linker is crucial for Text2SQL auto-coding
since it provides informative clues for direct-
ing SQL coders. Current studies have ob-
tained considerable performance gains when
independently evaluating linkers, which allow
F1-score to be higher than 90% at best. How-
ever, our observation illustrates that the existing
linkers still suffers from a high missing rate of
Bridge Path, i.e., omitting one or a series of
SQL keywords that link across SQL tables. To
address the issue, we propose to enhance link-
ers by Bridge Path Recovering (abbr., BPR)
via Tentative Answer Profiling (TAP). On the
one hand, BPR is implemented by learning
to rank up the better bridged schemata dur-
ing finetuning. On the other hand, TAP ten-
tatively conjectures possible answers for the
query language, and generates their profiles
(types and CoT steps) to guide BPR. This is in-
spired by the experience that answer conjectur-
ing contributes to reversely deducing the multi-
hop routing path over SQL tables. Technolog-
ically, we train LLaMA-3.1 for TAP, where
teacher-student distillation is conducted via
Deepseek-3. To ensure sufficient ranking data
used for training BPR, we employ a multilevel
retrieval technique to align profiles with di-
verse schemata. We experiment on the bench-
mark datasets BIRD and Spider. The experi-
mental results show that our approach (BPR-
TAP) consistently yields improvements for F1-
score upon all benchmarks, and surpasses mul-
tiple competitive schema linkers. All source
codes are available at https://github.com/
qwz-web/BPR-TAP-Text2SQL.

1 Introduction

Text2SQL auto-coding aims to convert query lan-
guage (e.g., a question) into executable SQL codes

† Equal contribution. * Corresponding author.

client.gender disp.client_id disp.account_id account.frequency

Condition endpoint

Question: What percentage of male clients request weekly statements?

Answer endpointBridge path
From Table client From Table disp From Table account
Gold Code: SELECT 100.0 * AVG(CASE WHEN c.gender = 'M' THEN 1.0 ELSE 0.0 END) AS
percentage FROM disp AS d JOIN client AS c ON c.client_id = d.client_id JOIN account AS a ON
a.account_id = d.account_id WHERE a.frequency = 'POPLATEK TYDNE'

Figure 1: Example of bridge path and its effect.
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Figure 2: Missing Rates of different types of schema
items. Condition-endpoint items serve as filtering con-
straints, such as that of WHERE and HAVING clauses.
Answer endpoints are items needs to be organized, e.g.,
the SELECTED, GROUPED or ORDERED columns.
Bridge Path are Join or Foreign keys for connection.

over relational databases (Zhang et al., 2024; Luo
et al., 2025). Current studies (Pourreza and Rafiei,
2024; Talaei et al., 2024) leverage a decomposed
pipeline for Text2SQL, which comprises two es-
sential components, including schema linking and
SQL code generation. Linker is the crucial prelimi-
nary due to its role of exploring code-friendly items
and paths from an enormous scale of noisy SQL
schemata (Pourreza et al., 2025). We concentrate
on the enhancement of schema linking in this paper,
and verify its impact on Text2SQL auto-coding.

Linkers generally suffers from the difficulty in
salvaging the bridge paths. As shown in Figure 1,
a bridge path appears as one or a series of items
that relationally connect SQL tables. It discloses
the multi-hop routing direction, and therefore be-
ing indispensable for instructing the generation of
unabridged and unhindered SQL codes. However,
bridge paths are easily left out by LLM-based link-
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Figure 3: Overview of BPR-TAP for bridge-path-aware schema linking and SQL generation. Teacher-generated
Tentative Answer Profiles are distilled into a lightweight TAP model, guide bridge-path recovery during schema-
linker training, and provide inference-time context for TAP-conditioned schema linking and SQL generation.

ers. Figure 2 shows the missing rates of bridge
paths caused by different LLM-based linkers. It can
be found that, compared to other types of schema
items, the missing rates of bridge paths are consid-
erably higher (even if finetuning is used).

To address the issue, we propose to enhance
linkers by Bridge Path Recovering (BPR) via Ten-
tative Answer Profiling (TAP), which is uniformly
denoted by BPR-TAP in experiments. BPR-TAP
is essentially a “prompt enhancement” approach.
Specifically, a tentative answer profile is added
to prompt when LLMs are instructed for linking,
where a profile comprises 1) a possible answer that
was tentatively forecasted for SQL query, 2) answer
type and 3) CoT steps produced by LLMs when
predicting the tentative answer. This is motivated
by the intuitions that tentative answer helps to re-
versely deduce relevant schema items while, more
importantly, CoT steps disclose relational bridges
across the items and SQL tables.

Technologically, we train an independent Ques-
tion Answering (QA) model to generate answer
profiles, where LLaMA-3 instruct (8B) (Grattafiori
et al., 2024) is used, and teacher-student distilla-
tion is performed via Deepseek-3.2 (DeepSeek-AI
et al., 2025). We adopt another LLaMA-3 to form
schema linker, which is finetuned for linking given
both query language and answer profile. In order to
implement BPR, we promote the linker to produce
better-bridged schemata during finetuning, where
schema ranking is considered. To ensure diverse
candidate schemata used for ranking, we use the an-

swer profile as query to retrieve different schemata.
Multi-level retrieval is utilized, including BM25-
based matching (Robertson et al., 1994), Qwen3-
Embedding (Zhang et al., 2025) based similarity
estimation (0.6B) and reranking (0.6B).

We experiment on Text2SQL benchmarks Spi-
der (Yu et al., 2018) and BIRD (Li et al., 2023).
The test results demonstrate the effectiveness and
utility of BPR-TAP. Specifically, our contributions
are as follows:

• We propose to recover bridge path for schema
linking using tentative answer profile, and im-
plement a BPR-TAP optimization approach.

• Test results show that BPR-TAP consistently
yields higher F1-scores for schema linking,
and allows light SQL auto-coders (8B) to
achieve higher Execution Accuracy (69.69%).

• Our experiments demonstrate that BPR-TAP
benefits from substantial improvements in re-
calling schemata (higher Recall rates).

2 Task Formalization

Given a query language q, optional evidence e,
and database schemata S = {s1, . . . , sn}, schema
linking aims to identify the query-relevant schema
subset Ŝ ⊆ S used for downstream SQL genera-
tion. BPR-TAP augments this task with a Tentative
Answer Profile (TAP) z, constructed as described
in Section 3.1, and predicts the linked schema as

Ŝ = fθ(q, e, z,S). (2.1)
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3 Approach

As illustrated in Figure 3, BPR-TAP is orga-
nized into training-time data construction and an
inference-time pipeline. During training, a teacher
LLM first produces TAP labels, each consisting of
a tentative answer, an answer type, and a reasoning
clue. These labels are distilled into a lightweight
TAP model. We then construct bridge-path-aware
supervision for the schema linker. The gold schema
is ranked by answer-path roles, namely condition
endpoints, bridge paths, and answer endpoints.
Training-only expansion candidates are retrieved
with the question and teacher-generated TAP, and
database-specific 5-fold cross-validation is used
to identify easy and hard instances. Only hard
instances receive selectively expanded supervi-
sion targets, while easy instances keep compact
gold targets. The resulting targets train a TAP-
conditioned schema-linking model. During infer-
ence, the lightweight TAP model generates the TAP,
the schema linker predicts the linked schema condi-
tioned on it, and the SQL generator uses the linked
schema together with the TAP to produce the final
executable SQL code.

3.1 TAP construction

To recover bridge path schema items that are
weakly indicated by the query, we construct a TAP
zi = (ai, τi, ri) for each instance before schema
linking. TAP is not used as a hard answer constraint.
Instead, it provides tentative profiling signals that
help the schema linker infer missing bridge path
schema items between condition endpoints and an-
swer endpoints. Specifically, the tentative answer
ai is tentatively forecasted for the SQL query and
helps reversely deduce relevant schema items. The
answer type τi provides type-level cues and is se-
lected from six categories: TEXT, INTEGER, REAL,
DATE, DATETIME, and OTHER. Binary-like BLOB

values are mapped to OTHER. The CoT steps ri
are produced by the LLM when predicting the ten-
tative answer. They describe a coarse derivation
process from the query conditions to the tentative
answer, thereby exposing relational bridges that
may be weakly indicated in the query. Case study
is provided in Appendix C.

We obtain teacher-generated TAP annotations in
the form of zi = (ai, τi, ri) from the input tuple
(qi, ei,Si). Specifically, DeepSeek-V3.2 is used as
the teacher LLM to generate TAP labels for train-
ing. Each TAP label contains a tentative answer,

an answer type, and CoT steps produced during
tentative answer prediction. These annotations are
then distilled into a lightweight TAP model, namely
Llama-3.1-8B-Instruct. At inference time, the TAP
model generates zi from (qi, ei,Si) and provides
the tentative answer profiling for the schema linker.

3.2 Path Decomposition

To characterize schema items by their roles in the
answer derivation path, we decompose the gold
schema set as Gi = Ci∪Bi∪Ai, where Ci, Bi, and
Ai denote Input-side Condition Endpoint, Bridge
Path, and Output-side Answer Endpoint, respec-
tively. Each schema item is represented as a fully
qualified schema unit, e.g., table.column. Ci con-
tains schema items for filtering constraints, mainly
those in WHERE and HAVING clauses. Bi contains
join keys, foreign-key schema items, and interme-
diate schema items that connect condition-side and
answer-side schema items. Ai contains schema
items that determine the returned answer, includ-
ing SELECT columns, aggregation targets, grouping
columns, and ordering columns.

This decomposition is used in two ways. Analy-
sis. It provides a path-wise view of schema-linking
errors. This allows us to examine whether a schema
linker mainly misses condition endpoints, bridge
paths, or answer endpoints. We use this analysis in
experiments to verify whether bridge path items are
more vulnerable to local question–schema match-
ing. Training. The decomposition is used to
construct schema-linking SFT labels. For each
instance, we rank the gold schema items into condi-
tion endpoints, bridge paths, and answer endpoints.
These role-aware labels are then used to train the
schema linker, so that it learns to recover schema
items along the bridge path.

3.3 TAP-Guided Schema Expansion

Bridge path schema items are easy to miss dur-
ing linking. To provide training supervision
for Bridge Path Recovering, we retrieve answer-
implied schema expansion candidates, which can
include additional bridge path schema items from
multiple possible paths. These candidates help the
linker learn weakly aligned but important multi-
hop routing paths over SQL tables.

For each training instance i, we form a retrieval
query from the query language, optional evidence,
and teacher-generated TAP:

ui = [qi, ei, zi]. (3.1)
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Each schema item sj ∈ Si is represented as a
semi-structured text with its name, type, and sam-
ple values. We use a multi-level retrieval strategy
to score each schema item. Specifically, BM25
is used for lexical matching, Qwen3-Embedding-
0.6B is used to compute dense semantic similarity,
and Qwen3-Reranker-0.6B is used to rerank the re-
trieved candidates. The combined score is used to
select the top Kret items as expansion candidates:

Ei = TopKKret
sj∈Si

Score(ui, sj). (3.2)

The set Ei is used only for constructing SFT
training targets and not for inference. Including
these candidates encourages the model to output
more complete schema. However, the retrieved
candidates may also introduce redundant schema
items. Details of integrating these candidates into
difficulty-aware SFT are illustrated in Section 3.4.

3.4 Difficulty-Aware Selective SFT
The TAP-guided expansion candidates should be
incorporated selectively when constructing schema-
linking supervision. Easy instances keep the SQL-
derived gold schema set, while hard instances re-
ceive additional TAP-guided expansion candidates.
This selective strategy is used to improve Bridge
Path recall while limiting redundant schema items.

Difficulty estimation. We estimate instance
difficulty with database-specific five-fold cross-
validation on the training databases. The folds are
split by database rather than by individual question-
SQL examples, so that examples from the same
database do not appear in both the training and
held-out folds. We construct the five folds to keep
the number of training examples approximately bal-
anced across folds, while preserving database-level
separation. This prevents database leakage during
difficulty estimation.

In each fold, a preliminary schema linker is
trained on four folds and predicts schema sets
for the held-out fold. Given the gold schema set
Gi and the cross-validation prediction Ĝcv

i , we
set δi = easy if Match(Ĝcv

i , Gi) = 1, and set
δi = hard otherwise. Here, Match(·, ·) indicates
whether the predicted schema set covers the gold
schema set. This step is used only for training-data
construction and is not required during inference.

Selective target construction. We construct the
schema linking SFT data using the answer path
decomposition, the TAP-guided expansion candi-
dates, and the difficulty labels. The gold schema set

Gi is ranked by its path roles, including condition
endpoint, bridge path, and answer endpoint.

Given the difficulty label δi, the final SFT target
is defined as:

T SL
i =

{
ser(Gi), δi = easy,

ser(Gi ∪ Ei), δi = hard.
(3.3)

For easy instances, we keep the original gold
schemata to avoid redundancy. For hard instances,
we merge the TAP-guided expansion candidates
with the gold schema set, where the union removes
duplicated schema items. The schema linker is
trained on xi = [qi, ei, zi,Si] to generate T SL

i .

3.5 TAP-Consistent SQL Generation
After obtaining the linked schema subset Ŝ , we use
it together with the TAP for downstream SQL code
generation. The TAP is reused as bridge path guid-
ance, encouraging the SQL generator to remain
consistent with the answer-derivation path already
captured during the schema linking stage.

Following the previous works (Hao et al., 2025;
Pourreza et al., 2025; Liu et al., 2026), we use mul-
tiple SQL generators to produce SQL candidates.
We then execute valid SQL candidates on the target
database and group them by execution results. The
final SQL is selected from the top-Kexec execution
clusters using a consistency-based ranking strategy.
Implementation details of this selection procedure
are provided in Appendix B.7.

4 Experiments

4.1 Experimental Setup
Datasets. We experiment on Spider (Yu et al.,
2018) and BIRD (Li et al., 2023). Spider is a large-
scale cross-domain dataset for complex semantic
parsing. It contains 10,181 questions paired with
5,693 unique SQL queries. Moreover, BIRD is a
large-scale benchmark focusing on realistic, large,
and noisy databases. It includes 12,751 question-
SQL pairs across 95 databases.

Evaluation. We follow the previous works (Maa-
mari et al., 2024; Hao et al., 2025) to evaluate
schema linking and SQL generation tasks. For
the evaluation of schema linking, we report count-
based Table Recall (TR), count-based Table Pre-
cision (TP), Table F1 (TF), count-based Column
Recall (CR), count-based Column Precision (CP),
Column F1 (CF), and Sample-based Recall (SR).
For the evaluation of SQL generation, Execution
Accuracy (EX) is used as the metric.

20416



Dataset Method TR TP TF CR CP CF SR

BIRD-dev

CodeS-15B 99.76 36.40 53.34 98.91 13.26 23.38 95.89
CHESSIR+SS+CG 96.00 90.00 92.90 94.00 71.00 80.90 –
GenLinkL 92.31 93.48 92.89 86.47 88.29 87.37 67.67
GenLinkL,Q,D 96.68 88.01 92.14 93.48 81.99 87.36 81.23
GenLinkL,QC,Q,D,M 97.22 85.50 90.98 94.56 78.52 85.80 83.96

LLaMA-based Linker (Baseline) 93.36 96.48 94.89 88.39 91.69 90.01 85.12
+BPR-TAP 94.69 96.03 95.36 91.84 93.10 92.47 88.16
+BPR-TAP (Sel. exp) 96.15 93.52 94.82 95.00 84.56 89.48 92.11

Spider-test

CodeS-15B 99.97 37.40 54.44 99.98 16.69 28.60 96.60
GenLinkL,QC,Q,D,M 99.54 90.53 94.82 98.44 89.29 93.64 92.41

LLaMA-based Linker (Baseline) 97.45 97.81 97.63 95.36 96.72 96.04 94.95
+BPR-TAP 98.59 97.71 98.15 97.01 96.88 96.94 96.59
+BPR-TAP (Sel. exp) 99.12 94.25 96.62 98.77 93.35 95.98 97.49

Spider-dev

CodeS-15B 100.00 38.05 55.12 99.76 13.92 24.43 95.84
GenLinkL,QC,Q,D,M 99.61 92.56 95.96 98.33 88.96 93.41 93.42

LLaMA-based Linker (Baseline) 97.53 98.98 98.25 94.11 97.84 95.94 93.53
+BPR-TAP 98.82 98.47 98.64 96.22 96.80 96.51 95.89
+BPR-TAP (Sel. exp) 99.73 96.13 97.90 98.28 93.50 95.83 97.11

Table 1: Main schema linking results. CodeS-15B is based on CodeS (Li et al., 2024), with reproduced schema-
linking results taken from GenLink (Hao et al., 2025). CHESS and GenLink results follow their reported set-
tings (Talaei et al., 2024; Hao et al., 2025). +BPR-TAP uses TAP as guidance for schema linking, while BPR-TAP
(Sel. exp) selectively expands SFT targets. Bold values represent the optimal results of TF, CF, and SR metrics.

Hyperparameter Settings. The detailed settings
of hyperparameters are presented in Appendix A.

4.2 Main Results

We evaluate the effectiveness of TAP from schema
linking and SQL generation perspectives. For
schema linking, Table 1 compares our approach
against existing linkers. For SQL generation, Ta-
ble 2 measures the impact of schema linking on
downstream SQL execution accuracy, where our
best variant surpasses GenLink by 2.35% EX on
BIRD. Detailed results are presented below.

4.2.1 Schema Linking Results
Table 1 presents schema linking results on BIRD-
dev, Spider-test, and Spider-dev. our +BPR-TAP
consistently achieves the strongest F1 scores.

+BPR-TAP achieves stronger F1 scores. Com-
pared with prior schema linking methods, +BPR-
TAP achieves the best F1 scores on all three
datasets. On BIRD-dev, +BPR-TAP obtains 95.36
TF and 92.47 CF, outperforming CHESS and all
GenLink variants in both table- and column-level
F1. On Spider-test, +BPR-TAP reaches 98.15 TF
and 96.94 CF, exceeding GenLinkL,QC,Q,D,M by
3.33 TF and 3.30 CF. On Spider-dev, +BPR-TAP
achieves 98.64 TF and 96.51 CF, also outperform-
ing GenLinkL,QC,Q,D,M by 2.68 TF and 3.10 CF.

Compared with the LLaMA-based Linker base-
line, +BPR-TAP also brings consistent improve-
ments. On BIRD-dev, it raises TF from 94.89 to
95.36 (+0.47), CF from 90.01 to 92.47 (+2.46), and
SR from 85.12 to 88.16 (+3.04). Similar gains are
observed on Spider-test and Spider-dev. On Spider-
test, CF reaches 96.94 (+0.90) and SR reaches
96.59 (+1.64). On Spider-dev, CF reaches 96.51
(+0.57) and SR reaches 95.89 (+2.36). These gains
are mainly attributed to BPR-TAP guidance, which
helps the linker recover Bridge Path schema items
that are not explicitly mentioned in the query.

+BPR-TAP (Sel. exp) achieves a better recall-
oriented trade-off. +BPR-TAP (Sel. exp) further
prioritizes recall by selectively expanding SFT tar-
gets for hard instances. Compared with +BPR-TAP,
it increases CR from 91.84 to 95.00 and SR from
88.16 to 92.11 on BIRD-dev, with a moderate de-
crease in precision. This trade-off is desirable for
downstream SQL generation, where missing re-
quired schema items is usually more harmful than
retaining a small number of redundant ones. Once
a required column or table is filtered out by the
schema linker, the SQL generator can hardly re-
cover it in the later generation stage.

Compared with GenLinkL,QC,Q,D,M, which also
uses five models and achieves comparable recall
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Method EX

Reported prior work: In-Context Learning Methods
CHESSIR+SS+CG+GPT−4−turbo

(Talaei et al., 2024)
65.0

UCS-SQLGPT−4o (Wu et al., 2025) 68.95
CHASE-SQLGemini−1.5 (Pourreza et al., 2025) 73.01

Reported prior work: SFT / Training Methods
DTS-SQLDeepSeek7B (Pourreza and Rafiei, 2024) 55.8
CodeS-15B (Li et al., 2024) 58.47
GenLinkQC (w/o voting) (Hao et al., 2025) 59.32
GenLinkL,QC,Q,D,M (w/ voting) (Hao et al., 2025) 67.34
Arctic-Text2SQL-R1-14B (Yao et al., 2026) 70.10

Ours:
Baseline (LLaMA-3.1 Linker + Qwen-3 Coder) 56.84

+BPR 58.28
+BPR-TAP 60.04
+BPR-TAP (Sel. exp) 61.21
+BPR-TAP (Sel. exp) + TAP-Distill 61.93
+BPR-TAP (Sel. exp) + TAP-Distill (w/ voting) 69.69

Table 2: Impact of schema-linking variants on down-
stream SQL generation on BIRD-dev. Baseline uses the
LLaMA-3.1 schema linker and Qwen-3 Coder. +BPR
ranks gold schema targets by answer path roles. +BPR-
TAP adds the distilled TAP for schema linking. +BPR-
TAP (Sel. exp) selectively expands SFT targets. +TAP-
Distill further uses the distilled TAP model to provide
TAP context for SQL generation. “w/ voting” denotes
consistency-based selection over SQL candidates.

on BIRD-dev (TR=97.22, CR=94.56), +BPR-TAP
(Sel. exp) obtains substantially higher precision
(TP=93.52 vs. 85.50, CP=84.56 vs. 78.52) while
reaching similar recall (TR=96.15, CR=95.00).
This indicates that our difficulty-aware selective ex-
pansion improves recall while avoiding the severe
precision loss of aggressive multi-source fusion.

4.2.2 SQL Generation Results

Table 2 reports BIRD-dev execution accuracy
against prior work and schema linking abla-
tions. Our best setting reaches 69.69% EX with
consistency-based voting. Additional SQL genera-
tion analyses are provided in Appendix B.8.

Each component progressively improves SQL
generation. Baseline achieves 56.84% EX.
Adding BPR improves EX to 58.28%, showing
that answer path role ordering benefits downstream
SQL generation. Incorporating TAP guidance fur-
ther raises EX to 60.04%, and selective expansion
increases it to 61.21%. Using the distilled TAP
as additional SQL-generation context further im-
proves EX to 61.93%. Overall, the single coder
setting improves over the baseline by 5.09 points.

Model Zone Error Rec. Drop Net

SLM
Cond. 743 433 146 287
Bridge 2307 1558 88 1470
Ans. 410 274 81 193

LLM
Cond. 186 96 48 48
Bridge 804 628 66 562
Ans. 183 106 33 73

SFT
Cond. 300 195 41 154
Bridge 590 318 80 238
Ans. 179 107 18 89

Table 3: Path-wise analysis of TAP-fixed schema items
across three model settings: SLM (LLaMA-based
Linker w/o SFT), LLM (DeepSeek-V3.2), and SFT
(LLaMA-based Linker + BPR-TAP). Zone denotes
answer-path roles: condition endpoints (Cond.), Bridge
Path schema items (Bridge), and answer endpoints
(Ans.). Error is the number of missing gold schema
items before TAP guidance. Rec., Drop, and Net denote
recovered items, newly dropped items, and net gain.

Our approach outperforms GenLink under
comparable settings. GenLinkL,QC,Q,D,M em-
ploys five models for voting yet achieves only
67.34% EX. In contrast, our single-model setting
(+BPR-TAP (Sel. exp) + TAP-Distill) reaches
61.93%, already higher than GenLink without vot-
ing (59.32%). With five-model ensemble, we fur-
ther improve to 69.69%, outperforming GenLink
by 2.35 EX. This demonstrates that TAP-guided
schema linking provides stronger context for SQL
generation than prior methods.

4.3 Ablation Study

4.3.1 Path-wise Analysis of TAP
Table 3 reports item-level TAP effects under SLM,
LLM, and SFT settings. Bridge Path schema items
obtain the dominant net gains across all models:
+1,470 for SLM, +562 for LLM, and +238 for SFT.
They also have the highest Error counts (2,307, 804,
and 590), indicating that they are the main missing
schema items targeted by Bridge Path Recovering.

Condition Endpoints and Answer Endpoints also
show positive but smaller gains: +287/+193 for
SLM, +48/+73 for LLM, and +154/+89 for SFT,
respectively. These results show that TAP guidance
improves schema linking across the answer deriva-
tion path, with the largest gains on Bridge Path
schema items. This confirms that Bridge Path Re-
covering is the primary benefit of TAP. Additional
gold schema ranking improvement and instruction-
only analyses in Appendices B.1 and B.2 further
confirm that TAP-guided linking mainly benefits
from recalling Bridge Path schemata.

20418



Setting Method TR TP TF CR CP CF SR

DeepSeek-V3.2
Base 95.90 92.31 94.07 88.67 90.12 89.39 83.54

+TAP-Distill 96.60 89.72 93.03 95.57 78.65 86.29 93.46
+Gold Answer 96.60 91.07 93.75 96.06 79.38 86.93 94.27

Llama-3.1 w/o SFT

Base 90.00 90.13 90.06 63.27 89.10 74.00 52.72
+TAP-Raw 95.29 78.83 86.28 84.10 79.06 81.50 77.11
+TAP-Distill 96.05 80.17 87.39 86.16 79.33 82.60 80.31
+Gold Answer 96.65 80.18 87.65 86.74 80.06 83.27 80.89

Llama-3.1 w/ SFT BPR-TAP (Sel. exp) 96.15 93.52 94.82 95.00 84.56 89.48 92.11
+Gold Answer 96.14 93.91 95.01 95.25 85.46 90.09 92.25

Table 4: Diagnostic ablation of replacing the tentative answer with the executed gold answer on BIRD-dev. Only
the tentative answer field in the TAP is replaced, while the answer type and CoT steps remain unchanged.

4.3.2 Effect of Replacing the Tentative
Answer with the Gold Answer

We conduct a diagnostic ablation to examine
whether TAP mainly benefits from access to the
exact answer value. For each instance, we execute
the gold SQL and use the resulting values as the
gold answer. We then replace only the tentative an-
swer field in the TAP with the gold answer, while
keeping the answer type and CoT steps unchanged.

Table 4 shows that using the gold answer brings
only limited additional gains over TAP-Distill.
For Llama-3.1 without SFT, TAP-Distill improves
CR/SR from 63.27/52.72 to 86.16/80.31, while re-
placing the tentative answer with the gold answer
further increases them only to 86.74/80.89. For
DeepSeek-V3.2, CR/SR changes from 95.57/93.46
to 96.06/94.27. Under the SFT setting, the
gain is even smaller, with CR/SR changing from
95.00/92.11 to 95.25/92.25.

These results indicate that TAP does not rely
on exact answer values. Instead, it serves as an-
swer path guidance for schema linking. The ten-
tative answer, together with the answer type and
CoT steps, provides a coarse answer-derivation di-
rection, helping the schema linker recover weakly
aligned Bridge Path schema items along the answer
derivation path. We further support this conclusion
with answer-overlap statistics in Appendix B.6,
which show that predicted tentative answers rarely
match the executed SQL answers.

4.3.3 Component ablation of schema linking
We conduct a component-level ablation on BIRD-
dev to quantify the contribution of each variant in
our schema linking framework. Table 5 reports
cumulative variants from Baseline to +BPR, +BPR-
TAP, full expansion (Full exp.), and difficulty-
aware selective expansion (Sel. exp.).

Config. TR TP CR CP

Baseline 93.36 96.48 88.39 91.69
+BPR 94.50 95.48 90.59 92.13
+BPR-TAP 94.69 96.03 91.84 93.10
+Full exp. 96.96 89.73 96.25 70.41
+Sel. exp. 96.15 93.52 95.00 84.56

Table 5: Component ablation of schema linking vari-
ants on BIRD-dev. Rows are cumulative from Baseline
to +BPR, +BPR-TAP, full expansion (Full exp.), and
difficulty-aware selective expansion (Sel. exp.). Full
exp. applies TAP-guided expansion to all training in-
stances, while Sel. exp. applies it only to hard instances.

+BPR improves recall over Baseline, raising CR
from 88.39 to 90.59. Adding TAP guidance further
raises CR to 91.84 while preserving high precision.
This suggests that answer path role supervision
and TAP guidance are complementary. The former
structures the target along the answer derivation
path, whereas the latter provides answer oriented
context for schema selection.

Full exp. achieves the highest recall, with 96.25
CR, but its CP drops to 70.41, showing that apply-
ing TAP-guided expansion to all training instances
introduces redundant schema items. Sel. exp. pre-
serves most of the recall gain, reaching 95.00 CR,
while recovering CP to 84.56. This confirms that
difficulty-aware selective expansion controls ex-
pansion noise and yields a better recall–precision
balance. We observe the same trend on Spider-dev
and Spider-test, further validating the robustness of
selective expansion. As shown in Appendix B.3.

4.3.4 Effect of Candidate Set Size
We analyze how the expansion size Kret affects
the recall–precision trade-off on BIRD-dev. The
column-level trend is shown in Figure 4, and the
full TR/TP/CR/CP results for all candidate sizes
are reported in Appendix B.4.
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Figure 4: Candidate-size trade-off on BIRD-dev. The
vertical line marks the candidate size selected for our
final method, Kret = 5. Full exp. expands all instances.
Sel. exp. expands only hard instances.

As Kret increases, Full exp. steadily improves
CR, but it also causes a sharp CP drop. This in-
dicates that adding all TAP-guided expansion can-
didates increases the chance of covering missing
Bridge Path schema items, while also introducing
more noisy and redundant schema items. In con-
trast, Sel. exp. consistently maintains much higher
precision by applying expansion only to hard in-
stances. At Kret = 5, Sel. exp. improves CP from
70.41 to 84.56 compared with Full exp., with only
a small CR decrease from 96.25 to 95.00.

The trend also shows why an intermediate candi-
date size is preferable. When Kret is too small, the
retrieved set may not contain enough useful Bridge
Path schema items. When it becomes too large,
the recall gain starts to saturate while expansion
noise increases rapidly. We therefore use Kret = 5
in the final method, as it provides a better balance
between Bridge Path recovery and redundancy con-
trol. Spider results show the same trend and are
provided in Appendix B.5.

5 Related Work

LLMs for Text2SQL. Recent Text2SQL sys-
tems improve LLM-based SQL generation through
prompting, decomposition, and candidate selection.
DIN-SQL (Pourreza and Rafiei, 2023) decomposes
SQL generation into intermediate prompting stages,
while DAIL-SQL (Gao et al., 2024) studies demon-
stration selection and prompt organization for in-
context learning. CHESS (Talaei et al., 2024) and
CHASE-SQL (Pourreza et al., 2025) further im-
prove robustness with multi-path reasoning, and
candidate selection. These methods mainly opti-
mize SQL generation with a given schema context.

Another line of work trains specialized
Text2SQL models or decomposes the pipeline
into schema linking and SQL generation. DTS-
SQL (Pourreza and Rafiei, 2024) studies decom-
posed fine-tuning with small language models, and
CodeS (Li et al., 2024) builds SQL-oriented open-
source language models. These studies show the
value of stronger SQL generators and decomposed
pipelines. Our work is complementary: we tar-
get schema linking before SQL decoding, because
missing required schema items cannot be reliably
repaired by downstream SQL generation.

Schema Linking for Text2SQL. Recent work
revisits schema linking as a key bottleneck for
LLM-based Text2SQL. Some studies analyze when
explicit schema linking is still needed (Maamari
et al., 2024), while others improve recall through
question decomposition, extractive selection, re-
trieval, or large-scale schema grounding (Pradeep
et al., 2025; Glass et al., 2025; Nahid et al., 2026;
Wang et al., 2025). These methods reduce irrele-
vant schema context and improve schema recall.

Our work focuses on a different failure mode:
required schema items may be only weakly im-
plied by the question. GenLink (Hao et al., 2025)
addresses implicit schema linking by generating
multiple SQL candidates and extracting schema ev-
idence from them. However, this generation-driven
strategy relies on multiple SQL generators. It also
obtains schema evidence only after SQL generation.
This partially reintroduces the burden that decom-
posed Text2SQL pipelines aim to avoid. In contrast,
BPR-TAP recovers weakly indicated Bridge Path
schema items before SQL generation. It uses Ten-
tative Answer Profiling as answer path guidance
and difficulty-aware selective expansion to improve
recall while controlling redundant schema items.

6 Conclusion

We propose BPR-TAP to enhance linkers by Bridge
Path Recovering via Tentative Answer Profiling.
BPR-TAP adds a tentative answer profile, includ-
ing a tentative answer, answer type, and CoT steps,
to guide the linker in reversely deducing multi-
hop routing paths over SQL tables and ranking
schemata during finetuning. Experiments on BIRD
and Spider show that BPR-TAP consistently im-
proves schema-linking F1 and downstream execu-
tion accuracy. Further analysis shows that the gains
mainly come from recalling Bridge Path schemata,
confirming the utility of TAP.
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Limitations

BPR-TAP still has several limitations. First, TAP-
guided expansion candidates are used only for con-
structing SFT targets on hard instances. This keeps
inference lightweight, but leaves more adaptive
uses of these candidates for future exploration. Sec-
ond, TAP is generated by an LLM and may contain
noisy or incomplete answer profiles for complex
databases. Although our diagnostic analyses show
that BPR-TAP does not rely on exact answer match-
ing, improving the reliability of TAP generation
remains future work.
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A Hyperparameter settings

Models. All small models in schema linking are
initialized from Llama-3.1-8B-Instruct, including
the TAP model and the student linker for difficulty
estimation. TAP training data is generated on the
training set by DeepSeek-V3.2, which is used only
for training-data construction.

For SQL generation, Qwen3-8B (Yang et al.,
2025) is used as the fixed generator in single-model
and SQL-level ablations. The full pipeline per-
forms consistency-based aggregation with five gen-
erators: Arctic-Text2SQL-R1-7B (Yao et al., 2026),
DeepSeek-Coder-6.7B-Instruct (Guo et al., 2024),
Llama-3.1-8B-Instruct, Qwen3-8B, and Qwen2.5-
Coder-7B-Instruct (Hui et al., 2024).

Training and Inference. All small models are
fine-tuned with LLaMA-Factory using LoRA-
based supervised fine-tuning. The main hyperpa-
rameters are summarized in Table 6. All models
are deployed with vLLM (Kwon et al., 2023) for
inference, and unless otherwise specified, inference
is performed with temperature 0.

Hyperparameter Value

Fine-tuning method LoRA SFT
LoRA rank 32
LoRA alpha 64
LoRA dropout 0.1
LoRA target modules all
Warmup ratio 0.1

Table 6: Common training hyperparameters used in our
LoRA-based SFT experiments.

Model / Stage LR Epochs

TAP model 5.0×10−5 3
Schema linker models 5.0×10−5 3
Arctic-Text2SQL-R1-7B 1.0×10−5 1
Other SQL generators 5.0×10−5 2

Table 7: Training hyperparameter settings.

Difficulty-Aware Selective SFT. For difficulty
estimation in Selective-SFT, we use a prelimi-
nary schema linker initialized from Llama-3.1-8B-
Instruct with the same LoRA configuration.

Hardware. All experiments are conducted on
4 NVIDIA GeForce RTX 3090 GPUs, each with
24GB of memory.

Path Zone Gold Rank Gain

Input-side Condition Endpoint +0.955
Bridge Path +5.841
Output-side Answer Endpoint +3.677

Table 8: Average rank gain by path zone after incorpo-
rating the TAP.

B Additional Experimental Results and
Analyses

B.1 Gold-schema Ranking Improvement
To complement the ranking evidence in Sec-
tion 4.3.1, we further measure the average rank
improvement of all gold schema items after incor-
porating the TAP. While Table 3 focuses on schema
items whose inclusion status changes after TAP
guidance, this appendix evaluates all gold schema
items within each answer-path zone. Gold Rank
Gain is computed as the rank before TAP guidance
minus the rank after TAP guidance, so a positive
value means that a gold schema item is promoted
toward the top of the ranked schema list.

As shown in Table 8, Bridge Path obtains the
largest average rank gain among all path zones.
This result is consistent with the path-wise analysis
in the main text: TAP guidance not only recovers
missing Bridge Path schema items, but also gener-
ally assigns higher ranks to gold Bridge Path items.
Input-side Condition Endpoints and Output-side
Answer Endpoints also receive positive rank gains,
showing that the tentative answer and answer type
cues help endpoint selection. Nevertheless, the
much larger gain on Bridge Path indicates that the
CoT steps in the TAP mainly compensate for inter-
mediate connection paths that are weakly aligned
with the question surface but essential for construct-
ing the answer derivation path.

B.2 Effect of TAP on Large Instruction
Models

We evaluate the effect of TAP on schema linking
under the instruction-only setting. Base denotes
direct schema linking without TAP guidance and
serves as the baseline. +TAP-Distill uses the dis-
tilled TAP model described in Section 3.1: TAP
labels generated by DeepSeek-V3.2 are distilled
into Llama-3.1-8B-Instruct, and the distilled model
generates TAP for schema linking. +TAP-Raw uses
Llama-3.1-8B-Instruct itself to generate TAP with-
out teacher-student distillation.
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Dataset Scale Method TR TP TF CR CP CF SR

BIRD-dev

Large DeepSeek-V3.2 (Base) 95.90 92.31 94.07 88.67 90.12 89.39 83.54
Large DeepSeek-V3.2 (+TAP-Distill) 96.60 89.72 93.03 95.57 78.65 86.29 93.46

Small Llama-3.1-8B-Instruct (Base) 90.00 90.13 90.06 63.27 89.10 74.00 52.72
Small Llama-3.1-8B-Instruct (+TAP-Raw) 95.29 78.83 86.28 84.10 79.06 81.50 77.11
Small Llama-3.1-8B-Instruct (+TAP-Distill) 96.05 80.17 87.39 86.16 79.33 82.60 80.31

Spider-test

Large DeepSeek-V3.2 (Base) 98.87 94.94 96.87 78.06 95.59 85.94 77.18
Large DeepSeek-V3.2 (+TAP-Distill) 99.68 88.97 94.02 84.42 81.55 82.96 84.67

Small Llama-3.1-8B-Instruct (Base) 96.62 90.20 93.30 66.67 92.94 77.64 62.27
Small Llama-3.1-8B-Instruct (+TAP-Raw) 99.07 72.79 83.92 79.30 78.21 78.75 77.25
Small Llama-3.1-8B-Instruct (+TAP-Distill) 99.39 73.57 84.55 81.04 79.35 80.19 79.06

Spider-dev

Large DeepSeek-V3.2 (Base) 99.69 93.83 96.67 74.21 94.76 83.24 73.53
Large DeepSeek-V3.2 (+TAP-Distill) 99.73 89.47 94.32 80.06 80.71 80.38 80.28

Small Llama-3.1-8B-Instruct (Base) 96.20 90.22 93.11 62.61 91.61 74.38 58.74
Small Llama-3.1-8B-Instruct (+TAP-Raw) 98.18 76.71 86.13 71.85 76.92 74.30 68.96
Small Llama-3.1-8B-Instruct (+TAP-Distill) 98.60 74.74 85.03 71.95 75.24 73.56 68.97

Table 9: Effect of shared TAP on instruction-based schema linking.

TAP substantially improves recall. As shown
in Table 9, TAP consistently improves recall across
both large and small instruction models, with
larger gains on the small model. On BIRD-dev,
DeepSeek-V3.2 with +TAP-Distill raises CR/SR
from 88.67/83.54 to 95.57/93.46. For Llama-3.1-
8B-Instruct, +TAP-Distill improves CR/SR from
63.27/52.72 to 86.16/80.31. These results indicate
that TAP provides answer path guidance for recov-
ering weakly aligned Bridge Path schema items,
especially when the base instruction model has lim-
ited linking ability.

Distilled TAP outperforms raw self-generated
TAP. On BIRD-dev, TAP-Distill achieves CR/SR
of 86.16/80.31 for Llama-3.1-8B-Instruct, com-
pared to 84.10/77.11 with TAP-Raw. The distilled
signal provides higher-quality guidance than the
small model’s own raw TAP generation, showing
the benefit of teacher-student TAP distillation.

TAP introduces a recall–precision trade-off.
TP and CP drop on both datasets after adding TAP.
This is because the instruction-only setting does
not apply the difficulty-aware selection used in
our SFT framework. TAP tends to recall more po-
tentially relevant tables and columns, and without
difficulty-aware filtering, these extra schema items
may reduce precision. For instance, DeepSeek-
V3.2 on BIRD-dev shows TP decreasing from
92.31 to 89.72. Similar trade-offs have been ob-
served in prior schema linking methods (Maamari
et al., 2024; Pradeep et al., 2025).

Config. TR TP CR CP

Baseline 97.45 97.81 95.36 96.72
+BPR 97.62 97.37 96.20 96.38
+BPR-TAP 98.59 97.71 97.01 96.88
+Full exp. 99.50 80.86 99.23 68.24
+Sel. exp. 99.12 94.25 98.77 93.35

Table 10: Component ablation of schema linking vari-
ants on Spider-test. Rows are cumulative. Full exp.
applies TAP-guided expansion to all training instances,
while Sel. exp. applies it only to hard instances.

Config. TR TP CR CP

Baseline 97.53 98.98 94.11 97.84
+BPR 98.15 97.79 94.67 95.88
+BPR-TAP 98.82 98.47 96.22 96.80
+Full exp. 99.97 84.41 98.49 68.91
+Sel. exp. 99.73 96.13 98.28 93.50

Table 11: Component ablation of schema linking vari-
ants on Spider-dev. Rows are cumulative. Full exp.
applies TAP-guided expansion to all training instances,
while Sel. exp. applies it only to hard instances.

B.3 Additional Ablation Results on Spider

We provide additional component-level ablation
results on Spider-test (Table 10) and Spider-dev
(Table 11) to complement the BIRD-dev results in
Table 5. The variants follow the same cumulative
setting: +BPR adds answer path role supervision,
+BPR-TAP further incorporates TAP guidance, Full
exp. applies TAP-guided expansion to all training
instances, and Sel. exp. applies the expansion only
to hard instances.

The Spider-test results show the same trend as
BIRD-dev. +BPR improves CR from 95.36 to
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96.20, and +BPR-TAP further raises CR to 97.01
while preserving high precision. This indicates that
answer-path role supervision and TAP guidance
provide complementary benefits for schema link-
ing. Full exp. achieves the highest recall, with
99.23 CR, but its CP drops to 68.24, showing that
applying expansion to all instances introduces re-
dundant schema items. In contrast, Sel. exp. pre-
serves most of the recall gain, reaching 98.77 CR,
while recovering CP to 93.35.

The same pattern is observed on Spider-dev.
+BPR and +BPR-TAP progressively improve CR
from 94.11 to 94.67 and 96.22. Full exp. again im-
proves recall substantially, reaching 98.49 CR, but
causes a large CP drop to 68.91. Sel. exp. keeps
nearly the same recall, with 98.28 CR, while im-
proving CP to 93.50. These results confirm that
BPR, TAP guidance, and difficulty-aware selective
expansion provide stable benefits across Spider.

B.4 Full Candidate-Size Results on BIRD-dev

Kret Method TR TP CR CP

3 Full exp. 96.37 93.42 94.60 84.93
3 Sel. exp. 95.75 95.40 93.83 90.75
4 Full exp. 96.73 91.09 95.38 77.79
4 Sel. exp. 95.99 94.56 94.56 88.00
5 Full exp. 96.96 89.73 96.25 70.41
5 Sel. exp. 96.15 93.52 95.00 84.56
6 Full exp. 97.15 87.37 96.64 63.89
6 Sel. exp. 96.42 93.17 95.23 82.31
7 Full exp. 97.38 84.70 96.93 56.91
7 Sel. exp. 96.60 92.24 95.57 80.05
10 Full exp. 97.73 78.81 97.42 42.72
10 Sel. exp. 96.92 90.12 95.84 70.86

Table 12: Full candidate-size results on BIRD-dev. Full
exp. applies TAP-guided expansion to all training in-
stances, while Sel. exp. applies it only to hard instances.

The BIRD-dev results show a clear recall–
precision trade-off. As Kret increases, Full exp.
obtains higher recall but suffers a substantial preci-
sion drop, especially at the column level. For exam-
ple, CR increases from 94.60 to 97.42 when Kret

changes from 3 to 10, while CP drops from 84.93
to 42.72. In contrast, Sel. exp. preserves most of
the recall gain while maintaining much higher pre-
cision. At Kret = 5, Sel. exp. improves CP from
70.41 to 84.56 compared with Full exp., with only
a small CR decrease from 96.25 to 95.00. These
results support difficulty-aware selective expansion
and motivate Kret = 5 as the default candidate size
in our final setting.
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Figure 5: Candidate-size trade-off on Spider-test.

Kret Method TR TP CR CP

3 Full exp. 99.40 92.35 98.64 82.82
3 Sel. exp. 98.97 96.28 98.18 96.29
4 Full exp. 99.54 87.67 98.89 74.53
4 Sel. exp. 99.02 96.00 98.62 95.20
5 Full exp. 99.50 80.86 99.23 68.24
5 Sel. exp. 99.12 94.25 98.77 93.35
6 Full exp. 99.62 75.20 99.49 62.21
6 Sel. exp. 99.32 94.01 99.13 92.72
7 Full exp. 99.64 70.70 99.59 56.83
7 Sel. exp. 99.37 93.09 99.31 91.07

10 Full exp. 99.86 56.89 99.69 45.71
10 Sel. exp. 99.38 88.60 99.54 87.17

Table 13: Full candidate-size results on Spider-test.
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Figure 6: Candidate-size trade-off on Spider-dev.

Kret Method TR TP CR CP

3 Full exp. 99.62 93.09 97.11 84.07
3 Sel. exp. 99.48 97.55 97.55 96.01
4 Full exp. 99.77 90.48 98.27 75.33
4 Sel. exp. 99.74 97.09 97.37 94.66
5 Full exp. 99.97 84.41 98.49 68.91
5 Sel. exp. 99.73 96.13 98.28 93.50
6 Full exp. 99.97 79.14 98.38 63.31
6 Sel. exp. 99.65 95.41 98.22 92.08
7 Full exp. 99.90 75.70 98.89 58.13
7 Sel. exp. 99.42 95.13 98.27 90.73

10 Full exp. 99.97 63.15 99.24 46.75
10 Sel. exp. 99.76 92.09 99.00 87.61

Table 14: Full candidate-size results on Spider-dev.
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B.5 Effect of Candidate Set Size on Spider
We further report the candidate-size analysis on
Spider-test and Spider-dev. Following the BIRD-
dev analysis in Figure 4, we visualize the CR–
CP trade-off (Figure 5 & 6) and retain the full
TR/TP/CR/CP tables (Table 13 & 14).

The Spider results are consistent with the BIRD-
dev trend. As Kret increases, Full exp. obtains
higher recall but suffers a substantial precision
drop, especially at the column level. In contrast,
Sel. exp. preserves most of the recall gain while
maintaining much higher precision across candi-
date sizes. At Kret = 5, Sel. exp. improves CP
from 68.24 to 93.35 on Spider-test and from 68.91
to 93.50 on Spider-dev compared with Full exp.,
with only minor CR decreases. These results fur-
ther support difficulty-aware selective expansion
across datasets.

B.6 Answer-Overlap Analysis

Metric Value

Exact Match 4.43
Character Similarity 26.30

Table 15: Answer overlap statistics between tentative
answers and executed SQL answers on BIRD-dev.

We further measure the overlap between the pre-
dicted tentative answers and the executed SQL
answers. This analysis checks whether the TAP
model implicitly copies or reconstructs the ground-
truth answer. As shown in Table 15, only 4.43% of
predicted answers exactly match the executed SQL
answers. The average character similarity is also
low, at 26.30%.

The low overlap shows that the predicted ten-
tative answer is not an exact reproduction of the
ground-truth answer. Therefore, the improvement
of BPR-TAP does not come from answer leakage.
Instead, the tentative answer provides approximate
answer path semantics. It gives the schema linker
answer-side direction about what should be re-
turned. Together with the answer type and CoT
steps, it helps guide Bridge Path Recovery without
requiring access to the true SQL execution result.

B.7 Details of Consistent SQL Selection
We provide details of the consistency-based SQL
selector used in our full pipeline. Given SQL
candidates produced by multiple generators, we
first remove invalid or unsafe SQL codes and exe-
cute the remaining candidates on the target SQLite

Model Simple Mod. Chall. Total

DS-Coder-6.7B 68.00 49.57 35.86 59.39
Qwen2.5-Coder-7B 69.30 52.80 40.69 61.60
Llama-3.1-8B 69.62 50.00 39.31 60.82
Qwen3-8B 68.97 52.37 47.59 61.93
Arctic-R1-7B 68.22 54.31 48.28 62.13

Table 16: Single-model SQL generation results on
BIRD-dev under the same schema linking setting. We
report execution accuracy across difficulty levels.

database. Candidates with the same execution re-
sult are grouped into one execution cluster. And
further use lightweight cluster-level signals, includ-
ing cross-generator diversity, SQL-structure priors,
result-shape priors, and empty-result penalties. The
selector focuses on the top-Kexec execution clus-
ters: if the top cluster has a clear margin, it is
selected directly. Otherwise, the top clusters are
reranked by the above signals.

Finally, we choose a representative SQL query
from the selected execution cluster as the predic-
tion. This procedure improves robustness over
plain majority voting, because it accounts for both
agreement among generators and basic SQL/result
plausibility, while still preserving execution consis-
tency as the main selection criterion.

B.8 SQL Generation Results
B.8.1 Single-model SQL Generation Results
We further compare the downstream SQL genera-
tion performance of different single SQL genera-
tors under the same schema linking setting. Specif-
ically, we keep the linked schema fixed and replace
only the SQL generator, so that the results reflect
the effect of the generator choice rather than differ-
ences in schema linking. Table 16 reports EX on
BIRD-dev across different difficulty levels.

As shown in Table 16, different SQL gener-
ators achieve comparable performance on Sim-
ple queries, while the main differences appear on
Moderate and Challenging queries. Arctic-R1-7B
achieves the highest Total EX of 62.13, mainly due
to its stronger performance on Moderate and Chal-
lenging queries. Qwen3-8B obtains a comparable
overall result and achieves the highest Challeng-
ing accuracy among the general instruction models,
reaching 47.59. In contrast, DS-Coder-6.7B per-
forms competitively on Simple queries but lags
behind on more difficult queries, suggesting that
generator capability becomes more important as
SQL complexity increases.

These results indicate that the proposed schema
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Method Simple Mod. Chall. Total

Single generator 68.97 52.37 47.59 61.93
5-model consistency 75.24 63.15 55.17 69.69

Gain +6.27 +10.78 +7.58 +7.76

Table 17: Effect of multi-model SQL consistency on
BIRD-dev. All settings use the same schema-linking
output. The single-generator setting uses Qwen3-8B.
The 5-model consistency setting selects SQL from exe-
cution clusters produced by multiple SQL generators.

linking setting provides stable support across differ-
ent SQL generators. They also explain why the Full
Pipeline in Table 2 benefits from multi-model SQL
generation: while single generators achieve similar
performance on simpler queries, they exhibit com-
plementary strengths on Moderate and Challenging
queries. Thus, downstream performance can be
further improved by adopting stronger Text2SQL
generators or by aggregating diverse SQL candi-
dates from multiple generators.

B.8.2 Analysis of Multi-model SQL
Consistency

We analyze the contribution of multi-model SQL
consistency. The single generator setting uses
Qwen3-8B to generate SQL from the linked schema
and TAP. The five-model consistency setting uses
multiple SQL generators to produce candidates, ex-
ecutes candidates on the database, and groups SQL
queries with the same execution result into one ex-
ecution cluster. The final SQL is selected from the
execution clusters by consistency-based selector.

Table 17 shows that multi-model consistency
improves execution accuracy across all difficulty
levels. Compared with the single generator setting,
it raises the overall EX from 61.93 to 69.69, giving
a 7.76 point gain. The largest gain appears on
Moderate questions, where EX increases by 10.78
points. This suggests that consistency selection
is most useful when single generator decoding is
unstable but at least one generator can produce a
correct executable candidate.

Table 18 explains why reranking execution clus-
ters is helpful. Selecting the largest execution clus-
ter reaches 65.19 EX, which is already higher than
the single generator setting. However, Oracle@2
reaches 74.05 EX, showing that many correct SQLs
are generated by the model set but are not always
in the largest cluster. The headroom is larger on
harder questions, increasing from 7.46 on Simple
to 13.10 on Challenging questions. This indicates

Diff. Largest Oracle@2 Oracle@All Headroom

Simple 72.00 79.46 81.62 +7.46
Mod. 56.90 67.24 71.98 +10.34
Chall. 48.28 61.38 67.59 +13.10

Total 65.19 74.05 77.38 +8.86

Table 18: Source analysis of multi-model SQL consis-
tency. Largest denotes selecting the largest execution
cluster. Oracle@2 denotes whether either of the two
largest execution clusters contains a correct SQL. Or-
acle@All denotes whether any generated candidate is
correct. Headroom is Oracle@2 minus Largest.

Method Dev Test

Baseline (LLaMA-3.1 Linker + Qwen-
3 Coder)

83.95 82.63

+BPR-TAP (Sel. exp) + TAP-Distill 87.52 87.01
+BPR-TAP (Sel. exp) + TAP-Distill

(w/ voting)
89.65 88.64

Table 19: Impact of schema-linking variants on down-
stream SQL generation, measured by execution accu-
racy (EX), on Spider-dev and Spider-test. Baseline
uses the LLaMA-3.1 schema linker and Qwen-3 Coder.
+BPR-TAP (Sel. exp) selectively expands SFT targets.
+TAP-Distill uses the distilled TAP model to provide
TAP context for SQL generation. “w/ voting” denotes
consistency-based selection over SQL candidates.

that multi-model consistency benefits from candi-
date diversity. It further improves selection when
the largest execution cluster is uncertain.

B.9 Downstream Transfer to Spider

We further evaluate the downstream SQL-
generation variants from Table 2 on Spider-dev
and Spider-test.

Without voting, BPR-TAP improves EX by 3.57
points on Spider-dev and 4.38 points on Spider-test.
With voting, the improvements increase to 5.70 and
6.01 points, respectively. The gains on both splits
show that the downstream benefit of BPR-TAP is
not specific to BIRD.

B.10 Transfer to Additional LLM Linkers

Table 9 reports the results for DeepSeek-V3.2. We
further evaluate TAP-Distill with two additional
LLM linkers on BIRD-dev: Qwen3.5-Plus and
GPT-4o. Base denotes direct schema linking with-
out TAP, while +TAP-Distill uses the tentative an-
swer profile generated by the distilled TAP model.

TAP-Distill increases CR and SR from 88.56
and 82.09 to 95.66 and 93.35, respectively, for
Qwen3.5-Plus. For GPT-4o, it increases CR from
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Model Setting TR TP TF CR CP CF SR

Qwen3.5-Plus Base 95.51 95.22 95.36 88.56 94.01 91.20 82.09
+TAP-Distill 96.20 94.05 95.11 95.66 87.53 91.41 93.35

GPT-4o Base 95.54 93.88 94.70 89.84 93.69 91.72 89.75
+TAP-Distill 95.76 94.13 94.94 93.22 91.22 92.21 89.95

Table 20: BIRD-dev schema-linking results with additional LLM linkers. Base denotes direct schema linking
without TAP guidance.

Inference stage Weights Peak VRAM

TAP-Distill 8.67 GiB 22.62 GiB
Schema linking 8.67 GiB 23.54 GiB
SQL generation 8.97 GiB 22.12 GiB

Table 21: Model-weight footprint and peak VRAM
usage during inference on BIRD-dev.

89.84 to 93.22, while CP remains above 91 and
SR increases from 89.75 to 89.95. Together with
the DeepSeek-V3.2 results in Table 9, these re-
sults demonstrate that TAP transfers across differ-
ent LLM linkers.

B.11 Inference Memory Usage

We report inference memory usage on BIRD-dev.
All models are deployed with vLLM (Kwon et al.,
2023). TAP-Distill and schema linking use the
same Llama-3.1-8B backbone with different LoRA
adapters. The three inference stages are executed
sequentially.

As shown in Table 21, the peak VRAM usage
ranges from 22.12 to 23.54 GiB. The similar peak
VRAM usage across stages is mainly due to the KV-
cache allocation mechanism of vLLM. Since the
three stages are executed sequentially, the single-
generator pipeline can run on a single 24 GB GPU.
The optional multi-generator consistency setting
requires additional parallel GPU resources.

C Case Study

We provide two cases to illustrate how TAP guides
BPR. The first case shows how CoT steps help
recover Bridge Path schema items, and the second
case shows how the tentative answer and type help
identify a weakly signaled Answer Endpoint.

Case 1: Recovering Bridge Path schema items.
Question: What percentage of male clients request
weekly statements?

This case follows the motivating example in Fig-
ure 1. The question contains explicit surface clues
for two endpoint schema items, client.gender

and account.frequency. The phrase “male
clients” is directly aligned with client.gender,
and “weekly statements” is directly aligned with
account.frequency. Thus, a linker can re-
cover these endpoints through surface-level schema
matching, but the endpoints alone are insufficient
for constructing executable SQL.

The predicted TAP contains the tentative an-
swer about 55%, the answer type REAL, and CoT
steps indicating that the query should first iden-
tify weekly-statement accounts, then connect them
to clients through the client–account relation, and
finally compute the percentage of male clients
among the matched clients. Although the CoT
steps do not explicitly mention join columns, they
provide the missing relational direction between
the two endpoints.

Following this answer path clue, TAP recov-
ers the Bridge Path schema items along the
path client.gender → disp.client_id →
disp.account_id→ account.frequency. Here,
disp.client_id and disp.account_id form the
Bridge Path. They have weak lexical overlap with
the question and are easy to omit when the linker
only selects locally relevant endpoints. TAP helps
linker recover the schema path needed to connect
the condition side and the answer side.

Case 2: Recovering an Answer Endpoint.
Question: Was the total cholesterol status for the
patient id 2927464 on 1995-09-04 at the normal
level?

The Condition Endpoints are Laboratory.ID
and Laboratory.Date. The Answer Endpoint is
weakly signaled: the question uses the phrase “total
cholesterol”, while the database schema uses the
domain-specific abbreviation T-CHO.

The predicted TAP gives the tentative answer
T-CHO=358. This answer clue helps the linker in-
fer that Laboratory.T-CHO is the relevant Answer
Endpoint. The corresponding answer derivation
path is Laboratory.ID → Laboratory.Date →
Laboratory.T-CHO. This case shows that TAP can
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reduce domain-specific lexical gaps and guide the
linker toward weakly indicated schema items along
the bridge path.

D Prompt Templates

TAP Generation Prompt
Given a database schema, primary keys, foreign keys, a
natural-language query, and optional evidence, generate a Tentative
Answer Profile (TAP).

Between [SCHEMA] and [/SCHEMA] are table names, column names, value
types, and example values. primary_keys provide entity identity
clues. foreign_keys provide cross-table relation clues.

The TAP must contain:
Tentative Answer: a specific and plausible answer prior.
Answer Type: one of TEXT, INTEGER, REAL, DATE, DATETIME, OTHER.
CoT Steps: short reasoning steps for deriving the answer, especially
possible Bridge Path relations between condition-side entities and
answer-side entities.

The tentative answer does not need to be the exact gold answer, but
it must be consistent with the schema and example values. Prefer
schema evidence over generic world knowledge. If no concrete value is
provided, still infer a plausible answer prior.

Output ONLY in the following format:

Predicted Answer:
<plausible tentative answer>

Answer Type:
<TEXT|INTEGER|REAL|DATE|DATETIME|OTHER>

CoT Steps:
<short steps>

Do not output extra explanations or markdown.

[SCHEMA]
{db_schema}
[/SCHEMA]

primary_keys = {primary_keys}
foreign_keys = {foreign_keys}

[QUESTION]
{question}
[/QUESTION]

[EVIDENCE]
{evidence}
[/EVIDENCE]

Instruction-Model Schema Linking Prompt
Between [SCHEMA] and [/SCHEMA] are the table name, a column name, and
the data type of the values in that column.
Table: here it refers to the table name.
Columns: value_type respectively denote the column name and the data
type of the values in that column.

database_schema = {db_schema}

primary_keys = {primary_key}
foreign_keys = {foreign_key}

question = "{question_prompt}"
evidence = "{evidence}"

# Perform TEXT-TO-SCHEMA-LINKING instead of SQL generation.
# DO NOT modify database_schema, primary_keys or foreign_keys.

# Your goal is to decide which columns in which tables are relevant
# to answering the question.

# You must use all available information from:
# database_schema, primary_keys, foreign_keys, and evidence.

# You may also use primary_keys and foreign_keys to infer additional
# columns that are necessary to connect relevant tables.

# Please output only a JSON object:
# {{
# "pairs": [
# {{"table": "table name", "column": "column name"}},
# ...
# ]
# }}
# Do not output any extra text.

TAP-Guided SFT Schema Linking Prompt
Perform TEXT-TO-SCHEMA-LINKING.
Step1: Use ONLY question and evidence to select the minimal relevant
"table.column".
Step2: Use tentative_answer, answer_type and CoT steps to ONLY ADD
more relevant "table.column" (do NOT remove Step1).Include PKs for
selected tables and both FK sides if used.Output ONLY a JSON list of
"table.column" strings.

{db_schemat}

primary_keys = {primary_key}
foreign_keys = {foreign_key}

[QUESTION]
question = {question_prompt}
[/QUESTION]

[EVIDENCE]
evidence = {evidence}
[/EVIDENCE]

tentative_answer = "{Tentative_answer}"
answer_type = "{Answer_type}"
CoT steps = "{CoT steps}"

TAP-Guided SQL Generation Prompt
Given the following linked schema, primary keys, foreign keys,
question, evidence, and TAP, your task is to write a valid SQLite SQL
query whose execution results can accurately answer the question.
Evidence and the TAP can help you comprehend the database values and
the intended answer direction.

schema_linking = {schema_linking}

primary_keys = {primary_key}
foreign_keys = {foreign_key}

question = {question}
evidence = {evidence}

tentative_answer = "{Tentative_answer}"
answer_type = "{Answer_type}"
coT steps = "{CoT steps}"

Please only provide a valid SQLite SQL query and do not provide
unnecessary explanations.

SQL:
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