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Abstract
Answering natural language queries over re-
lational data often requires retrieving and rea-
soning over multiple tables, yet most retrievers
optimize only for query–table relevance and
ignore table–table compatibility. We introduce
REAR (Retrieve, Expand and Refine), a three-
stage, LLM-free framework that separates se-
mantic relevance from structural joinability
for efficient, high-fidelity multi-table retrieval.
REAR (i) retrieves query-aligned tables, (ii) ex-
pands these with structurally joinable tables via
fast, precomputed column-embedding compar-
isons, and (iii) refines them by pruning noisy or
weakly related candidates. Empirically, REAR
is retriever-agnostic and consistently improves
dense/ sparse retrievers on complex table QA
datasets (BIRD, MMQA, and Spider) by im-
proving both multi-table retrieval quality and
downstream SQL execution. Despite being
LLM-free, it delivers performance competi-
tive with state-of-the-art LLM-augmented re-
trieval systems (e.g., ARM) while achieving
much lower latency and cost. Ablations con-
firm complementary gains from expansion and
refinement, underscoring REAR as a practi-
cal, scalable building block for table-based
downstream tasks (e.g., Text-to-SQL). All code,
data, and supplementary resources are pub-
licly available at https://coral-lab-asu.
github.io/publication/REaR/..

1 Introduction

Retrieval in current Text-to-SQL pipelines is fun-
damentally myopic: it optimizes for query-table
relevance while ignoring table-table compatibility.
This mismatch creates a brittle handoff, retrievers
surface tables that look topically aligned, but lack
the join paths, key constraints, or schema alignment
needed for integration. Downstream, the semantic
parser inherits an incoherent candidate set, forcing
it to guess joins, drop constraints, or hallucinate
links, errors that propagate into invalid or incom-
plete SQL. In short, relevance-only retrieval starves

Figure 1: Overview of the REAR framework. (1) Re-
trieve: Select top-k relevant tables. (2) Expand: Aug-
ment with joinable tables using FAISS column search
and cross-encoder reranking (k → k’+∆k′ candidates).
(3)Refine: Score candidates by query relevance and ta-
ble joinability, rerank to final top-k. Top boxes: offline
preprocessing

the parser of relational context; without explicit
reasoning over joinability and connectivity, even a
“relevant” set of tables cannot be composed into a
correct query. The remedy is retrieval that jointly
scores (i) topical fit and (ii) relational fit, so Text-to-
SQL starts from a schema-aware, join-ready subset
rather than a bag of loosely related tables.

To address this, we introduce REAR (Retrieve,
Expand and Refine), a three-stage framework that
cleanly separates query-table from table-table rea-
soning to deliver efficient, high-fidelity multi-table
retrieval without any LLM calls. As illustrated
in Figure 1, REAR (i) retrieves tables that are

39360

https://coral-lab-asu.github.io/publication/REaR/
https://coral-lab-asu.github.io/publication/REaR/


semantically aligned with the query, (ii) expands
this set by adding tables that are structurally
joinable, and (iii) refines the pool by pruning noisy
items.

Our contributions are as follows:

• We introduce REAR, which separates query-
table relevance from table–table joinability, us-
ing precomputed column embeddings to identify
join-ready tables before effective precision filter-
ing.

• REAR eliminates LLM calls from retrieval, en-
hancing retrieval performance with substantially
lower latency and cost, making it practical for
large-scale real-world usage.

• REAR acts as a plug-and-play layer over stan-
dard retrievers, boosting recall (through expan-
sion) and precision (through refinement) without
modifying the base retriever.

• Extensive experiments on MMQA, BIRD, and
Spider show that REAR also improves down-
stream SQL execution accuracy, with ablations
validating the impact of each stage.

2 Methodology

Inspired by (Chen et al., 2024, 2025b; Dong et al.,
2023), an effective multi-table retriever should
jointly optimize query–table relevance and ta-
ble–table joinability. The former ensures that re-
trieved tables contain information germane to the
user query, whereas the latter guarantees that the
tables can be connected so that their evidence can
be composed to answer the query. As discussed in
Section 1, existing approaches frequently employ
LLMs during retrieval, which is often impractical
due to latency and cost. To mitigate these lim-
itations, we propose a top-k multi-table retrieval
pipeline that avoids online LLM usage by explicitly
modeling both objectives using offline embeddings
of tables, queries, and columns.

Given a query q, REAR comprises three stages:
retrieval, expansion, and refinement. (1) Retrieval:
a standard dense, sparse, or hybrid retriever selects
k′ base tables that are semantically relevant to q,
establishing query–table relevance. (2) Expansion:
∆k′ additional tables that are joinable with the base
set are introduced, promoting table–table joinabil-
ity. (3) Refinement: the (k′ + ∆k′) candidates
are reduced to k by jointly scoring relevance and
joinability, and the resulting set is returned as the

final top-k tables. Detailed specifications of these
stages are provided in Section 2.1, Section 2.2, and
Section 2.3.

2.1 Retrieval
For a user query q, the retrieval stage first identifies
a set of base tables Tbase ⊂ T that are semanti-
cally relevant to q to ensure query-table relevance,
where T denotes the full table corpus. These base
tables provide the foundation for subsequent stages,
which further account for table-table joinability.

Specifically, we compute a relevance score
s(q, ti) for each table ti ∈ T , rank all tables by
their scores in descending order, and select top-k′

tables: Tbase = {t(1), t(2), . . . , t(k′)}, where t(i) de-
notes the i-th highest-scoring table. The relevance
scoring function s(q, ti) varies by retriever type:

1. Sparse retrievers compute relevance using TF-
IDF scores based on term overlap between query
and table.

2. Dense retrievers compute relevance as cosine
similarity between learned query and table em-
beddings.

3. Hybrid retrievers combine both approaches:

shybrid(q, ti) = α · ssparse(q, ti)

+ (1− α) · sdense(q, ti)

where α ∈ [0, 1] is a weighting hyperparameter.

Further details on query-table relevance computa-
tion are provided in Appendix A.1.

2.2 Expansion
Although the base tables Tbase described in Sec-
tion 2.1 are semantically relevant to the user query
q, they may not be mutually joinable, which limits
their ability to compose information to address q.
To address this, we introduce an expansion stage
that explicitly adds tables joinable with the base
set, ensuring table-table joinability and thereby in-
creasing the likelihood of answering q. Concretely,
the expansion stage consists of two steps: detection
and reranking. We first identify tables from the
corpus T that are joinable with the base tables, and
then rerank these candidates by their query-table
relevance, yielding tables that are both joinable and
semantically relevant to the query.

Detection. Inspired by DeepJoin (Dong et al.,
2023), we identify joinable tables by measuring
the similarity between column embeddings from
pairs of tables. Formally, let C1(t) denote the set of
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columns in table t. For two tables ti, tj ∈ T , we
define them as joinable if:
joinable(ti, tj) = max

ci∈C1(ti),cj∈C1(tj)
sim(ci, cj) ≥ τ

where sim(ci, cj) is the cosine similarity between
column embeddings and τ is a threshold (set to 0.7
in our experiments). Unlike DeepJoin, which re-
lies on dataset-specific embedding models, we use
general-purpose pre-trained embeddings to ensure
cross-domain generalizability.

To construct a column embedding ec for column
c, we first serialize it by concatenating its name and
values into a text representation serialize(c), which
is then encoded using a dense embedding model
fenc: ec = fenc(serialize(c))

Since exhaustively comparing all column pairs
requires O(|T |2 · |Cavg|2) operations (where |Cavg|
is the average number of columns per table), we
leverage approximate nearest neighbor search algo-
rithms (Douze et al., 2024), enabling sublinear-time
retrieval of candidate column matches.

Finally, for each base table tb ∈ Tbase obtained
in Section 2.1, we enumerate its joinable tables to
form the candidate joinable set:

Tc =
⋃

tb∈Tbase

{t ∈ T | joinable(tb, t)}

Reranking. To filter tables that are semantically
distant from the user query, we rerank the candidate
joinable tables Tc using a cross-encoder reranker
r(q, t) that computes joint query-table representa-
tions. We rank all tables in Tc by their reranker
scores and select the top-(∆k′):

Tjoin = {t(1), t(2), . . . , t(∆k′)}
where t(i) denotes the i-th highest-scoring table
under r(q, ·). These filtered joinable tables are
combined with the base tables to form the expanded
set: Texpanded = Tbase ∪ Tjoin

2.3 Refinement
Finally, this stage is designed to restore precision.
While expansion adds potentially useful but noisy
tables, refinement filters and reprioritizes these can-
didates to produce a smaller, high-quality set of
tables that are both semantically relevant to the
query and structurally coherent with each other.
We refine the expanded set Texpanded (described in
Section 2.2) by selecting the final subset of tables
to return, jointly considering query–table relevance
and table–table joinability.

For each table Ti in the expanded set, we com-
pute a score S(Ti), which is then used to rank all

tables. The top-k tables with highest scores S(Ti)
are returned, where S(Ti) combines query-table
relevance and table-table joinability:

S(Ti) = C2(q, Ti) ·A(Ti)

where C2(q, Ti) and A(Ti) denote the query-table
relevance and table-table joinability, respectively,
and q is the user query.

Query-table relevance. We first compute the
similarity between the query q and Ti using a cross-
encoder model (detailed in Section 3.1), yielding
the score C2(q, Ti). We employ a cross-encoder
rather than embedding-based similarity for two key
reasons. First, cross-encoders enable fine-grained
token-level interactions between the query and ta-
ble schema through full self-attention, allowing the
model to identify subtle semantic relationships that
bi-encoders, which encode inputs independently,
cannot capture. Second, at this stage, we operate
on a small candidate set, making the computational
overhead of cross-encoders tractable while priori-
tizing scoring accuracy over inference speed. This
mirrors standard practice: bi-encoders for retrieval,
cross-encoders for reranking.

Table-table joinability. We then assess the rela-
tional coherence of Ti with respect to other tables
in the retrieved set.

A(Ti) = max(softmax(C2(Ti, Tj)) · C2(Ti, Tj))

For each table pair (Ti, Tj) where Tj is in the
neighborhood of Ti, we compute column-level sim-
ilarities using the same cross-encoder. Specifically,
for all column pairs between Ti and Tj , we re-
tain the maximum similarity score as the table-pair
score C2(Ti, Tj). This design leverages the obser-
vation that joinable columns sharing foreign key
relationships exhibit high semantic similarity.

We compute the attention score A(Ti) by apply-
ing softmax normalization over all table-table sim-
ilarity scores C2(Ti, Tj), selecting the maximum
normalized score, and scaling it by the correspond-
ing similarity value. This max operation suppresses
contributions from weakly-related tables.

3 Experiments

Our goal is to evaluate the effectiveness of the pro-
posed multi-table retrieval pipeline, REAR, which
introduces a novel retrieve–expand–refine process.
Compared to standard retrievers that lack the ex-
pansion and refinement stages, we aim to under-
stand the added benefits of these components in
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Table 1: Dataset statistics and characteristics

BIRD SPIDER MMQA
Avg. Rows per Table 52436.46 6742.46 1732.24
Avg. Columns per Table 10.64 5.51 5.77
Avg. Tables per Query 1.96 1.91 2.22
Total Databases 11 20 –
Total Tables 75 139 695
Total Queries 1534 1034 3312

our pipeline. Unlike LLM-based retrieval methods,
our approach avoids online LLM calls entirely.

For evaluation, we use complex open-domain
Text-to-SQL datasets as they require reasoning over
multiple tables to produce correct answers. These
datasets allow us to assess performance along two
axes: (1) whether gold tables are retrieved, cap-
turing retrieval performance, and (2) whether the
correct final answer is generated, capturing end-to-
end performance.

3.1 Experimental Setup

Datasets. We evaluate all methods on complex
text-to-SQL datasets that require reasoning over
multiple tables: MMQA (Wu et al., 2025), Spi-
der (Yu et al., 2018), and Bird (Li et al., 2023a).
Since most databases in Spider and Bird contain
at most 10 tables, retrieval in these cases is trivial:
for example, retrieving all 10 tables from a 10-
table database guarantees 100% recall. To create a
more challenging evaluation setting, we merge all
databases into a single corpus (statistics in Table 1).

Baselines. We compare our method with multiple
standard and LLM-based retrieval methods.

- For standard retrievers, we consider three
methods: sparse retrievers, dense retrievers, and
hybrid methods combining both. For sparse retriev-
ers, we employ the BM25 implementation from
(Robertson and Zaragoza, 2009) and Splade (Las-
sance and Clinchant, 2022). For dense retriev-
ers, we select lightweight models that rank highly
on the MTEB leaderboard, including UAE-Large-
V1 (Li and Li, 2024), GTE-large (Li et al., 2023b),
e5-mistral (Wang et al., 2023), and BGE-large-
en (Xiao et al., 2023). For hybrid retrievers, we
used Splade retriever’s hybrid version for a vast
coverage of different types of retrievers.

- For LLM-based retrieval methods, we evalu-
ate two approaches: JAR (Chen et al., 2024) and
ARM (Chen et al., 2025b). These methods dy-
namically determine the number of tables for SQL
generation rather than fixing it a priori.

Evaluation Metrics. We assess the performance
of different methods along two dimensions: re-
trieval performance and end-to-end performance.

- For retrieval performance, we report standard
precision and recall, along with a stricter metric we
call full recall, by comparing the retrieved tables
and the gold tables. Full Recall is a binary measure
indicating whether all gold tables appear in the
retrieved set, a necessary condition for generating
the correct final answer.

- For end-to-end performance, we use execu-
tion accuracy, which evaluates query correctness
by comparing the execution results of SQL state-
ments generated using the retrieved tables against
those of the gold SQL statements. The accuracy
is 1 if the results are the same and 0 otherwise.
While we evaluate retrieval quality and execution
accuracy, recent benchmarks (Choudhury et al.,
2025, 2026) highlight the importance of evaluat-
ing reasoning fidelity % against ground truth out-
puts. This metric is particularly significant as it
accounts for SQL’s expressiveness: multiple syn-
tactically distinct queries may produce identical
results, thereby emphasizing semantic correctness
over surface-form matching.

Implementation details. We generate table de-
scriptions to augment the original table schemas
for all methods, inspired by (Chen et al., 2025a).

For column encoding in the expansion stage, we
evaluated several state-of-the-art embedding mod-
els from the MTEB leaderboard, including bge-
large-en, Qwen-Embedding (Zhang et al., 2025b),
and Gemini-Embeddings (Lee et al., 2025). Based
on our experiments, we adopted bge-large-en,
which achieves performance comparable to larger
models while maintaining computational efficiency.
(More details in appendix A)

We fixed the number of joinable tables to 3 for all
main experiments. We do this since most queries
in our target datasets require 3 or less than 3 ta-
bles to answer the questions and to maintain the
computational efficiency of our pipeline. We em-
ploy Jina-reranker as the reranker, a state-of-the-art
and computationally efficient reranking model. In
the refinement stage of our retrieval pipeline, we
used Jina-reranker as the cross-encoder. For SQL
generation, we employ both small and large lan-
guage models: Gemini-2.0-Flash, Llama-3.2-3B,
and Gemma-3-4B.

For indexing, each table is serialized into a com-
pact structured text format comprising the full
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Table 2: Retrieval performance of standard retrievers and our REAR pipeline (“Retrieval”, “+Expansion”,
“+Refining”). The expansion stage of our method expands the set of candidate tables to 8, and the refinement stage
reduces the set of tables to 5. Bold and underline numbers denote best and second-best, respectively.

BIRD MMQA Spider
Recall Precision Full Recall Recall Precision Full Recall Recall Precision Full Recall

Dense Retrievers
BGE (Top 8) 96.11 23.88 91.53 79.29 21.94 60.18 97.92 18.54 96.62
Retrieval (Top 5) 90.70 35.64 81.75 72.03 31.78 48.53 96.69 29.20 94.19

+Expansion 96.51 24.66 93.16 87.40 24.31 74.71 98.84 18.76 98.55
+Refining (REAR) 93.32 35.90 86.42 82.78 36.70 65.83 96.69 29.26 95.94

UAE (Top 8) 94.72 23.92 89.37 81.28 22.49 64.29 99.10 18.77 98.45
Top 8 + Reranker 92.50 37.03 86.33 78.41 34.68 58.80 97.00 29.90 96.30
Retrieval (Top 5) 90.68 36.09 82.79 73.92 32.61 52.27 98.06 29.75 96.61

+Expansion 96.81 25.26 93.42 87.91 24.44 75.64 99.32 18.88 99.13
+Refining (REAR) 93.96 36.33 87.29 83.19 36.86 66.61 98.50 29.61 97.68

GTE (Top 8) 92.54 22.82 85.40 73.25 20.17 53.34 98.03 18.59 97.00
Retrieval (Top 5) 87.46 34.05 76.60 64.95 28.52 41.93 94.25 28.22 89.85

+Expansion 96.17 24.24 92.13 85.72 23.80 72.53 98.79 18.75 98.45
+Refining (REAR) 92.85 35.70 84.95 81.65 36.17 64.32 97.10 29.28 96.03

e5 (Top 8) 95.17 22.90 89.57 77.75 21.68 58.59 97.59 18.38 96.22
Retrieval (Top 5) 90.49 34.41 81.49 69.96 31.09 45.94 94.96 28.45 91.50

+Expansion 95.38 23.25 90.66 87.40 24.31 74.74 98.59 18.68 98.16
+Refining (REAR) 92.18 35.40 83.82 83.57 37.08 67.37 96.94 29.23 95.84

Sparse Retrievers
BM25 (Top 8) 88.28 21.41 77.25 79.32 22.09 58.90 95.08 17.84 91.10
Retrieval (Top 5) 81.10 31.21 65.65 73.16 32.48 48.42 91.02 27.16 84.82

+Expansion 93.71 23.08 88.40 87.62 24.40 75.03 98.55 18.70 98.07
+Refining (REAR) 91.04 34.86 82.72 83.69 37.16 67.43 96.76 29.21 95.74

SPLADE (Top 8) 96.02 23.83 91.4 82.18 22.82 64.26 91.04 17.14 86.84
Retrieval (Top 5) 90.97 35.69 81.75 75.91 33.57 53.9 81.14 24.31 71.76

+Expansion 97.67 24.07 94.58 88.99 24.76 77.66 99.17 18.65 98.83
+Refining (REAR) 94.15 36.08 87.16 83.86 37.16 67.79 97.22 29.34 96.32

Hybrid Retrievers
SPLADEHybrid (Top 8) 96.08 23.83 91.05 84.82 23.5 68.97 95.48 24.97 93.35
Retrieval (Top 5) 92.49 35.96 84.06 78.4 34.59 57.13 85.46 29.46 75.04

+Expansion 97.27 23.88 93.81 89.19 24.79 77.69 96.74 18.24 95.55
+Refining (REAR) 93.88 36.43 86.64 83.71 37.11 67.2 96.47 29.07 94.97

schema, an offline-generated table description, and
a truncated data block of 8–10 representative rows
to stay within embedding token limits. Column
values are separated by | and rows by ||, pre-
serving column order and row boundaries in an
embedding-friendly format. All column names are
always retained; only the data block is truncated.
This retains the table’s schema, value patterns, and
semantic signals sufficient for retrieval, as REAR’s
join-aware expansion compensates for the absence
of full row dumps by leveraging structural inter-
table relationships (a representative serialization
example is provided in Appendix A).

3.2 Results and analysis

How do the Expansion and Refinement stages
contribute to improvements in retrieval perfor-
mance over standard top-k baselines? To iso-
late the contributions of our pipeline’s core com-
ponents, we first analyze their impact on retrieval
metrics. As shown in Table 2, both stages pro-

vide substantial benefits over a standard “Retrieval
(Top 8)” baseline. Focusing on the BIRD dataset
with the UAE dense retriever, the Expansion stage
significantly enhances the chance of retrieving the
complete set of gold-standard tables, boosting the
“Full Recall” metric from 82.79% to 93.42%, an
absolute improvement of 10.63 points. While this
stage axiomatically lowers precision by increas-
ing the candidate set size, the subsequent Refine-
ment stage effectively re-optimizes the precision-
recall balance. The complete “+Refining” pipeline
achieves a Full Recall of 87.29%, which remains
nearly 5 points higher than the baseline, while con-
currently maintaining precision, i.e., from 36.09%
to 36.33%. This demonstrates that the refinement
mechanism removes noisy expansion candidates
while retaining semantically vital tables

Within the Expansion stage, is a join-aware ex-
pansion strategy more effective than simply in-
creasing the number of initial retrieved tables?
A central hypothesis of our work is that a join-
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Table 3: SQL execution accuracy at each stage of the REAR pipeline (“Retrieval”, “+Expansion”, “+Refining”)
compared to baseline retrieval methods. UAE-V1-Large is used as the dense retriever for optimal performance, with
Splade-Sparse and Splade-Hybrid as the sparse and hybrid retrievers, respectively. Bold and underline numbers
denote best and second-best, respectively, excluding Oracle.

BIRD SPIDER MMQA
Dense Sparse Hybrid Dense Sparse Hybrid Dense Sparse Hybrid

Gemini 2.0 Flash
Oracle Retrieval 50.39 76.98 53.9
Retrieval (Top 8) 38.33 41 41.91 69.54 64.02 70.79 30.67 33.19 35.16

Oracle Prune 46.21 45.83 46.98 76.20 68.76 74.75 43.83 37.94 42.37
Retrieval (Top 5) 37.87 37.03 39.84 69.44 57.54 46.9 26.73 30.82 32.96

+Expansion 42.24 41.13 42.91 69.34 70.79 70.9 37.45 37.84 37.88
+Refining (REAR) 43.09 41.54 40.76 69.93 70.8 71.8 38.87 37.87 38.15
Oracle Prune 47.96 49.15 48.72 76.50 76.46 74.95 43.92 43.74 47.08

Llama-3.2-3b
Oracle Retrieval 15.71 40.03 30.12
Retrieval (Top 8) 9.12 9.58 10.12 17.41 16.24 17.98 12.85 12.24 13.94

Oracle Prune 14.46 14.64 15.07 39.55 35.1 39.36 22.3 22.42 24.02
Retrieval (Top 5) 9.32 11.15 10.58 18.96 17.69 11.41 13.28 14.15 13.85

+Expansion 9.13 9.45 10.05 18.57 19.24 18.08 13.09 13.4 13.91
+Refining (REAR) 11.55 11.91 11.38 19.34 19.53 19.05 14.39 14.51 14.12
Oracle Prune 14.69 15.23 15.17 24.31 39.36 39.16 25.62 25.56 26.01

Gemma-3-4b
Oracle Retrieval 26.27 47.38 21.24
Retrieval (Top 8) 13.89 12.91 14.31 17.4 17.31 15.76 8.66 8.54 8.84

Oracle Prune 24.31 24.69 25.49 47 42.06 47.29 16.4 16.39 17.11
Retrieval (Top 5) 17.6 16.62 17.24 21.76 19.92 20.11 9.8 8.99 10.26

+Expansion 15.67 13.82 17.18 16.83 18.66 17.5 8.6 8.93 9.08
+Refining (REAR) 17.97 17.21 17.64 22.02 24.68 21.4 11.4 10.14 10.59
Oracle Prune 24.67 25.62 25.9 47.3 46.7 47.19 18.5 18.89 18.38

aware structural expansion is superior to a naive
k-augmentation strategy. The data in Table 2 vali-
dates this assertion. Employing the BGE retriever
on the BIRD dataset, a standard “Retrieval (Top 8)”
approach yields a Full Recall of 91.53%. In con-
trast, our method, which initiates with 5 tables and
intelligently expands the set to 8 (“+Expansion”),
achieves a superior Full Recall of 93.16%. This
pattern across retrievers and datasets shows that
modeling inter-table joinability is more effective
for recall than increasing the retrieval window.

Furthermore, results validate that REAR is not
just a stronger reranker but a retrieval frame-
work capable of recovering tables that semantic
retrieval alone cannot detect. While the “Top-8 +
Reranker” baseline improves precision, it fails to
recover essential tables that fall outside the ini-
tial retrieval window, particularly on reasoning-
intensive datasets like MMQA where it achieves
a Full Recall of only 58.80%. In contrast, REAR
explicitly discovers join-compatible tables through
its expansion stage, achieving a significantly higher
Full Recall of 66.61% on MMQA and 93.42% on
BIRD. This confirms that join-aware expansion
adds critical value beyond pure semantic reranking,
especially in high-reasoning, multi-table settings.

To what extent do gains in retrieval performance
from the REAR pipeline lead to improvements
in downstream end-to-end SQL execution accu-
racy? Ultimately, an advanced retriever is only
as valuable as its ability to produce more accurate
SQL queries. Table 3 reveals a direct and positive
propagation of retrieval gains to end-to-end perfor-
mance. Using the UAE dense retriever and Gemini
2.0 Flash on the BIRD dataset, the baseline “Re-
trieval (Top 5)” yields an execution accuracy of
37.87%. The introduction of the Expansion stage
elevates this accuracy to 42.24% (+4.37 points),
indicating that a more complete schema context
directly mitigates downstream generation errors.
The full REAR pipeline with Refinement further
improves accuracy to 43.09%, demonstrating that
by increasing the signal-to-noise ratio in the re-
trieved table set, our pruning mechanism provides
a cleaner, higher-fidelity context to the generator,
culminating in the best end-to-end performance.

Does the improved retrieval performance of the
REAR pipeline hold consistently across differ-
ent SQL generation models? To validate the
model-agnostic nature of our retrieval framework,
we evaluated its impact across three distinct LLMs.
The results in Table 3 demonstrate that the ben-
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Table 4: REaR against LLM-based methods on retrieval quality and SQL execution accuracy on different datasets
across multiple LLMs. "-Desc." represents performance without offline computed LLMs table descriptions. MURRE
SQL accuracy is on gpt-3.5-turbo. Bold and underline numbers denote best and second-best, respectively; "-"
denotes unavailable results.

BIRD Spider
Retrieval SQL Execution Accuracy Retrieval SQL Execution Accuracy

Precision Recall RecallFull LLAMA GPT Gemini Precision Recall RecallFull LLAMA GPT Gemini
ARM 42.7 96.5 92.7 20.6 32.4 30.4 28.28 83.90 80.08 - - -
JAR 40.3 89.9 77.9 20.07 25.2 29.1 41.9 97.8 96.23 56.8 70.0 75.7
ReAcT 15.0 96.7 93.5 4.7 25.4 - - - - - - -
MURRE - 87.6 80.1 - 21.8 - - 94.3 93.5 - 64.4 -
REAR 36.1 93.9 87.3 22.1 27.9 34.0 29.6 98.5 97.7 58.3 73.2 74.3
–Desc. 34.7 91.1 81.1 21.57 26.92 32.37 29.1 96.8 95.6 51.1 55.5 66.7

efits of REAR are robust and generalize consis-
tently. For the dense retriever on BIRD, the full

“+Refining” pipeline improved execution accuracy
over the “Retrieval (Top 5)” baseline for all mod-
els: from 37.87% to 43.09% for Gemini 2.0 Flash,
from 9.32% to 11.55% for Llama-3.2-3B, and from
17.6% to 17.97% for Gemma-3-4B. This consis-
tent performance uplift, irrespective of the genera-
tor’s scale or architecture, confirms that providing
a high-quality, well-pruned set of tables is a fun-
damental improvement at the retrieval level that
robustly enhances end-to-end SQL performance.

How much gap does our approach close w.r.t.
to human retrieval and human pruning? We
compare REAR against two oracle baselines: Ora-
cle Retrieval, where a human perfectly selects the
relevant set of tables, and Oracle Prune, where a
human perfectly prunes a candidate set, either from
standard retrieval or after our method expansion.
Across all three models (Gemini 2.0 Flash, LLaMA
3.2-3B, and Gemma 3 4B (Team et al., 2025)) and
datasets (BIRD, SPIDER, and MMQA), Oracle Re-
trieval consistently yields significantly higher accu-
racy than standard retrievers, highlighting the large
gap between current retrieval quality and the up-
per bound. This oracle-prune benefit is especially
pronounced for weaker models: LLaMA-3.2-3B
improves from 9.32% to 14.69% (+5.14 points) on
BIRD, confirming that retrieval noise is a critical
bottleneck for smaller models that lack the implicit
robustness of larger LLMs.

Our REAR pipeline closes much of this gap by
combining recall-oriented expansion with refine-
ment, which effectively prunes irrelevant candi-
dates and brings performance close to the Oracle
Prune upper bound. On MMQA with Gemini, Hy-
brid accuracy rises from 32.96% (Top-5) to 38.15%
after refinement, compared to 47.08% for Oracle
Prune after expansion recovering over 5.19% of the
potential gain. On SPIDER, refinement achieves

70.9%, just 4 points below the 74.95% Oracle score.
Even in smaller models, refinement consistently
improves over naive expansion and captures much
of the oracle-level benefit. These results demon-
strate that our method maintains precision while
improving recall for multi-table reasoning.

How does the REAR pipeline compare to state-
of-the-art LLM-based retrieval methods in
terms of both retrieval quality and end-to-end
execution accuracy? A primary objective of this
work is to achieve comparable performance with
computationally expensive LLM-based retrieval
systems. The benchmarks in Table 4 confirm
REAR’s success in this regard. On the BIRD
dataset, our method records a SQL execution ac-
curacy of 34.00% with the Gemini model, out-
performing the ARM baseline of 30.42%. On
Llama, REAR maintains competitive performance
at 22.1%, outperforming ARM (20.6%) and sig-
nificantly outperforming ReAct (Yao et al., 2022).
On retrieval quality, our method achieves superior
recall of 93.9% and full recall of 87.3%, compared
to MURRE’s 87.6% and 80.1%, respectively. Sim-
ilarly, on the Spider dataset, our Gemini-based re-
sult of 74.3% is highly competitive with JAR’s
reported accuracies. The retrieval quality metrics
further validate our approach: REAR achieves con-
sistently high full recall@k of 87.3% (BIRD) and
97.7% (Spider), where missing key tables leads
to cascading SQL generation failures. These out-
comes are significant, proving that an efficient, non-
LLM retrieval architecture can match or exceed the
performance of methods that rely on costly iterative
LLM reasoning for retrieval.

The retrieval results further illuminate an impor-
tant precision-recall dynamic. While LLM-based
methods such as ReAcT achieve marginally higher
recall (96.7% vs. 93.9% on BIRD), this does not
translate to better SQL accuracy. ReAcT’s execu-
tion accuracy collapses to just 4.7% with Llama,
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demonstrating that high recall with low precision
actively harms downstream generation. REAR’s
refinement stage deliberately trades a small amount
of recall for higher precision, producing candidate
sets that are both sufficiently complete and substan-
tially cleaner, which is what enables it to outper-
form all baselines in end-to-end execution accuracy
despite not achieving the absolute highest recall.

What computational efficiency advantages does
the REAR pipeline offer over LLM-based re-
trieval approaches? Beyond raw performance,
computational overhead is a critical vector for eval-
uating real-world viability. As quantified in Table
5, the efficiency gains of our LLM-free retrieval ar-
chitecture are an order of magnitude. On the BIRD
dataset, the REAR pipeline requires an average of
only 1,533.89 tokens per query for the final SQL
generation step. In stark contrast, the LLM-guided
ARM retriever consumes 19,747.58 tokens. This
represents a 92.24% reduction in token consump-
tion, underscoring the profound cost and latency
advantages inherent to our design. This level of
efficiency makes REAR a far more scalable and
economically viable solution for latency-sensitive,
production-scale environments.

Table 5: Cost comparison with LLM-based methods
based on number of tokens

Tokens #Input # Output # Total
ARM 19307.34 440.24 19747.58
MURRE 16055 1600 17655
JAR 2140.04 81.74 2221.78
REAR 1492.47 41.41 1533.89

Does the token efficiency of REAR translate to
tangible latency advantages over LLM-based
retrieval methods in practice? Beyond token
consumption, we measure wall-clock latency to as-
sess real-world viability, reported in Table 6. On
BIRD, REAR processes each query in 7.09 sec-
onds on average, compared to 29.03 seconds for
ARM (∼4.1× faster) and 32.55 seconds for JAR
(∼4.6× faster). A similar trend holds on Spider,
where REAR achieves 6.99 seconds per query ver-
sus 24.16 seconds for ARM (∼3.4× faster) and
20.43 seconds for JAR (∼2.9× faster). ARM’s
elevated latency stems from multiple sequential
LLM calls per query, while JAR incurs overhead
from solving an integer linear programming prob-
lem per query. In contrast, REAR pre-computes

all heavy computation offline, keeping query-time
complexity to O(KT ), where T is the total number
of tables and K ∈ [5, 8] is the candidate set size.

Table 6: Query time comparison across datasets

Method
Bird

(per query in s)
Spider

(per query in s)
ARM 29.03 24.16
JAR 32.55 20.43
REAR 7.09 6.99

4 Ablation Studies

We conduct ablation studies to isolate the contribu-
tion of each component in REAR: base retrieval,
expansion through joinability discovery, and re-
finement via attention-inspired pruning. Figure 2
presents the cumulative performance gains, aver-
aged across three datasets with UAE retrieval at
each stage.

Expansion. We isolate the effect of expansion
by comparing base retrieval (BR) against retrieval
with expansion only (REAR w/o Refinement).
Here we naively prune the tables after expansion
using query-table similarity computed with the
cross encoder. Expansion yields +4.76 points in
PR (77.72% → 82.48%) and +3.21 points in R
(87.55% → 90.76%). This confirms joinability-
based expansion recovers relevant tables missed by
semantic retrieval alone.

Figure 2: The average recall and Full Recall of base
retrieval (UAE) and our method with modules removed:
REAR(-Expansion), REAR(-Refinement), and REAR
for the top-5 retrieved objects across Bird, MMQA, and
Spider

Refinement. We isolate the effect of refinement
by comparing base retrieval (BR) against retrieval
with refinement only (REAR w/o Expansion).
Refinement yields +2.82 points in PR (77.72%
→ 80.54%) and +2.14 points in R (87.55% →
89.69%). Without expansion, refinement still im-
proves performance by applying cross-encoder
scoring to better rank the initial candidate set, filter-
ing out weakly related tables while retaining those
most likely to contribute to correct SQL generation.
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Combined Effect. The full pipeline (REAR)
achieves 83.86% PR and 91.83% R, representing
total gains of +6.14 points in PR and +4.28 points
in R over the baseline. Comparing REAR against
each ablated variant reveals the synergistic effect:
adding refinement to expansion contributes an ad-
ditional +1.38 points in PR (82.48% → 83.86%)
and +1.07 points in R (90.76% → 91.83%), while
adding expansion to refinement contributes +3.32
points in PR (80.54% → 83.86%) and +2.14
points in R (89.69% → 91.83%).

This dual benefit validates our design: expansion
maximizes coverage by discovering joinable ta-
bles, while refinement maintains precision by prun-
ing noise through multi-faceted relevance scoring.
This structured approach is particularly valuable
for smaller language models, which lack the im-
plicit filtering capabilities of larger models and thus
benefit more from explicit noise reduction.

5 Related Work

Multi-Table Retrieval Recent efforts have
moved beyond single-table retrieval to handle com-
plex, cross-domain schemas. JAR (Chen et al.,
2024) employs integer linear programming for ta-
ble selection, while ARM (Chen et al., 2025b) uti-
lizes an alignment-oriented, iterative LLM-guided
process. Other approaches, such as MURRE
(Zhang et al., 2025a), introduce multi-hop retrieval
with removal to traverse relational paths. While
high-performing, these methods frequently rely on
dynamic LLM reasoning or iterative calls during re-
trieval, which significantly increases computational
latency and cost.

Schema-Aware Retrieval Incorporating struc-
tural signals into retrieval is a growing focus.
Schema-linking methods like E-SQL (Caferoğlu
and Ulusoy, 2024) and RSL-SQL (Cao et al., 2024)
attempt to identify relevant columns and tables
through question enrichment and robust linking.
DeepJoin (Dong et al., 2023) utilizes column-level
embeddings to score semantic joinability. Further-
more, join-aware methods like CORE-T (Soliman
et al., 2026) explicitly model table-table compati-
bility during the selection phase. Our work, REAR,
differs by providing an entirely LLM-free frame-
work that captures these structural signals using
precomputed embeddings, ensuring high-fidelity
retrieval at a fraction of the cost.

Efficient Retrieval Frameworks Modular sys-
tems like CRAFT (Singh et al., 2025) emphasize
training-free cascaded retrieval for tabular question
answering. While such frameworks improve ef-
ficiency, they primarily focus on cascade design
rather than explicitly modeling table-table joinabil-
ity. Similarly, recent methods explore using LLMs
to enrich indices offline (Chen et al., 2025a) or
leveraging generalizable embeddings from foun-
dation models (Lee et al.). REAR complements
these studies by introducing a dedicated expansion
stage based on join-aware structural reasoning, op-
timized for both recall and precision.

6 Conclusion

We introduce REAR: a three-stage (Retrieve, Ex-
pand, Refine) framework that jointly optimizes
query-table relevance and table-table joinability.
REAR retrieves semantically relevant tables, ex-
pands with structurally joinable candidates via pre-
computed column embeddings, and refines with
precision-focused pruning, enabling efficient, high-
fidelity multi-table retrieval without online LLM
calls. Across BIRD, MMQA, and Spider, REAR
consistently improves retrieval and the resulting
SQL execution accuracy. Despite being LLM-free,
it performs on par with state-of-the-art LLM-based
systems (ARM, JAR) while using fewer tokens,
making it practical at scale. These results high-
lights that explicitly modeling table–table compati-
bility is crucial for effective multi-table retrieval.

We will extend REAR in four directions: (1)
richer join patterns, supporting n-ary and condi-
tional joins with join-path discovery under struc-
tural constraints and cost-based optimization; (2)
learned joinability signals that blend schema meta-
data, FK structure, and column-embedding similar-
ity to predict valid joins while suppressing spurious
ones; (3) adaptive expansion that balances recall
and latency by adjusting depth to query complexity
via query-aware heuristics or reinforcement learn-
ing; and (4) execution-in-the-loop refinement, us-
ing lightweight SQL feedback and counterfactual
probes to iteratively prune candidates and improve
end-to-end SQL accuracy.

Limitation

Our work focuses on static relational databases
with explicit schema structures, limiting explo-
ration of other data paradigms such as NoSQL
databases, knowledge graphs, and dynamically
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evolving schemas that require real-time index up-
dates. While REAR demonstrates effectiveness on
merged database corpora, true cross-database re-
trieval scenarios involving distributed systems with
heterogeneous schema conventions remain unex-
plored. Additionally, our evaluation is confined
to single-turn text-to-SQL queries; multi-turn con-
versational scenarios where context accumulates
across interactions and previous retrieval decisions
influence subsequent queries present unique chal-
lenges our current framework does not address. Ex-
tension to multilingual scenarios, databases with
implicit or complex join patterns (multi-hop joins,
self-joins, non-equi joins), and semi-structured or
hierarchical data representations requires further
investigation. These limitations suggest important
directions for future work in building more robust
and generalizable multi-table retrieval systems.
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results.
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Dense Retrieval. Dense retrievers encode both
the query and table representations into a shared
semantic embedding space. Given a query q and a
table ti, we compute:

scoredense(q, ti) = sim(eq, eti)

where eq and eti are the embeddings of the query
and table respectively, and sim(·, ·) is typically co-
sine similarity. Dense retrievers excel at capturing
semantic similarity and can match queries to tables
even when there is no lexical overlap. They are
particularly effective at understanding paraphrases,
synonyms, and conceptual relationships between
the query and table content.

Sparse Retrieval. Sparse retrieval methods
score tables based on term frequency and inverse
document frequency, capturing exact keyword
matches. For a query q and table ti, the sparse
retrieval score is computed based on lexical match-
ing:

scoresparse(q, ti) =
∑

w∈q

IDF(w)·

f(w, ti) · (k1 + 1)

f(w, ti) + k1 · (1− b+ b · |ti|
avgdl )

where f(w, ti) is the frequency of term w in
table ti, |ti| is the table length, avgdl is the average
table length, and k1 and b are tuning parameters.
Sparse methods provide strong baselines and excel
when queries contain specific technical terms or
entity names that appear verbatim in table schemas
or data.

Hybrid Retrieval. We also explore hybrid ap-
proaches that combine dense and sparse signals to
leverage both semantic understanding and exact
matching capabilities. The hybrid score is com-
puted as a weighted combination:

scorehybrid(q, ti) = α · scoredense(q, ti)+

(1− α) · scoresparse(q, ti)

where α is a hyperparameter balancing the two
retrieval paradigms. Hybrid methods aim to capture
the complementary strengths of both approaches:
the semantic understanding of dense retrievers and
the precision of sparse keyword matching.

Standard retrievers compare the query q against
individual tables in isolation, selecting the top-k
based solely on query-table semantic similarity.
It does not consider the implicit relationships be-
tween the tables.

A.2 Prompts and Experimental Setup
A.2.1 Experimental Setup
We run all our experiments on Nvidia A6000 GPU
with 48GB of VRAM, and 120 GB RAM.

Table Description Generation
We use the following prompt for generating table
descriptions before running our pipeline:
prompt = f""" You are a database

documentation expert. Analyze this
database table variant and create a
comprehensive description for
retrieval and search purposes.

Table Name: {table_sample[’table_name ’]}
Variant ID: {table_sample[’variant_id ’]}

(Variant #{ table_sample[’variant_
index ’] + 1})

Columns: {’, ’.join(table_sample[’
columns ’])}

Total Rows in this variant: {table_
sample[’total_rows_in_variant ’]}

Sample Data (first 10 rows):
{json.dumps(table_sample[’sample_data ’],

indent =2)}

Create a detailed table description that
includes:
1. What this table represents and

its main purpose
2. Columns and their roles

The description should be 2-4 sentences
long , informative , and optimized for
database retrieval systems. Focus

on being descriptive yet concise ,
and highlight what makes this
variant unique.

Table Variant Description:"""

We use GEMINI-1.5-FLASH for generating
prompts with temperature=0.3 and max to-
kens=800.

Table Serialization Format
Each table is serialized into a compact structured
text format comprising the full schema, an offline-
generated description, and a truncated data block.
Column values are separated by | and rows by a
horizontal rule, preserving column order and row
boundaries in an embedding-friendly format. For
large tables, the data block is truncated to 8–10
representative rows to stay within embedding to-
ken limits while retaining sufficient schema and
value-pattern signals for retrieval. Below is a repre-
sentative example of the serialized format used for
indexing:
Table Name: department
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Columns: department_id, name , creation ,
ranking ,

budget_in__billions , num__
employees

Description: Table ‘department ‘ catalogs
15 government

departments , providing their ID, name ,
founding year

(" creation "), a ranking , budget (in
billions of USD),

and number of employees ...

First 10 rows of data:
department_id | name | creation |

ranking | budget_in__billions | num_
_employees

----------------------------------------
------------------------------------
----

1 | State | 1789 | 1 | 9.96 | 30266.0
2 | Treasury | 1789 | 2 | 11.1 |

115897.0
3 | Defense | 1947 | 3 | 439.3 |

3000000.0
...
10 | Housing and Urban Development |

1965 | 10 | 46.2 | 10600.0

SQL Generation
We use the following prompt for SQL generation:

prompt = f"""You are an expert SQL query
generator. Given the following

tables and a natural language
question , generate a precise SQL
query that answers the question.

AVAILABLE TABLES:
{tables_info}

QUESTION: {question}

INSTRUCTIONS:
1. Analyze the question carefully to

understand what information is being
requested

2. Identify which tables and columns are
needed from the available tables

3. Generate a syntactically correct SQL
query that answers the question

4. Use appropriate JOINs if multiple
tables are needed

5. Apply proper filtering , grouping , and
ordering as required

6. Use the exact column names as shown
in the schema

7. Be careful with column names that
contain spaces - use backticks or
quotes as needed

8. Return ONLY the SQL query without any
explanation or markdown formatting

SQL QUERY:"""

For all LLMs, we use temperature 0.2, top-k
sampling with k = 1, top-p sampling with p = 1.0,
maximum token length of 500, and random seed
42. We access GPT-4o-mini via OpenAI’s API,

Gemini-2.0-Flash via Google’s API (Team et al.,
2023), and other models via DeepInfra’s API.

A.3 Joinability analysis
We adapt the column-level joinability approach
from DeepJoin (Dong et al., 2023) to discover
additional relevant tables. While DeepJoin fine-
tunes a language model on the table corpus, we
use a general-purpose embedding model to avoid
the computational overhead of fine-tuning while
achieving comparable performance. We adopt
DeepJoin’s column description format:

Name Pattern
title-colname-stat-col $table_title$.$colname-stat-col$

We construct a column-level vector index by em-
bedding all columns in the database and indexing
them using FAISS for efficient approximate nearest
neighbor search. Given the initially retrieved ta-
bles, we query this index to find columns with high
similarity to those in the retrieved set, explicitly ex-
cluding tables already present to avoid redundancy.
This yields a ranked list of candidate tables based
on column-level joinability.

To select tables for expansion, we rerank these
candidates using Jina-Reranker-v2 based on query-
table relevance and add the top-3 tables to the re-
trieved corpus. We choose to evaluate on 3 of
the top models in the MTEB leaderboard: Qwen3-
embedding-0.6B (Zhang et al., 2025b), gemini-
embedding-001 (Lee et al., 2025), and bge-large-en.
Table 7 compares embedding models for this task
on MMQA with e5-mistral retrieval. We select bge-

Table 7: Comparison of various expansion models eval-
uated on MMQA using e5-mistral.

Model Precision Recall Full
Recall

bge-large-en 24.31 87.39 74.73
gemini-embedding-001 24.47 87.85 75.83
Qwen3-embedding-0.6B 23.91 85.78 72.56

large-en for this component due to its strong bal-
ance of performance and efficiency. While gemini-
embedding-001 achieves marginally higher recall
(+0.46pp) and full recall (+1.1pp), bge-large-en
offers comparable performance with significantly
lower computational cost and greater accessibility
for reproduction.

A.4 Pruning Techniques
We evaluated multiple pruning strategies to opti-
mize table selection, ultimately adopting the Re-
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Table 8: Retrieve, Expand, and Refine comparison grouped by number of tables.

#Table #Q Approach Dense SPARSE Hybrid
R P FR SQL R P FR SQL R P FR SQL

BIRD

1 361
Retrieve 96.7 20.8 96.7 46.7 97.8 20.5 97.8 49.6 98.9 20.8 98.9 50.3
Expand 97.9 13.0 97.9 48.1 99.5 12.8 99.5 49.8 99.5 12.8 99.5 49.9
Refine 97.8 19.6 97.8 50.0 99.2 19.8 99.2 49.8 99.2 19.8 99.2 54.3

2 924
Retrieve 91.8 38.7 85.5 37.8 91.6 37.8 84.9 35.7 92.8 38.3 86.2 37.9
Expand 97.6 26.6 95.6 40.8 98.4 25.0 97.0 39.5 97.9 24.9 96.2 39.6
Refine 95.1 38.0 90.7 39.1 94.9 38.0 90.0 40.5 94.6 37.8 89.5 39.6

3+ 249
Retrieve 77.7 50.1 52.6 25.1 78.9 50.0 47.0 23.7 82.0 52.3 54.4 26.2
Expand 92.1 37.1 78.2 39.1 92.5 36.5 78.7 34.9 91.6 36.2 76.7 31.7
Refine 84.3 52.9 59.4 32.2 84.0 52.6 59.0 27.7 83.6 52.4 57.8 25.7

MMQA

2 2591
Retrieve 76.2 30.5 58.3 34.65 77.7 31.1 59.4 35.39 80.9 32.4 64.4 35.9
Expand 89.1 22.3 79.5 43.4 89.9 22.5 80.7 42.18 90.4 22.6 81.6 39.9
Refine 85.1 34.0 72.1 42.2 85.6 34.2 72.6 41.8 84.0 33.6 69.9 41.3

3+ 721
Retrieve 65.7 40.3 30.5 25.17 69.5 42.6 34.1 23.71 69.4 42.6 31.1 24.1
Expand 83.7 32.2 61.9 31.8 85.8 33.0 66.9 32.78 84.7 32.7 63.7 33.5
Refine 76.4 47.0 47.0 31.1 77.6 47.7 50.5 32.2 72.7 44.8 38.7 31.8

SPIDER

1 585
Retrieve 96.8 19.8 96.8 75.5 81.2 16.2 81.2 66.9 87.7 17.5 87.7 52
Expand 99.2 12.6 99.2 76.0 99.2 12.4 99.2 78.0 96.1 12.0 96.1 78.6
Refine 98.6 20.2 98.6 76.0 96.4 19.3 96.4 77.4 95.9 19.2 95.9 77.7

2 383
Retrieve 95.6 38.5 91.1 66.3 82.1 32.9 64.2 48.3 80.3 32.1 61.4 39.9
Expand 99.5 25.0 99.0 65.3 99.1 24.8 98.2 66.1 97.7 24.4 95.3 65.3
Refine 97.6 39.3 95.3 65.3 98.4 39.4 96.9 66.8 97.5 39.0 95.0 65.8

3+ 66
Retrieve 93.9 58.6 83.3 34.9 75.0 46.4 31.8 30.3 80.1 49.4 42.4 33.3
Expand 100.0 38.9 100.0 36.4 100.0 38.7 100.0 36.4 97.5 37.8 92.4 39.4
Refine 95.5 59.6 86.4 36.5 97.5 60.3 92.4 37.9 95.5 59.1 86.4 40.9

finement approach described in appendix A.4.1.
Table 9 presents results for various pruning meth-
ods on MMQA using the UAE retriever. We report
on MMQA rather than BIRD or Spider because
the performance differences between methods are
more pronounced on this dataset, allowing clearer
comparison of pruning strategies. The experimen-
tal variants are described below:

A.4.1 Pruning With Alpha-Beta
In this method we compute the query-table and
table-table scores using a cross-encoder model
(Jina reranker). Based on the intuition that columns
across two tables are joinable will have high sim-
ilarity, we compute column-column scores pair-
wise between all the tables across the retrieved
table corpus and take the maximum score across
the columns of a pair of tables as the final score
between those two tables. We also compute the
table-query score using the same cross-encoder and
finally get a final score as follows:

S(Ti) = α.C(Q,Ti) +
1

n
β.

∑

j∈N

C(Tj , Ti).C(Tj , Q)

where S(Ti is the score of the ith table in the re-
trieved corpus, α, β are the weighing values, C(., .)

is the cross encoder score, N is the neighborhood
of table i and n are the total tables in the neigh-
borhood. We stuck with the values α = 0.6 and
β = 0.4 after some hyperparameter tuning.

Table 9: Comparison of various pruning methods evalu-
ated on MMQA using UAE.

Method Precision Recall Full Recall
Alpha-Beta 36.48 82.85 66.07
Adaptive 44.48 80.48 62.11
Max Pruning1 36.15 82.89 66.21
Max Pruning2 36.22 81.95 64.59
Refinement 36.86 83.19 66.61

A.4.2 Adaptive Pruning
We employ the same scoring mechanism described
in appendix A.4.1, but with an adaptive threshold-
ing strategy. Rather than selecting a fixed top-k
tables, we compute the mean score across all candi-
dates and retain only those tables scoring above
this threshold. This dynamic selection adjusts
the retrieved set size based on score distribution:
high-quality candidates yield smaller, focused sets,
while ambiguous queries produce larger sets.

This approach trades recall for precision. By
filtering out below-average candidates, we reduce
noise in the final corpus at the potential cost of
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excluding marginally relevant tables. In practice,
this adaptive strategy is particularly effective when
precision is critical for downstream SQL genera-
tion.

A.4.3 Max Pruning
We compute table-table and query-table scores as
described in appendix A.4.1, but aggregate neigh-
borhood scores using maximum instead of mean.
The intuition is that a table’s relevance should be de-
termined by its strongest connection: if it is highly
similar to even one neighbor that is also query-
relevant, it likely contains useful information for
SQL generation.

We evaluate two variants of this max-pooling
strategy, S(Ti) =

S(Ti) = αC(Q,Ti) + β max
Tj∈N (Ti)

max
(
C(Tj , Ti), C(Tj , Q)

)

S(Ti) = max
(
C(Q,Ti),

max
Tj∈N (Ti)

max
(
C(Tj , Ti), C(Tj , Q)

))

where S(Ti) is the score of table Ti, C(·, ·) denotes
cross-encoder similarity, N (Ti) is the neighbor-
hood of Ti, and α, β are weighting hyperparame-
ters. The first variant combines query relevance and
neighborhood strength linearly, while the second
uses pure max-pooling across all relevance signals.

A.5 Table Wise Multitable Retrieval
Table 8 presents a granular analysis of REAR’s per-
formance stratified by query complexity, measured
by the number of gold tables required for correct
SQL generation.

The results reveal a clear correlation between
query complexity and the magnitude of improve-
ment delivered by our pipeline. For single-table
queries, where retrieval is relatively trivial, the
baseline "Retrieve" approach already achieves
near-perfect recall (96.7-98.9% across datasets),
with expansion and refinement providing marginal
gains primarily in SQL execution accuracy. The
benefits of REAR become more pronounced for
two-table queries, where the expansion stage con-
sistently boosts full recall by 8-13 percentage
points across all datasets (e.g., BIRD Dense for 2
tables: 85.5% → 95.6%), while refinement success-
fully recovers precision losses without sacrificing
these recall gains.

Most notably, for the most challenging 3+ table
queries, expansion delivers substantial improve-
ments. For example, on BIRD, full recall increases
from 52.6% to 78.2% for dense retrievers, demon-
strating that join-aware expansion is critical for
complex multi-table reasoning. The refinement
stage demonstrates its effectiveness in restoring
precision while preserving the recall gains achieved
through expansion.

Across all query complexities, refinement con-
sistently improves precision by 10-15 percentage
points, on BIRD with 2-table queries, precision
increases from 26.6% to 38.0% for dense retriev-
ers, while full recall drops only marginally from
95.6% to 90.7%. This precision-recall trade-off is
particularly valuable for 3+ table queries, where
refinement boosts precision from 37.1% to 52.9%
on BIRD, indicating successful removal of weakly
related tables introduced during expansion.
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