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ABSTRACT

Retrieval-Augmented Generation (RAG) enhances Large Language Models (LLMs)
by integrating them with an external knowledge base to improve the answer rele-
vance and accuracy. In real-world scenarios, beyond pure text, a substantial amount
of knowledge is stored in tables, and user questions often require retrieving an-
swers that are distributed across multiple tables. Retrieving knowledge from a table
corpora (i.e., various individual tables) for a question remains nascent, for (i) how
to understand intra- and inter-table knowledge effectively, (ii) how to filter unnec-
essary tables and retrieve the most relevant tables efficiently, (iii) how to organize
complex retrieved contexts for LLMs’ reasoning, and (iv) how to evaluate the cor-
responding performance in a realistic setting. Facing the above challenges, we first
propose a table-corpora-aware RAG framework, named T-RAG, which consists of
the hierarchical memory index, multi-stage retrieval, and graph-aware context or-
ganization for effective and efficient table knowledge retrieval and inference. Then,
we develop a multi-table question answering benchmark named MultiTableQA,
which spans 3 different task types, 57,193 tables, and 23,758 questions in total, and
the sources are all from real-world scenarios. Based on MultiTableQA, we perform
a comprehensive comparison of table retrieval methods, RAG-based approaches,
and table-to-graph representation learning methods. T-RAG consistently achieves
state-of-the-art accuracy, recall, and runtime performance, with improvements of
up to 9.4%. Moreover, T-RAG yields an average inference gain of 11.8% across
different downstream backbone LLMs.

1 INTRODUCTION

Retrieve-Augmented Generation (RAG) has emerged as an effective approach to integrate external
knowledge into Large Language Models (LLMs) to answer questions more accurately (Gao et al.,
2023). By incorporating retrieved external information into LLM inputs, RAG enhances inference ca-
pabilities and mitigates factual inaccuracies and hallucinations during reasoning and generation (Mei
et al., 2025). For better retrieval performance in terms of effectiveness and efficiency, graph and
hierarchical structures have recently been brought into RAG systems, and constructing these kinds of
structures aims to organize and memorize the external knowledge base to retrieve the most relevant
information in an efficient manner (Sarthi et al., 2024; Edge et al., 2024a; Gutierrez et al., 2024;
Gutiérrez et al., 2025; Li et al., 2025; Han et al., 2025).

Most existing RAG systems primarily focus on text-based external knowledge. However, in real-
world settings, a substantial amount of information is stored in tables, which are ubiquitous across
web pages, Wikipedia, and relational databases, and support a wide range of applications such
as question answering, personalized recommendation, and molecular prediction (Fey et al., 2024;
Dwivedi et al., 2025). As illustrated in Figure 1, retrieving the knowledge from tables remains
nascent in current RAG system developments, due to the following challenges: (i) Beyond plain
text, tabular data exhibits a more complex information structure, combining textual headers and
cell contents with an explicit relational layout (Fey et al., 2024; Dwivedi et al., 2025). As a result,
understanding tables without information loss is non-trivial. Moreover, real-world questions of-
ten require reasoning over multiple tables and are typically ad hoc in nature, making pre-defined
sparse primary—foreign key relationships insufficient for reliably locating the relevant information.
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benchmarks remain scarce to the best of our knowledge (Seo et al., 2025; Yu et al., 2025).

Facing the above challenges, in this paper, we introduce a novel table-corpora-aware retrieval-
augmented generation (RAG) framework, termed T-RAG. Our framework is carefully designed with
three synergistic components: (i) a hierarchical memory index that organizes heterogeneous table
knowledge at different granularities, (ii) a multi-stage retrieval pipeline that progressively narrows the
search space while preserving high recall, and (iii) a graph-aware context organization mechanism
that injects structured relational priors into LLMs. Together, these components enable more effective
and efficient retrieval and reasoning over large-scale table corpora. Beyond methodology, we further
establish the first large-scale multi-table question answering benchmark, denoted as MultiTableQA.
Our benchmark encompasses 3 representative tasks, spanning 57,193 tables and 23,758 questions, all
collected from real-world scenarios.

Comprehensive experiments on MultiTableQA deliver several key insights. We conduct holistic
comparisons across three major paradigms: table retrieval methods, RAG methods, and table-to-graph
representation learning methods. Results consistently demonstrate that T-RAG achieves state-of-the-
art performance in terms of accuracy, recall, and runtime efficiency. Moreover, leveraging T-RAG,
we systematically benchmark the reasoning and inference capabilities of frontier LLMs, including
Qwen-2.5, Claude-3.5, and GPT-40, showcasing the consistent performance gains by our framework
across diverse LLM backbones.

2 PRELIMINARY

Table Corpora. Throughout the paper, a large-scale table corpora is a collection of tables, denoted
as T = {T1,T>,...,T:}. Each table T' comprises three components: (i) Table Schema (A, H),
which includes both the table caption A and column headers H; (ii) Tauble Entries E, referring to
the main body of the table values of NV rows and M columns; and (iii) Table Metadata D, which
provides additional description such as contextual details, associated resources, and representative
example utterances. Formally, we represent each table as:

T={(AH), EcCRVM DYy TeT (1)

Cross-table Retrieval for Question Answering. As shown in Figure 1, given the corpora 7,
suppose we have a natural language question ¢ querying about the tables in 7 but cannot be
directly answered by a pre-trained LLM. Then, let M denote a standard RAG pipeline that operates
in two stages. First, M retrieves a subset of relevant tables from the corpus 7. Second, M
generates an output Y to augment downstream LL.Ms with additional context to answer question
q. The overall RAG pipeline can be defined as 7' = Retrieve o (7T, ¢) and Y = Generate (77, q),
where Retrieve o (-) selects top-k most relevant tables, 7' denotes the set of retrieved tables, and
Generate v (+) produces a response Y conditioned on both 77 and q.
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Figure 2: Overview of the T-RAG framework. T-RAG organizes large-scale table corpora into
a heterogeneous hypergraph via multi-way feature clustering, performs coarse-to-fine multi-stage
retrieval to identify relevant tables, and applies a graph-aware context organization mechanism to
support effective downstream LLM reasoning.

3 T-RAG: HIERARCHICAL MEMORY INDEX AND MULTI-STAGE RETRIEVAL

In general, T-RAG framework develops two core techniques, i.e., hierarchical memory index and
multi-stage retrieval, to address the challenge of large-scale cross-table question answering. As
illustrated in Figure 2, first, T-RAG regards each table as a potential node and organizes them into a
heterogeneous hypergraph by clustering multi-way features of tables. To be specific, the heterogeneity
stands for different types of hyperedges that originate from different focuses of clustering manners.
Second, T-RAG employs the coarse-grained multi-way retrieval to select the optimal set of nodes
(tables) in each cluster (i.e., hyperedge) corresponding to the query and instantiate selected tables as a
subgraph. Third, T-RAG applies fine-grained subgraph retrieval to extract the final set of tables and
employs a graph-aware context organization mechanism for downstream LLMs’ tabular reasoning.
Next, we introduce the core techniques of T-RAG; additional details are provided in Appendix A.

3.1 TABLE-TO-GRAPH CONSTRUCTION

In this section, T-RAG aims to organize the table corpora into a hypergraph, where a hyperedge
connects a set of nodes (i.e., tables) collectively, not pairwise (Lee et al., 2024). The nodes inside a
hyperedge are linked through membership in the same group, rather than direct one-to-one connec-
tions. In our setting, a hyperedge results from one individual clustering algorithm focusing on a part
of the features of tables. Given a table that can have multi-way features and T-RAG can call different
clustering algorithms, then the hyperedges are heterogeneous, i.e., different types.

Table Linearization. The first step is to linearize a table to capture both text structure and semantic
properties. Specifically, given a table T, we extract its table schema components (A, H) and
concatenate them into a sequence as:

s = [[TableL @ ([Caption], A), @2/[:1 ([Header], hy,) 2)

where € denotes sequence concatenation and hy, denotes the k™ column header in H. Special tokens
like [Table], [Caption], and [Header] are used to indicate structural positions within the table. In
our implementation, we also experimented with alternative linearization methods, such as Table
Summarization (Wang et al., 2022a). However, we observe that employing neural network models
for linearization tends to disrupt the original table structure and increase computational complexity.
Hence, we abandon these approaches in favor of the simple linearization method described above.

Multi-way Feature Extraction. Given every linearized sequence s, the next step is to compute three
one-way feature vectors x(sem), X(S‘“‘C‘),x(heur), in terms of semantics, structure, and heuristics,
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to maximally retain the original table information. Specifically, x(*™ is generated by a sequence-
encoder (e.g., Sentence Transformer (Reimers, 2019) or Contriever (Izacard et al., 2021)) to capture
the semantic content of the table. x(™V is derived using spaCy to extract key format features—such
as token counts, part-of-speech (POS) tag frequencies, and punctuation counts—that effectively
represent the table’s structural properties. x("*") is computed via heuristic methods, for instance, by
employing a TF-IDF vectorizer, to capture the bag-of-words representation of the linearized table.

Hypergraph Construction by Multi-way Clustering. Now, T-RAG can finally construct a het-
erogeneous hypergraph G = (V, &) that integrates the diverse features extracted from the lin-
earized tables. With ¢ total number of tables in the table corpora, the node set is defined as:
V = {si, 82, ..., St }, where each node s; is associated with its composite feature representation

(sem) __(struct) X(heur)

Xy, = (xsi JXs, ) To capture the relationships between nodes from different perspec-

tives, we define a set of heterogeneous edges with each heterogeneity corresponds to a feature type.
For each feature type ¢ € {sem, struct, heur}, we apply KMeans clustering to partition all nodes into

K clusters {C’f(b)7 e C’;f’) }. Mathematically, for each cluster C' as a feature-specified hyperedge e,
(¢)
J

= (#)
E= Ud)e{struct,heur,sem} {ej }

After constructing the hypergraph representing the table corpora, T-RAG uses a multi-stage coarse-
to-fine retrieval process to identify the most relevant nodes s;, for each incoming query gq.

we have "/ = {s; € C](-(b) |  =1,..., K}, and the heterogeneous hyperedge set £ is denoted as

3.2 COARSE-GRAINED MULTI-WAY RETRIEVAL

Towards a query, T-RAG first applies a coarse-grained retrieval to hierarchically filter out irrelevant
table data step-by-step with high efficiency.

Representative Score. We first need to define the representative score of a node, which will be
frequently used in later node-to-node and node-to-query feature representation comparisons. Formally,
the representative score Sy, between nodes a and b (e.g., node s; and query' ¢) with corresponding
feature representations xt(;ﬁ) and xl(fﬁ) on feature type ¢ is defined as:
(6) L (&)
[Ixa [l

3

Typical Node Selection. For the efficient coarse-grained retrieval, for each cluster(i.e., hyperedge),

V%), Specifically,

for each cluster C' j(-(ﬁ) corresponding to feature type ¢, we choose the top-k nodes with the highest
representative scores:

we extract a small subset of nodes that can best represent that cluster, denoted as

Vt(yﬁ) = top-k {Sfjfj)(si,uj) | si € C]@)} @

where (15 is the centroid of cluster C ]@). The selection of typical nodes largely reduces computational
complexity by restricting query comparisons to prototypical tables rather than the entire table corpora.

Query-Cluster Assignment. At query time, a natural language question ¢ is embedded using the
same feature extraction methods, yielding representations of x,. We compute the representative

scores between the query and each node in Vt(yﬁ) to select the optimal cluster C*(#) for each feature
type ¢, i.e.,

1
*(¢) - (¢) .
C arigiax |Vt(¢)| Z@) Step (4, 81) ©)
3 P s evyy
The final multi-way optimal cluster is the union across all feature types:
C* = U C*(®) (6)

¢€{sem,struct,heur }

'Without loss of generality, we suppose a query can also have multi-way features.
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We later demonstrate in experiments that using the multi-way unioned clusters greatly enhances
retrieval accuracy while incurring only a minimal increase in retrieved table size.

3.3 FINE-GRAINED SUBGRAPH RETRIEVAL

With roughly related nodes (tables) extracted, next T-RAG needs to carefully narrow down the scope
for locating the answer for a query.

Local Subgraph Construction. After the extraction of the optimal cluster C* carrying a bunch of
hyperedge-linked nodes, T-RAG is then to leverage this abstract set-wise connectivity among table
nodes to instantiate a densely pair-wise connected local subgraph, i.e., Giocat = (Viocal; Elocal) and

Vlocal - {Si | S; € C*}a

q 7
Elocal = {(si,sj) ceC*xC* Sr(ggm)(si,sj) > T} @
where 7 € [0, 1] is a similarity threshold, and each edge is weighted by its corresponding representa-
tive score. Note that after the coarse-grained filtering stage, only semantic features are utilized.

Iterative Personalized PageRank for Retrieval. Given the local subgraph Giocat = (Miocal, Elocal)»
for fine-grained retrieval, we can first compute a similarity matrix S over the candidate nodes Vigcar:
o Sﬁiﬁm’(si,sj% if (s4,85) € Elocal,
Sij = . 3

0, otherwise.

Then, we obtain the transition matrix P by row-normalizing S. The personalization vector h € Rt
is computed from the query q as:

L S ;
L trocal S(Sem) . ( )
22551 Seep” (4, 55)

Finally, we update the iterative personalized PageRank vector (Andersen et al., 2006) v for each
iteration o by v(°*1) = (1 — a)h + aPv(?) with the damping factor a € (0, 1) and initialization
v(®) = h. The iteration continues until convergence, i.e., ||[v(?*t1) — v(?)||; < ¢ for a small tolerance
€ > 0. The final PageRank score vector v ranks the nodes in Vjoca. The top-ranked nodes are then
selected as the final retrieved table nodes, denoted as Vg ;.

3.4 GRAPH-AWARE CONTEXT ORGANIZATION

After retrieving the final set Vg, ,;, we apply a graph-aware context organization mechanism to enable
downstream LLMs to effectively interpret the retrieved tables and perform downstream tabular
reasoning. The corresponding input prompt is designed to comprise two key components: (i) graph
information insertion and (ii) instructions for hierarchical long chain-of-thought (CoT) generation.
Due to space limits, we provide detailed descriptions of our multi-step context construction procedure
in Appendix A.2.

4 MULTITABLEQA: BENCHMARKING MULTI-TABLE QUESTION ANSWERING

In MultiTableQA, based on the different types of user queries, we define three cross-table tasks: (i)
Table-based Fact Verification (TFV), (ii) Single-hop Table Question Answering (Single-hop TQA),
and (iii) Multi-hop Table Question Answering (Multi-hop TQA). In general, the essential difference
between single-hop and multi-hop is whether the answer(s) of the query are located in one or multiple
table cells, though all tasks require cross-table reasoning to retrieve the final answer. Detailed
definitions of each task are provided in Appendix B.2 with concrete question-answer examples. The
overall benchmark construction is illustrated in Figure 3. Additional details are provided in Appendix
B. Next, we introduce our efforts to obtain real-world multi-table source, questions, and answers.
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Figure 3: The overall pipeline for constructing the MultiTableQA benchmark.

4.1 SOURCE TABLE DECOMPOSITION.

Table Sources. MultiTableQA collects raw single table sources from real-world, human-annotated
datasets, including HybridQA (Chen et al., 2020), SQA (Lyyer et al., 2017), Tabfact (Chen et al.,
2019), and WikiTables (Pasupat and Liang, 2015). Overly simplified tables are filtered out, yielding a
curated collection of 20k tables. We then apply the row-/column-wise splitting on these collected
table sources and decompose them into 60k tables as our multi-table data.

Row-/Column-wise Splitting. We begin by pre-processing the original single-table data to filter
out tables with small dimensions (specifically, those with M < 3 columns and N < 3 rows), as
they are not suitable for decomposition. Then given a random 7" € T, we apply either row-wise or
column-wise splitting.

* Row-wise Splitting: Formally, we divide the table entries E into n disjoint sets, i.e., E = |J_, E;

with E; € RVi*M and Y7 | N; = N. After processing table entries, we maintain each sub-table
with the same table schema and metadata as the original table.

* Column-wise splitting: Given that relational tables often have a column-major logical structure,
we retain the first column entry c¢; (typically the primary key or leading attribute) in all sub-tables.
Then the original table entries can be rewritten as £ = [c;, E’]. The rest of the entries E’ are
decomposed into m disjoint sets, i.e., £/ = U;nzl B with E, € RN*M; and Z;nzl M; =M —1.
The overall table entries splitting column-wise are given by F = U;"Zl ([e1, E;]) We then separate
column headers corresponding to each sub-table entry and maintain other components the same as
the original table.

Debiasing and Diversification. To mitigate potential biases in retrieval evaluation, particularly
those introduced by sub-tables sharing identical content from the same root table, we apply a twofold
debiasing strategy. First, we paraphrase the captions of all sub-tables derived from the same source
table to reduce textual redundancy and semantic overlap. Second, we randomly permute the column
or row order within each sub-table to encourage structural diversity. Third, we balance the number of
sub-tables produced by row-wise and column-wise partitioning to ensure a fair distribution across
different splitting strategies. This process enhances the robustness and diversity of the dataset without
incurring additional human annotation costs or relying on model-generated synthetic data, eliminating
unintended evaluation biases.
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4.2 QUERY COMBINATION

To further increase retrieval complexity and support multifaceted information needs that require
sequential reasoning, we adopt a simple yet effective composition strategy that integrates existing
atomic queries into more complex, multi-step queries.

Query Sources. We first collect over 150k raw queries associated with the aforementioned single-
table sources. Typically, each table is accompanied by 1 to 8 user queries. Importantly, these
questions are sourced from real-world question-answering deployment systems or annotated by
human experts (e.g., via the Amazon Mechanical Turk platform (Chen et al., 2020; 2019)), rather
than being synthetically generated.

Query Combination. We then filter out vague and context-repetitive queries using common
linguistic and context-aware heuristics (Cao et al., 2008; Van Rooij, 2011). Specifically, we apply
techniques such as stopword ratio analysis, minimum query length thresholds, and similarity-based
redundancy detection to refine the dataset. This process results in a curated set of over 80k high-
quality queries. After that, for these multifaceted or sequential queries originally from the same single
table, we utilize connecting words (e.g., “AND”, “Furthermore”, “Based on [previous query]”) to
merge them into a single, extended query. This process results in a final set of 25k combined queries.

Query Decontextualization. We observe that many original queries,especially those tied to a single
table, often rely heavily on implicit contextual cues, rendering them unsuitable for standalone retrieval.
To enhance clarity and ensure that queries are fully self-contained, we follow the decontextualization
strategies proposed by Chen et al. (2020) and Choi et al. (2021). Specifically, we replace ambiguous
discourse markers and demonstrative pronouns with explicit noun phrases or entity references,
resulting in clearer and context-independent queries to support open-domain retrieval settings.

Utilization. In our experiments, we first randomly select 3,000 queries along with their ground-truth
answers as "example queries" and pair them with their corresponding tables in the constructed table
corpora. These selected queries are incorporated into the table metadata for data augmentation and
example-based demonstration purposes. We then randomly select 1,000 queries for each of the three
task types to form the testing set.

Table 1: Summarized Statistics of MultiTableQA

Task Type #Tables #Queries #Avg Rows #Avg Cols
TFV 34,351 15,106 5.8 5.7
Single-hop TQA 17,229 6,106 7.4 4.5
Multi-hop TQA 5,523 2,573 13.8 7.3

5 EMPIRICAL EVALUATIONS

In this section, we provide comprehensive evaluations of our proposed framework T-RAG. We
demonstrate that T-RAG exhibits superior performance on both cross-table information retrieval and
downstream tabular reasoning.

Baselines. To rigorously assess the effectiveness of our method, we compare each component
of our proposed framework against a diverse set of baselines: (i) Table Retrieval, including DTR
(Herzig et al., 2021), Table-Contriever (Izacard et al., 2021), Table-E5 (Wang et al., 2022b), and
Table-LLaMA (Zhang et al., 2023a); (ii) RAG, including RALM (Ram et al., 2023) and ColBERT
(Santhanam et al., 2021); (iii) Table-to-Graph Representation, including single feature extraction (Sec
3.1, and tabular representation learning models such as TAPAS (Herzig et al., 2020) and TaBERT
(Yin et al., 2020). Additional detailed baseline descriptions are provided in Appendix C.1.

Metrics. For retriever evaluation, we employ Acc@¥k and Recall@k metrics with choices of
[10, 20, 50]. For downstream LLMs tabular reasoning, we use Exact Match and F1 scores. We leave
the model settings and additional experimental setups in Appendix C.2.
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Table 2: Main results of T-RAG across three tasks in MultiTableQA. We report average retrieval
accuracy and recall (@10, 20, 50) on three runs. The best performance is bold and the second-best is
underlined.

| TFV | Single-hop TQA | Multi-hop TQA

Category ‘ Methods ‘ Accuracy Recall ‘ Accuracy Recall ‘ Accuracy Recall

| [10 20 5 10 20 50|10 20 5 10 20 50|10 20 50 10 20 50

DTR 21.1 27.8 362 364 43.0 514358 465 59.5 468 563 67.7]389 464 578 442 515 62.0
Table Retrieval | T2ble-Contriever | 23.4 30.1 40.1 405 47.8 57.139.8 517 66.1 520 60.6 712|432 515 642 49.1 57.2 68.9

Table-E5 234 304 403 422 49.1 580|435 547 69.6 56.5 667 78.9|49.6 569 69.1 550 62.3 72.9

Table-LLaMA 349 44.1 56.1 535 592 69.5|40.6 523 72.0 483 61.8 754|458 49.1 61.8 519 558 64.3
RAG RALM 64 85 101 82 97 125]43 82 137 75 112 146|121 159 183 163 197 214

ColBERT 149 183 22.1 208 264 316|168 23.6 364 17.3 239 364|369 47.6 583 393 465 6l.1

Single-head (heur) | 49 78 89 69 102 114| 63 105 115 73 95 140| 82 94 98 88 113 126
Single-head (struc) | 14.6 21.9 28.4 27.0 31.3 38.6 |21.5 29.5 419 240 29.5 439|264 289 353 294 33.7 383

Single-head (sem) | 18.0 26.1 34.8 31.6 374 453|257 364 503 28.6 36.7 52.8|325 355 43.1 363 39.6 46.2
Table-to-Graph

Representation Lattice 7.7 116 13.1 123 151 172|133 16.7 23.5 145 17.7 248|152 167 20.6 163 184 21.7
TaBERT 33.8 455 51.6 485 57.8 639 |41.6 529 744 458 562 789|480 529 656 51.6 582 669
TAPAS 356 485 53.8 51.1 603 665|443 557 783 482 59.0 82.5|50.6 558 68.7 543 61.2 70.1
T-RAG 36.1 479 594 559 643 759|473 629 83.1 515 633 86.8| 57.2 60.3 72.7 62.5 67.6 76.8

Table 3: Experimental results on downstream LLMs’ cross-table QA performance using T-RAG.
We also report the average improvement (Improv.) in downstream performance compared to the
strongest corresponding baseline methods, Table-ES and TAPAS. Full experiment results are reported
in Appendix D.1.

o | TFV | Single-hop TQA | Multi-hop TQA \Impmv

‘EM@IO EM@20 EM@SO‘EM@]O Fl@10 EM@20 F1@20 EM@50 F]@SO‘EM@IO F1@10 EM@20 F1@20 EM@50 Fl1@50 (T A)
Phi-3.5-mini 223 459 443 | 262 281 270 285 252 265 | 139 142 156 167 118 126 169%
LLaMA-3.2-3B 416 483 437 | 19 194 228 231 236 241 | 113 147 159 168 132 137 131%
Qwen-2.5-7B 472 538 464 | 312 354 308 323 368 281 | 248 275 242 284 306 248 11.8%

LLaMA-3.1-8B 48.1 527 50.9 332 341 326 336 312 324 | 247 256 262 266 288 274 119%
LLaMA-3.1-70B 512 557 62.1 428 457 442 471 481 502 | 314 308 326 315 358 361 82%

Claude-3.5-Sonnet | 53.3 60.6 65.8 492 537 532 550 519 527 | 448 453 471 479 441 445  91%
GPT-40-mini 44.8 52.1 57.2 394 396 383 387 412 445 374 386 349 358 36.1 373  52%
GPT-40 52.7 63.1 66.5 489 526 504 536 521 56.6 | 41.7 429 453 468 496 509 13.6%

5.1 MAIN RESULTS

Table 2 presents the overall retrieval results for T"-RAG and the baseline methods. To highlight,
T-RAG achieves accuracy improvements ranging from 1.2% to 11.4% and recall gains from 1.5%
to 12.5% when compared to table retrieval baselines. We also observe that traditional RAG-based
methods perform poorly, indicating that relying solely on semantic similarity is insufficient to retrieve
from tables. Compared with Table-to-Graph Representation baselines, T-RAG consistently yields
performance gains. For example, T-RAG achieves improvements of up to 9.4% in recall@50 on TFV
and 8.2% in recall@ 10 on Multi-hop TQA. This underscores the importance of our overall graph
construction and retrieval processes.

Downstream Performance. In Table 3, we present the downstream tabular reasoning performance
on MultiTableQA across LLMs with diverse types and parameter scales. The results show that
T-RAG consistently improves cross-table question answering performance, yielding an average gain
of 11.2% compared to the strongest baseline methods across all evaluated LLMs. We provide the full
comparison with other baselines in Appendix D.1.

5.2 GENERALIZABILITY OF T-RAG

To further evaluate the robustness and generalizability of T-RAG beyond our constructed benchmark,
we conduct additional experiments on the Spider dataset (Yu et al., 2018). In this setting, each query
is grounded in a single table selected from a large pool of heterogeneous tables. We adapt T-RAG
to this single-table scenario by treating the task as retrieving the most relevant target table from the
entire table corpus. Results in Table 4 demonstrate that T-RAG generalizes well to additional datasets
such as Spider, where each table inherently differs in structure and content. We leave ablation and
parameter studies in Appendix D.2 and D.3.
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Table 4: Performance of T-RAG on Spider. We
report results using GPT-40 as the downstream

Table 5: Latency evaluation of each component
in T-RAG, along with comparisons to baselines.

LLM generator for question answering tasks.

Latency (min) TFV Single-hop TQA Multi-hop TQA

Spider Accuracy@10 Recall@10 EM@10 Table-to-Graph 0.4 02 0.1
Coarse-grained 24.0 11.8 11.2

DTR 14.9 21.7 63.3 . f

Table-E5 01 335 61.6 Fine-grained  108.7 66.8 23.3

TAPAS 254 38.6 71.1 TRAG 133.1 78.8 .6
TAPAS 117.3 96.8 49.7

T-RAG 319 42.3 73.9 Table-ES 215.8 134.2 69.2

5.3 EFFICIENCY ANALYSES

mmm Before retrieval After coarse-grained Bl After fine-grained

We evaluate the efficiency of T-RAG on the full
MultiTableQA benchmark, consisting of 25k
queries and 60k tables. Table 5 reports the
end-to-end latency of each component in our
framework across different task types. Graph
construction and coarse-grained clustering are
generally faster, while fine-grained PageRank-
based retrieval incurs higher latency due to its
more complex subgraph scoring and ranking op-
erations. Despite incorporating a multi-stage
retrieval process, T-RAG still achieves compara-
ble overall latency compared to strong baselines
such as TAPAS and Table-ES. We further report
the retrieval efficiency in Figure 4.

=
Q
E)

87.8%

103 88.2%

# Tables (log scale)

199.9% 199.9% 199.8%

TRV Single-hop TQA

Multi-hop TQA

Figure 4: Retrieval efficiency of T-RAG across
stages. We show the reduction in candidate tables
through coarse-grained and fine-grained retrieval.

6 RELATED WORK

Table Question-Answering. Table Question Answering (Vakulenko and Savenkov, 2017) focuses
on answering user queries by reasoning over tabular data. Existing benchmarks and datasets (Pasupat
and Liang, 2015; Aly et al., 2021) have predominantly concentrated on single-table QA settings, with
each query corresponding to a single table. Recently, several studies (Yu et al., 2018; Pal et al., 2023;
Liu et al., 2023; Zhao et al., 2022) have focused on incorporating multiple tables for downstream
tabular reasoning. More recent works, such as MT-RAIG (Seo et al., 2025) and MMQA (Wu et al.),
incorporate a retrieval process to ask models to identify relevant tables with synthesized queries.

Graph-based RAG. GraphRAG (Peng et al., 2024) extends traditional retrieval-augmented gen-
eration (RAG) by modeling inter-document relationships through graph structures, improving both
retrieval and generation (Edge et al., 2024b). While prior works (Lewis et al., 2020; Wang et al.,
2023b; Asai et al.; Siriwardhana et al., 2023; Xu et al., 2023; Zhang et al., 2023b) often assume
pre-structured graphs (e.g., knowledge graphs) with explicit edge relations (Wang et al., 2023a;
Agrawal et al., 2024), real-world data such as tables are typically semi-structured and lack explicit
relational schema. Effectively applying GraphRAG to such data remains an open challenge.

7 CONCLUSION

In this paper, we first present a comprehensive framework T-RAG to achieve multi-table retrieval
across large-scale table corpora. Then, we construct MultiTableQA as a novel multi-table benchmark
by leveraging an adaptive dataset transformation approach. Experimental results on both retrieval
and generation processes demonstrate the effectiveness and efficiency of our approach in enhancing
cross-table retrieval and reasoning.
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A ADDITIONAL DETAILS ON T-RAG

A.1 REPRESENTATIVE SCORE INTERPRETATION

The formulation of Representative Score in Section 3.2 corresponds mathematically to cosine similar-
ity; however, we refer to it as a representative score to highlight the specific role in our setting: quatify
how well one node serves as a representative,semantically or structurally, for another under a given
feature type. Unlike traditional use cases of cosine similarity that merely assess directional alignment
in a vector space, our use emphasizes task-specific interpretability, where high representative scores
suggest strong mutual informativeness between subtables and queries or among subtables themselves.

A.2 GRAPH-AWARE CONTEXT ORGANIZATION

After obtaining the final set of retrieved tables Vg, ,;, we design a graph-aware context organization
mechanism to enable downstream LLMs to effectively interpret the retrieved information and perform
tabular reasoning. Specifically, our prompts emphasize the following key aspects.

Graph Information Insertion. Upon extracting the final retrieved tables from the local sub-graph,
we observe that incorporating graph-related information, such as representative scores among nodes,
enhances downstream LLMs’ ability to interpret the weighted relationships among the retrieved
tables. Consequently, we embed node indices along with their corresponding inter-node weighted
edge scores into the prompt.

Hierarchical Long CoT Generation. Inspired by recent advances in long Chain-of-thought (Wei
et al., 2022; Yeo et al., 2025) and test-time scaling (Jaech et al., 2024; Guo et al., 2025) where
long chain-of-thought chains are generated alongside final answers, we employ a similar strategy
for downstream tabular reasoning. Specifically, we prompt the LLMs to reason step-by-step by
addressing the following: (i) identify the most relevant tables from the provided table set Vg ;;
(i) elucidate the connection between the query and the selected tables; and (iii) conduct a detailed
examination of each row and column entry to extract the information most pertinent to the query,
ultimately arriving at the final answer. The outputs from the LLM are structured into two components:
the reasoning process enclosed within the tags <reasoning> and </reasoning>, and the final answer
enclosed within the tags <answer> and </answer>.

Multi-step Prompting. In line with our graph-aware and long chain-of-thought generation strate-
gies, our prompt design involves three steps: (i) highlighting graph-related information, (ii) providing
instructions for table retrieval, and (iii) offering specific guidance for long CoT output generation.
An illustration of our overall prompt template is presented in Figure 5.

B MULTITABLEQA DETAILS

B.1 PRELIMINARY ANALYSIS

The primary challenge in constructing the dataset lies in collecting multi-table data along with
corresponding queries. A straightforward approach involves semantically clustering similar tables
from single-table resources, such as Spider or Wiki-Table, into joint table sets, and then employing
human experts or automated annotators (e.g., LLMs) to design queries based on these clusters.

As illustrated in Figure 6 (a), the common dataset construction method has several drawbacks:
(i) Sparsity of similar-topic table sets: In our preliminary experiments, we clustered tables using
either primary/foreign key relationships or semantic cosine similarity of table schemas. However,
even within the same topical category, tables often exhibit substantial heterogeneity. For instance,
under the clustered category of “NFL Games", one table’s content is about “player information" and
another is about “NFL team matches & schedules". This intrinsic sparsity complicates further topic
refinement and downstream query annotation. (ii) High Resource Costs: Annotating queries that
require reasoning across multiple tables with human experts or LLMs is highly resource-intensive,
limiting the scalability of constructed datasets. (iii) Auto-annotation Bias: Relying on auto-annotators
(e.g., LLMs) for multi-table queries often introduces bias, as both the queries and their ground-truth
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labels are model-generated. This divergence may compromise the realism of RAG settings, which
are based on authentic user queries and source data.

To overcome these challenges, we reframe the data construction process by decomposing source
tables and combining queries. As illustrated in Figure 6 (b), our strategy guarantees that the resulting
sub-tables, all derived from a single root table, maintain an intrinsic relationship, while the original
queries now necessitate multi-hop reasoning across these sub-tables.

B.2 TASK TYPE DEFINITION

We give detailed explanations of the three task types in MultiTableQA. Figure 7 provides a concrete
example for each task.

» Table-based Fact Verification determines whether a user-provided claim is supported or refuted
based on the given tabular data. In our benchmark, we label an entailed (supported) claim as “1”
and a refuted claim as “0”, depending on the evidence found within the tables.

* Single-hop Table Question Answering focuses on questions that can be answered using infor-
mation from a single table cell. However, identifying the correct cell often requires the LLMs
to reason across multiple tables and recognize connections between different pieces of tabular
information, as illustrated in the example figure.

* Multi-hop Table Question Answering addresses questions that require reasoning over multiple
cells, often across different rows, columns, or tables. The final answer typically consists of a list of
strings aggregated from multiple relevant entries in the tables.

Retrieval Difficulty. We classify splitter tables into three difficulty levels based on the number of
sub-tables derived from each source table: (i) Easy: No split, (ii) Medium: split into two sub-tables,
and (iii) Hard: split into three sub-tables.

C EXPERIMENT SETUP

C.1 BASELINE METHODS DESCRIPTION
The detailed baseline method descriptions for each category are listed below:

» Table Retrieval. This category includes methods that leverage table-aware retrievers—often
fine-tuned on structured data—to identify and rank the most relevant tables given a query. These
approaches focus on selecting either a single best-matching table or aggregating information across
multiple retrieved tables. In our experiments, we choose common table retrieval methods including
DTR (Herzig et al., 2021), Table-Contriever (Izacard et al., 2021), Table-E5 (Wang et al., 2022b)
and Table-LLaMA (Zhang et al., 2023a) as our baseline methods.

* RAG-based. The RAG-based methods normally integrate a retriever with a generator. The
retriever identifies relevant tables from a large corpus, which are then passed to the generator
to produce context-aware outputs. This paradigm enhances generation quality by grounding the
response in retrieved evidence, making it particularly effective for knowledge-intensive tasks. In
our experiments, we utilize In-context RALM (Ram et al., 2023) (Abbreviated as RALM) and
ColBERTV2 (Santhanam et al., 2021) (Abbreviated as ColBERT) as our baseline methods.

* Table-to-Graph Representation. The table-to-graph representation represents different node
feature representation approaches, as compared to our method described in Section 3.1. Specifically,
we compare with single feature extraction methods (e.g., semantic, structural, or heuristic features
alone), tabular representation learning models such as TAPAS (Herzig et al., 2020) and TaBERT
(Yin et al., 2020), as well as table summarization methods such as Lattice (Wang et al., 2022a).

* Table Prompting Methods. These approaches encode tabular data into natural language prompts
that are fed into LLMs. By linearizing the table content or formatting it into structured textual
representations, these methods enable LLMs to effectively reason over tabular inputs. In our
experiments, we choose TAP4ALLM (Sui et al., 2023) as our baseline method as it includes multiple
plug-and-play table sampling, augmentation, and packing methods inside.
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Table 6: Downstream results of LLMs tabular reasoning using the baseline method of Table-ES.

Models | TFV | Single-hop TQA | Multi-hop TQA

‘EM@IO EM@20 EM@SO‘EM@IO Fl@10 EM@20 F1@20 EM@50 FI@SO‘EM@IO Fl@10 EM@20 F1@20 EM@50 F1@50
Phi-3.5-mini 162 358 315 | 186 200 192 203 179 188 | 99 101 111 119 124 120
LLaMA-3.2-3B 369 418 352 | 139 141 165 168 17.1 175 | 82 107 115 122 96 99
Qwen-2.5-7B 412 437 369 | 303 322 272 293 318 305 | 225 249 219 257 277 225
LLaMA-3.1-8B 426 447 503 | 285 291 309 310 268 279 | 213 218 227 237 246 235
LLaMA-3.1-70B | 403 462 581 | 361 392 379 409 417 425 | 265 267 283 277 302 314
Claude-3.5-Sonnet| 462  51.0 548 | 386 432 399 438 427 454 | 341 387 364 379 393 412
GPT-40-mini 403 467 483 | 343 345 334 336 360 388 | 325 339 306 311 315 3238
GPT-40 441 563 561 | 442 495 458 502 486 526 | 392 403 427 440 467 462

Table 7: Downstream results of LLMs tabular reasoning using the baseline method of TAPAS.

Models | TFV | Single-hop TQA | Multi-hop TQA

‘EM@IO EM@20 EM@SO‘EM@IO Fl@10 EM@20 F1@20 EM@50 FI@SO‘EM@IO Fl@10 EM@20 F1@20 EM@50 F1@50
Phi-3.5-mini 196 414 397 | 229 245 235 251 223 235 | 1.1 116 109 113 122 128
LLaMA-3.2-3B 363 435 389 | 168 173 200 205 207 214 | 99 129 141 149 117 122
Qwen-2.5-7B 418 485 420 | 275 310 275 291 326 253 | 220 246 217 243 254 261

LLaMA-3.1-8B 42.5 472 453 293 306 289 305 28.0  29.1 22.1 23.0 234 239 258 243
LLaMA-3.1-70B 452 50.7 57.8 37.8  40.1 39.0 415 423 442 | 282 277 293 285 320 323

Claude-3.5-Sonnet | 47.3 56.4 61.2 439 481 472 491 470 478 398 403 419 425 393 398

GPT-40-mini 39.8 46.8 51.8 349 351 34.1 345 365 392 33.0  34.1 312 320 324 335
GPT-40 46.3 57.0 60.9 424 456 433 460 452 491 37.0  38.1 40.1 414 440 452

C.2 IMPLEMENTATION DETAILS

Model Settings. We conduct a comprehensive evaluation of downstream tabular reasoning using
both open- and closed-source LLMs. Specifically, for closed-source models, we employ Claude-3-
5-Sonnet-2024-10-22 (Anthropic, 2024) (abbreviated as Claude-3.5-Sonnet), GPT-40-2024-08-06
(Hurst et al., 2024) (abbreviated as GPT-40), and GPT-40-mini-2024-07-18 (Hurst et al., 2024)
(abbreviated as GPT-40-mini). For open-source models, we utilize the LLaMA3 families (Grattafiori
et al., 2024) including LLaMA-3.1-8B-Instruct, LLaMA-3.1-70B-Instruct, and LLaMA-3.2-3B-
Instruct, Phi-3.5-mini-Instruct (Abdin et al., 2024), and Qwen-2.5-7B-Instruct (Yang et al., 2024).
In our experiment settings, we omit all “Instruct” in the model names for brevity. For the model
parameter setups, we set the temperature to 0.1, max output tokens to 4096, and top-p to 0.95.

Baseline Implementation. For the Table Retrieval and RAG-based baselines, we first linearize the
tables using the Table Linearization procedure described in Section 3.1. We then apply the respective
retrievers to the resulting table sequences, retrieving the top 10, 20, and 50 relevant tables to serve
as the final input for downstream LLMs. For all Table-to-Graph baseline methods, we encode each
table into an embedding representation using the respective approach, compute a similarity matrix
from these embeddings, and then apply personalized PageRank to retrieve the final set of table nodes,
as described in our method. For all other baselines, we strictly follow the publicly available code
implementations corresponding to each method. For the downstream LLMs reasoning, we use the
same graph-aware prompt settings as our method to ensure fair comparison.

D ADDITIONAL EXPERIMENTS

D.1 DOWNSTREAM LLMS TABULAR REASONING

Table 3 presents the overall downstream performance of T-RAG. For comparison, we also report
the downstream results of the strongest baselines, including Table-E5 (as shown in Table 6) and
TAPAS (as shown in Table 7). From the results, we observe that the superior retrieval capability of
T-RAG yields notable performance gains on downstream LLMs compared to other table retrieval and
table-to-graph representation methods. However, we also find that increasing the number of final
retrieved tables can sometimes lead to performance degradation, indicating that improved retrieval
metrics do not always correlate with enhanced downstream performance. We discuss our observations
in the subsequent ablation and sensitivity studies.
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D.2 ABLATION STUDY

Table 8: Comprison of T-RAG with other table prompt baseline. We evaluate on GPT-40 and
report the EM @50 results.“G" Stands for the Graph Information Insertion part, “H" stands for the
Hierarchical Long CoT Generation (Generated CoT part between <reasoning> and <reasoning/>).

Methods TFV Single-hop TQA Multi-hop TQA

TAPALLM 61.4 53.8 46.9
T-RAG 66.5 56.6 50.9
w/oG 653 55.9 49.4
w/oH 584 43.7 38.6

Graph-aware Context Organization. To demonstrate the effectiveness of our graph-aware context
organization, we compare our approach against TAPALLM and variants of our method that exclude
the Graph Information Insertion and hierarchical Long CoT generation components, as shown in
Table 8. The results show that each component contributes to preserving table interconnectivity and
providing clear guidance for multi-step reasoning on the challenging cross-table retrieval tasks.

Choice of Vg, - In Tables 2 and 3, we evaluate the performance of T-RAG using different numbers
of final retrieved tables, denoted as Vj,,. For better demonstration, Figure 8 illustrates the retrieval
and downstream tabular reasoning performance for GPT-40 and LLaMA-3.1-8B. We observe that
retrieval accuracy and recall consistently increase as the number of retrieved tables grows. For
downstream tasks, GPT-40 demonstrates enhanced performance with a larger number of tables,
whereas LL.aMA-3.1-8B exhibits performance degradation when the number of tables increases
from 20 to 50. A likely explanation is that a higher number of retrieved tables leads to longer input
prompts. Models with larger parameter sizes can effectively handle extended contexts and extract
useful information from additional tables, while smaller models may struggle with lengthy prompts
and thus fail to fully leverage the retrieved information.

Table 9: Ablation study on hyperparameters settings in coarse-grained multi-way retrieval. We
compare the accuracy and report the average number of retrieved tables in the optimal cluster.
Hyperparameters adapted in our implementation are underlined.

Hyperparameters TFV Single-hop TQA Multi-hop TQA Avg. Tables

K=3 96.1 98.3 93.6 9027
K= 94.1 96.5 89.4 6438
K =10 84.2 95.9 87.6 2426
K =20 71.3 854 70.2 2163
k =50 77.5 89.2 72.8 5569
k=100 84.2 95.9 87.6 2426
k=150 86.2 96.2 88.2 4799
k =200 83.7 89.3 74.4 5628

D.3 PARAMETER STUDY

Hyperparameters on Multi-way Retrieval. We investigate the impact of the number of clusters
K and the number of top-k typical nodes during the coarse-grained multi-way retrieval (Section 3.2).
Table 9 presents the comparison results, reporting the accuracy (i.e., the proportion of sub-tables
and corresponding testing queries grouped into the optimal cluster). The experimental results reveal
that using fewer clusters yields higher accuracy, but it also results in a substantial increase in the
number of tables per cluster. Moreover, setting the top-k typical nodes too low or too high can lead to
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performance degradation or overfitting, respectively. Based on these observations, we adopt i = 10
and £ = 100 in our implementation.

Hyperparameters on Subgraph Retrieval. Figure 9 presents the retrieval performance for various
settings of the PageRank sampling factor a and the similarity threshold 7 employed during the
fine-grained subgraph retrieval process (Section 3.3). We extensively tuned these hyperparameters
across a wide range. Our results indicate that o = 0.85 generally yields the best performance across
all three tabular reasoning tasks, which aligns with several previous PageRank studies (Rozenshtein
and Gionis, 2016; Yoon et al., 2018). However, the optimal value of 7 varies depending on the task
due to differences in sparsity and scalability among our constructed graphs. Consequently, we tuned
7 over the range [0, 1] to determine its most effective setting.
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Prompt Template

System

You are an expert in tabular data analysis. You are
given a user query and a set of tables. Find the
query answers.

User
# The query is the question you need to answer
# The set of tables are the source of information you
can retrieve to help you answer the given query.

Now, follow the provided information and instructions
below.

# Step One: Find most relevant tables to answer the
query.

1. Read the query and the tables carefully.

2. Given the query, figure out and find the most
relevant tables (normally 1-3 tables) from the set of
table nodes to answer the query.

3. The inter-relationship among each node is also
provided in the graph-related information, which will
be provided later.

4. Once you have identified the relevant tables,
follow the step two to answer the query.

## The query is : <query>

## The retrieved tables are:
<tablel>..</tablel>, <table2>.</table2>

In Html Format
## Graph Related Informtion

{"source_node": "Table 1", "target_node": "Table 2",
"relationship”: {"type": "similarity", "score":

0.674}}

# Step Two: Answer the query based on the retrieved
tables

1. The detailed instruction for this tasks type is:
Use the retrieved most relevant tables to verify
whether the provided claim/query are true or false.
Work through the problem step by step, and then
return 0 1if 1it's false, or 1 1if 1it's true. Only
return @ or 1 without any other information.

Example Instruction for TFV

#Step Three: Here we provide output instructions that
you MUST strictly follow.

1. You MUST think step by step via the chain-of-
thought for the given task and then give a final
answer.

2. Your output MUST conclude two components: the
chain-of-thought (CoT) steps to reach the final
answer and the final answer.

3. For the CoT component, you MUST enclose your
reasoning between <reasoning> and </reasoning> tags.
4. For the final answer component, you MUST enclose
your reasoning between <answer> and </answer> tags.

Here are few-shot examples to demonstrate the final
answer component format:
<Examplel> <Example2> ..

5. If you try your best but still cannot find the
answer from both the given table sources and your
pretrained knowledge, then output your thinking steps
and the final answer using <answer>NA</answer> to
indicate that the answer can not be answered.

# Now Output Your response below:

Assistant

Figure 5: Prompt Template for downstream LLMs tabular reasoning.

21



Under review as a conference paper at ICLR 2026

Direct Approach to construct multi-table QA datasets
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Figure 6: Illustration of the direct multi-table dataset construction approach and the MultiTableQA

construction pipeline. We employ table decomposition and query combination techniques to convert
real-world single-table QA tasks into multi-table QA settings.
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Table 1 Table 2
Current Competing a
holder Next Held Every entities First Held
Chris Holder *{Individualsi 1931 9
(2012) 2013 oneyear | | [LstfRE it L
Swed National Pairs | 1970
weden one year
defunct !
. ags . 1993 ntil 1993 i
(i) Table Fact Verification | 1%9% untt National 1960
(2012) 2013 one year
User Quer
Chris Holder ( 2012 ) be the current holder of thei’fn_ 3which be first held in@.
Answer: 0 (Refuted)
Table 1 Table 2 Table 3
Title Publisher Release Date CERO |Name
F-Zero for Game | Mario Kart | T
Boy Advance  |MIntendo | fiagvance | Mario Kart Advance
Metroid Fusion |12/16/2011 A Mario vs.Donkey Kong
(i) Single-hop TQA oG Kot Nrtendo
Advance
User Quer

¢'of a A-level CERO game called A

Answer: December 16, 2011

Table 1 Table 2
Athlete Born Year Position [1] |Athlete Time
Felix Limo [3] 1980 Patrick Makau .
1 Musyoki [3] 2:03.38
© | Ricardo Serrano [5] | 1980
° N iRicardo Serrano [5]i{i2:13.32———
(iii) Multi-hop TQA Pedro Nimo [@] 1980
8/ 1| simon Munyutu [6] | 2:14.20
Meta Data Meta Data
[5]: Ricardo Serrano ( born 29 October 1980 ) is a 3 o P = = v e - BsEam
Spanish long-distancs ... At the 2004 IAAF World Cross |  |L1} Basition The ranking position on Berlin marathonfiold inf201%
Country Championships he finished in 33rd place ... o

User Quer

Who is the person from Spain that finished the!
achieve? h

Answer: [“Ricardo Serrano”, “6”]

Figure 7: Demonstration on three different task types in MultiTableQA.
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Figure 9: Ablation study on hyperparameters settings in fine-grained subgraph retrieval. For each
experiment, all other hyperparameters remain fixed. We compare the retrieval accuracy and recall.
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