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Abstract

Table reasoning, a task to answer questions
by reasoning over data presented in tables, is
an important topic due to the prevalence of
knowledge stored in tabular formats. Recent
solutions use Large Language Models (LLMs)
for their semantic understanding and reasoning
capabilities. A common paradigm of such so-
lutions linearizes tables to form plain texts that
are served as input to LLMs. This paradigm
has critical issues. It requires LLMs to infer
row-column-cell relations from serialized in-
puts, makes evidence paths harder to trace,
and is subject to the “lost-in-the-middle” is-
sue. To address these issues, we propose Table
Graph Reasoner (TABGR), a model that repre-
sents tables as an Attributed Table Graph (ATG)
without task-specific training. The ATG ex-
plicitly preserves row-column-cell structure
while enabling graph-based reasoning over
traceable evidence paths. We further propose a
Question-Guided Personalized PageRank (QG-
PPR) mechanism to rerank tabular data and
mitigate the lost-in-the-middle issue. Exten-
sive experiments across multiple table reason-
ing benchmarks show that TABGR consistently
outperforms state-of-the-art models by up to
9.7% in accuracy. Our code is available at:
https://github.com/yxw-11/TabGR

1 Introduction

Table reasoning aims to answer questions by rea-
soning over data presented in tables. Its importance
comes from the prevalence of knowledge stored in
tabular formats (Yu et al., 2025).

Recent studies leverage the semantic understand-
ing and reasoning capabilities of Large Language
Models (LLMs) for table reasoning. They typically
follow two paradigms: (i) decomposition-based
reasoning, which generates executable code or con-
ducts iterative symbolic operations to decompose
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Figure 1: Motivating example. (a) Limitations of
linearization-based methods. (b) Performance of dif-
ferent methods on WikiTableQuestions (Pasupat and
Liang, 2015) under random table permutations.

tables, and then reasons over the decomposed sub-
tables (Cheng et al., 2023; Ye et al., 2023; Wang
et al., 2024, 2025b; Yu et al., 2025; Zhang et al.,
2025a), and (ii) full-table reasoning, which applies
LLMs to reason over full tables directly (Zheng
et al., 2023; Liu et al., 2024b; Zhang et al., 2025b).
Both paradigms linearize tables when feeding them
into LLMs (Yin et al., 2020), treating tables as flat
sequences (e.g., Markdown).

While table linearization is simple and has been
shown to be effective with existing solutions, we
observe a few inherent limitations with such a table
representation strategy, as illustrated by Figure 1.

(1) Sequential structure dilution: Linearized
formats encode table structure through textual
markup, but structural cues may dilute and are less
direct in token sequences than in row-column-cell
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reasoning units (Sui et al., 2024). Even with layout
cues such as separators and newlines (cf. Figure 1a),
or richer formats such as HTML or I&TgX, LLMs
need to interpret these bindings from sequences,
causing grounding errors in challenging tables; ex-
amples and comparisons are in Appendix K. Exist-
ing structure-aware methods often require architec-
tural adaptation or additional training (Yin et al.,
2020; Su et al., 2024), incurring substantial costs.

(2) Sensitivity to answer positions: Linearizing
tables into a long sequence is vulnerable to the
positions of the answers in table reasoning tasks.
LLMs are known to be subject to the “lost-in-the-
middle” problem (Liu et al., 2024a), i.e., they tend
to miss information given in the middle of a long
input. As shown in Figure 1b, we run two state-
of-the-art (SOTA) methods, Table-Critic (Yu et al.,
2025) and RoT (Zhang et al., 2025b), and a simple
few-shot LLM prompting method on three random
permutations of the table rows and columns of the
WikiTableQuestions dataset (Pasupat and Liang,
2015). The table reasoning accuracy fluctuates
with each permutation.

(3) Difficult to ground the reasoning process:
Linearizing tables often constrains LLMs to plain-
text reasoning, where evidence is serialized text
rather than specific rows, columns, or cells. As
existing methods typically perform reasoning (e.g.,
Chain-of-Thought (Zheng et al., 2023)) over serial-
ized tables, their reasoning steps are not explicitly
grounded in individual row-column-cell relations,
making the supporting evidence harder to trace.

To address these limitations, we propose Table
Graph Reasoner (TABGR), a novel table reasoning
method that introduces an Attributed Table Graph
(ATG) for table representation. In the ATG, rows
and cells of a table are represented as the graph
nodes, while the graph edges encode the column re-
lations. This representation allows LLMs to access
row-column-cell relations as graph triples.

Based on the ATG, we propose a Question-
Guided Personalized PageRank (QG-PPR) (Jeh
and Widom, 2003; Brin and Page, 2012) mech-
anism to assign question- and structure-aware
salience scores to each graph triple by inducing
a propagation matrix, and we rerank triples accord-
ing to their importance. This ensures that crucial
information is surfaced to the LLM regardless of
its original position in the table.

Besides, graph-based table reasoning allows
LLMs to reason over explicit structural relations
by identifying salient subgraphs, tracing reasoning

paths, and revealing which row-column-cell con-
nections support the final prediction, making the
evidence path easier to inspect.

Our contributions are summarized as follows:

(1) We propose TABGR, a table reasoning model
that requires no task-specific training and repre-
sents tables as an Attributed Table Graph, explicitly
preserving the row-column-cell structure for more
effective reasoning.

(2) We introduce a Question-Guided Personal-
ized PageRank mechanism that assigns salience
scores to table (i.e., graph) triples, enabling
question- and structure-aware triple reranking and
hence improving robustness to answer position in
tables (a.k.a. the “lost-in-the-middle” issue).

(3) We transform table reasoning into graph-
based reasoning, enabling LL.Ms to produce rea-
soning paths grounded in row-column-cell triples,
making the supporting evidence easier to trace.

(4) Extensive experiments on Table Question
Answering (TableQA) and Table Fact Verification
(TableFV) benchmarks demonstrate that TABGR
not only consistently outperforms SOTA methods
in accuracy but also exhibits stronger robustness to
permutations of table contents.

2 Related Work

Table reasoning requires models to comprehend
both the content and structural information of ta-
bles, to support tasks such as TableQA and TableFV.
Existing methods differ primarily in how they repre-
sent tables and reason over the represented format.

Linearization-based Table Reasoning Most ex-
isting methods for TableQA and TableFV follow a
“linearize-then-reason” paradigm, converting tables
into linearized sequences (e.g., in Markdown for-
mat) before feeding them into LLMs. The methods
can be further categorized into two groups.
Decomposition-based reasoning methods gener-
ate executable code or symbolic operations to
decompose tables and questions. For example,
Dater (Ye et al., 2023) decomposes tables and ques-
tions via LLM-generated programs. Binder (Cheng
et al., 2023) iteratively refines executable programs
with LLM feedback. TableRAG (Chen et al.,
2024) generates programs to retrieve relevant ta-
ble cells and columns before reasoning. Chain-of-
Table (Wang et al., 2024) performs step-wise rea-
soning by iteratively applying predefined symbolic
operations to derive sub-tables. Table-Critic (Yu
et al., 2025) improves this pipeline by introducing
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Figure 2: Overview of TABGR, a graph-based framework for table reasoning. The input table is first transformed
into an Attributed Table Graph (ATG), which supports Question-Guided Personalized PageRank (QG-PPR) for
estimating the salience of table triples and reranking evidence. The reranked evidence then guides an LLM to
perform reasoning over the ATG, producing a traceable evidence path grounded in table triples.

intermediate critiques to refine each reasoning step.
This line of work can reduce long-context exposure
through execution, while TABGR instead explicitly
keeps table structure during reasoning.

Full-table reasoning methods utilize LLMs to
reason over full tables. For example, TaCo (Zheng
et al, 2023) performs Chain-of-Thought
(CoT) (Wei et al., 2022) reasoning directly over
fully linearized tables. RoT (Zhang et al., 2025b)
improves CoT prompting by performing row-wise
traversal reasoning using fully linearized tables.

Linearization-based table representations are
simple and intuitive. However, they encode row-
column-cell bindings through serialized markup
and create long input contexts, where LLMs may
struggle to locate answers hidden in the middle (i.e.,
the lost-in-the-middle issue (Liu et al., 2024a)).

Graph Modeling for Tabular Tasks Graph
structures have been explored to capture de-
pendencies in tabular data. For example, T-
RAG (Zou et al., 2025) employs hypergraphs
for table retrieval in multi-table settings, while
ODYSSEY (Agarwal et al., 2025) utilizes hybrid
graphs to link tabular cells with external unstruc-
tured text for multi-modal linking. These meth-
ods still rely on linearized tables at inference time.
GraphOTTER (Li et al., 2025) targets complex ta-
ble layout understanding by modeling irregular ta-
bles as undirected graphs and performs predefined
reasoning actions to traverse the graphs. Its graph
representation primarily captures local connections
through cell values and their positional indices,
lacking explicit global row-column-cell structure,

while predefined reasoning actions may limit gen-
eralizability. Tunes (Nguyen et al., 2025) adopts an
entity-centric framework by using LLMs to identify
a primary key and infer entity—attribute relations
before constructing a graph. Retrieval and reason-
ing operate at the entity level through hybrid search,
where queries are matched to pre-identified entity
nodes that are defined by table structure rather than
conditioned on the input question, which may limit
flexibility across diverse queries.

Different from these methods, TABGR rep-
resents tables as an ATG, which maintains
row—column—cell connections and enables a QG-
PPR mechanism. By deriving salience scores from
the ATG rather than plain-text, TABGR can priori-
tize critical triples regardless of their original posi-
tions, thereby mitigating the lost-in-the-middle is-
sues. Meanwhile, TABGR creates reasoning paths
aligned with table topology, making the supporting
evidence easier to trace.

3 TABGR

We consider an input table 7 and an input question
Q (in plain-text) that we aim to answer through
reasoning over 7.

As Figure 2 shows, our Table Graph Rea-
soner (TABGR) first transforms 7 into an At-
tributed Table Graph (ATG, Section 3.1). The ATG
explicitly encodes the row-column-cell structure of
T and serves two purposes: (1) It enables LLMs
to perform graph-based table decomposition (Sec-
tion 3.2), allowing TABGR to iteratively zoom in
to the question-relevant elements of 7. (2) It in-
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duces a sparse propagation matrix for a Question-
Guided Personalized PageRank (QG-PPR) mech-
anism (Section 3.3). By deriving salience scores
from the ATG, TABGR reranks graph triples to
prioritize the question-critical ones, hence mitigat-
ing the “lost-in-the-middle” issue. The reranked
triples are fed into an LLLM for final answer gen-
eration (Section 3.4). This processing pipeline is
summarized as Algorithm 1 in Appendix B.

3.1 Attributed Table Graph

We represent a table 7 as an attributed table graph
G = (V, &), where the node set V contains three
types of nodes: (1) cell value nodes cgk), each cor-
responding to the k-th unique value in column col;;
(2) row anchor nodes r;, each representing a ta-
ble row; and (3) a root node representing the en-
tire table and connected to all row anchor nodes,
mainly used to maintain graph connectivity. Each
cell value node cgk is connected to all row anchor
nodes whose rows contain this value in column
col;, and each edge (r;, cgk)) € £ is annotated with
the column header ;. Importantly, identical val-
ues appearing in different columns are treated as
distinct nodes and are not merged across columns.

Accordingly, table 7 can be viewed as a collec-
tion of structured triples defined at the cell level:

<Ti7hjyci¢j>7 1€ [17R]7 .76 [170}7 (1)
assuming 12 rows and C' columns in 7, and ¢; ;
denotes the cell value in row 7; and column col;,

corresponding to the value node cgk) in ATG if the
value appears multiple times in the same column.

Constructing G takes O(R - C') expected time us-
ing hashing, where R - C' accounts for visiting each
cell once in 7, and checking value-node unique-
ness takes O(1) time during graph construction.
This process and any subsequent graph updates are
not question-dependent and can be done offline if
T is given beforehand, where the resulting graph
occupies O(R - C') space.

3.2 ATG-Based Table Decomposition

TABGR traverses G to construct a grounded reason-
ing subgraph that is meant to contain task-relevant
structural units (i.e., triples).

The traversal (i.e., reasoning) process starts by
identifying anchor triples. These include (i) triples
whose cell values ¢; ; exactly match a sub-string of
the input question Q, and (ii) triples whose edge
attribute h; is considered relevant to Q by an LLM.

We then iteratively expand the subgraph (i.e. ex-
tracted triples), using an LLM judge to determine
if the current subgraph is sufficient to answer Q.
If not, TABGR iteratively selects more columns
(multiple columns are allowed for each step), and
it adds triples matching the selected columns to
the extracted subgraph. Otherwise, the traversal is
terminated, and the resulting subgraph, denoted by
G*, is passed to the next step for triple reranking.

3.3 Question-Guided Personalized PageRank

Next, we present our QG-PPR mechanism to
rerank triples in G*, such that the question-critical
triples will surface at the top, to catch the attention
of LLMs when fed into LLMs for reasoning and
answer generation. QG-PPR operates on a triple-
level sparse propagation matrix induced from the
ATG, where each triple connects only within its
row or column, yielding the degree of each triple
to be upper bounded by R + C. Let n denote the
number of triples. Thus, each power iteration of
QG-PPR takes O(n(R + C')) expected time.

Triple Salience Scores We compute triple-level
salience scores using QG-PPR, which is an
adapted Personalized PageRank process, with the
following iterative update:

s = apo 4+ (1 —a)A"s®, 2)

where s(Y € R"*! denotes the salience scores at
iteration ¢, pg is a question-guided personalization
vector (detailed next), A is the triple-level sparse
propagation matrix (detailed next), and « € (0, 1)
is the teleport probability (Brin and Page, 2012).

We initialize s(*) with a uniform distribution and
apply power iteration (K times) until convergence.
In practice, we run 20 iterations, which is sufficient
to obtain stable salience scores in our experiments.

Personalization Vector We define a personaliza-
tion vector pg, which encodes the question-specific
importance of each triple and serves as the restart
distribution in Personalized PageRank.

Given a triple (7, hj, ¢; ;), we denote by po (3, j)
the entry in pg associated with this triple. We ini-
tialize pg using question-aware signals from both
exact string matching and an LLM-based semantic
selector. We construct the key column name set
H, and key cell value set C, by taking the union
of (i) columns/cell values that exactly match a sub-
string of Q and (ii) additional columns/cell values
selected by the LLM based on semantic relevance.
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All matched candidates are deduplicated before
scoring to avoid repeated counting.
Each triple receives an additive initial score:

po(i,7) = veol - I(h; € Hq) + vva - Lci; €Cq)y (3)

where I(-) denotes the indicator function. The en-
tries of the personalization vector pg are then nor-
malized such that 3, . po(i, j) = 1, yielding a
valid probability distribution over the triples. By
default, we set v.op = 1.0 and vy, = 2.0.

To further down-weight overly frequent cell
values and emphasize more informative values,
we incorporate an inverse document frequency
(IDF) (Jones, 2004) term into the value-level con-
tribution vy by vy, - IDF(¢; ;). Formally, for each
cell value c; j, we define:

IDF(ci5) = log(l + N ) , “4)

1+ df(ei )

where N is the total number of rows in 7 and
df(c; ;) is the number of rows containing ¢; ;.

Sparse Propagation Matrix To incorporate con-
nectivity information between the triples, we in-
duce a weighted triple-level sparse propagation
matrix A € R™*", projecting row- and column-
level structural constraints onto transitions between
triples. The matrix serves as the transition operator
for propagating evidence probability from question-
relevant triples to potential triples.

Two triples u and v are connected if they belong
to the same row or share the same column header
in G*. Their transition weight is defined as:

Wrow
m, u,v c C(Ti)7
=\ e ®)
Clcol)] u,v € C(coly),
J

where C(r;) and C(col;) denote the set of triples
from row r; and column col;, respectively, and
| - | represents set cardinality. Parameters wrow
and w¢, modulate the relative strength of infor-
mation propagation along the row dimension and
column dimension, which satisfies wyow + Weol = 1.
This constraint guarantees that the sum of transition
probabilities from any triple equals 1, preserving
numerical stability during the subsequent QG-PPR
iterations. By tuning these weights, we can flexibly
prioritize row content or column content depend-
ing on the question type. Further, normalizing by
|C| ensures that the propagation intensity remains
invariant to table size and permutation.

Triple Reranking We use the salience scores s
derived from the QG-PPR process to rerank evi-
dence both across rows and within each row. This
reranking encourages question-critical triples to be
placed at the start of the prompt to be fed into an
LLM for reasoning and answer generation, regard-
less of their positions in the original table 7.

For each row r;, we aggregate salience scores of
its triples to obtain a row-level importance score:

S(re) = si;, (6)
J

where s; ; denotes the salience score of the triple
(i, hj, c; j). The rows are then ranked in descend-
ing order of S(r;).

Within each row, the corresponding triples are
further ranked according to their individual salience
scores s; j in descending order, yielding an intra-
row ordering of cell-level evidence.

For order-sensitive questions, where the answer
depends on the inherent order of the table (e.g.,
“who is the first listed player”), the original triple
order is preserved. For all other questions, the
reranked triples are provided for the downstream
reasoning. By prioritizing evidence based on graph-
derived salience rather than original position in the
table, TABGR effectively mitigates the “lost-in-the-
middle” effect and achieves robust performance
across different table permutations.

3.4 Answer Generation

The final stage of TABGR utilizes the reranked
subgraph to generate both the final answer and
explicit reasoning paths. Given question Q and the
reranked subgraph G~ . . (in the form of triples),
we prompt an LLM to perform Chain-of-Thought
(CoT) (Zheng et al., 2023) reasoning over G ...

The LLM is instructed to conduct reasoning by
going through the graph triples. This process can
be formulated as follows:

(P7 T7 ATLS) = LLM(Q: g:anked)a (7)

where P = {ti,to,...,t;} represents the rea-
soning path consisting of the sequence of triples
t; € G nieq that has been used to derive the an-
swer; 1" denotes the CoT text, which provides the
logical derivation grounded by path P, and Ans is
the final generated answer.

By running the CoT process over the reranked
graph triples rather than a linearized, plain-text ta-
ble, TABGR effectively decouples reasoning from
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the table’s original sequence. This enables robust-
ness against table permutations and makes reason-
ing more traceable, since each step in the path P
can be mapped back to triples in G

ranked*
4 [Experiments

4.1 Experimental Setup

Datasets We evaluate our model on five table
reasoning benchmarks. We first use two widely
adopted datasets, following the recent baseline
Table-Critic (Yu et al., 2025): (i) WikiTableQues-
tions (denoted as WikiTQ) (Pasupat and Liang,
2015), a TableQA benchmark with 4, 344 test sam-
ples from 421 tables; and (ii) TabFact (Chen et al.,
2020), a table fact verification benchmark with
2,024 test samples from 298 tables. To further eval-
uate the generalizability of our method under more
complex and large-scale table settings, we addition-
ally conduct experiments on: (iii) HiTab (Cheng
et al., 2022), which features hierarchical tables
with multi-level headers and nested structures;
(iv) SLQA (Wang et al., 2025a), a large-table
TableQA benchmark; and (v) RealHiTBench (Wu
et al., 2025a), a realistic hierarchical-table bench-
mark that enables evaluation on complex layouts
with table structures recovered from serialized in-
puts. Dataset details are provided in Appendix C,
and the results on HiTab and RealHiTBench are
reported in Appendix G and H, respectively.

Competitors We compare our method TABGR
(both w/ and w/o table decomposition, denoted
as TABGR' and TABGR, respectively) with two
categories of baseline methods:

(1) Decomposition-based reasoning: This cat-
egory breaks down tables or questions into sub-
components before reasoning, including Dater (Ye
et al, 2023), Binder (Cheng et al., 2023),
TableRAG (Chen et al.,, 2024), Chain-of-
Table (Wang et al., 2024), Table-Critic (Yu et al.,
2025), and GraphOTTER (Li et al., 2025), which
have been described in Section 2.

(2) Full-table reasoning: This category reasons
over the full tables. End-to-End QA directly
prompts an LLM with linearized full tables and
questions. Few-shot QA adds examples (table,
question, and the corresponding answer) to the
LLM input. Chain-of-Thought (CoT) (Wei et al.,
2022) directly prompts an LLM to generate step-
by-step reasoning over the linearized table. LLM-
Reranker + CoT first prompts the LLM to reorder
rows and columns by question relevance, followed

by CoT reasoning, providing a strong yet simple
reranking baseline. Tunes (Nguyen et al., 2025)
and RoT (Zhang et al., 2025b) are also tested,
which have been described in Section 2.

Implementation Details We run experiments
with three LLM families of different sizes, in-
cluding both open- and closed-source models:
(i) GPT-40-mini (Hurst et al., 2024) and GPT-
5-mini (OpenAl, 2026), (ii) LLaMA3.3-70B-
Instruct, LLaMA3.1-70B-Instruct, and LLaMA3.1-
8B-Instruct (Dubey et al., 2024), and (iii) Qwen2.5-
72B-Instruct (Yang et al., 2024). LLaMA3.3-70B-
Instruct is used as the default backbone model
across all methods tested in the same experiment.

For all baseline methods, we follow their origi-
nal settings. For our methods, TABGR " uses ATG-
based decomposition, while TABGR reasons over
the full ATG. We set o to 0.15 and 0.35 for the
two modes, respectively (detailed hyper-parameter
study is included in Appendix D). For all exper-
iments, we use temperature 0.0, i.e., greedy de-
coding, to minimize randomness for result repro-
ducibility. The detailed prompts used for our meth-
ods are included in Appendix A.

Evaluation Metrics For WikiTQ, HiTab, and
SLQA, we use the official WikiTQ evaluator and re-
port accuracy based on exact string matching (Pa-
supat and Liang, 2015). For TabFact, we report
binary classification accuracy (true/false).

4.2 Results

Accuracy Results Table 1 reports method per-
formance across different LLM backbones on both
datasets. We make the following observations:

(1) TABGR (with full graph reasoning) consis-
tently outperforms all baseline methods across all
three LLMs on both datasets. On average, TABGR
achieves 78.8% accuracy on WikiTQ and 93.6% on
TabFact, i.e., 2.7% and 1.0% improvements over
the strongest baseline, RoT, respectively. McNe-
mar’s exact test (Dror et al., 2018) confirms signifi-
cant gains over RoT on both WikiTQ and TabFact
datasets (p < 10~ and p < 0.01).

(2) While TABGR" (with ATG-based table de-
composition) is not as accurate as TABGR due
to information loss during decomposition, it out-
performs all decomposition-based baselines and is
on-par with the strongest full-table reasoning base-
line, RoT. On average, TABGR" outperforms the
best decomposition-based method, Table-Critic, by
2.8% and 1.1% on the two datasets, respectively.
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LLaMA3.3-70B

Category Method

Qwen2.5

-72B

GPT-40-mini

Average

WikiTQ TabFact WikiTQ TabFact WikiTQ TabFact WikiTQ TabFact

Binder (Cheng et al., 2023) 522 80.5 57.0 82.2 54.8 83.3 54.7 82.0
GraphOTTER (Li et al., 2025) 55.1 71.2 553 76.9 50.3 67.0 53.6 71.7
TableRAG (Chen et al., 2024) - - 59.7 72.3 55.2 69.6 57.5 71.0
Decomp. Dater (Ye et al., 2023) 59.5 87.6 63.0 90.0 65.8 88.3 62.8 88.6
Chain-of-Table (Wang et al., 2024) 62.1 89.9 68.3 89.7 67.5 88.9 66.0 89.5
Table-Critic (Yu et al., 2025) 70.1 91.5 77.2 92.6 73.9 91.1 73.7 91.7
TABGR' (ours) 76.9 93.5 76.2 92.8 74.3 91.8 75.8 92.7
A (%) 19.7 122 - 10.2 1 0.5 1 0.8 1238 T 1.1
End-to-End QA 51.1 81.0 56.6 85.0 52.6 73.5 534 79.8
Few-Shot QA 62.0 82.6 61.7 85.1 57.6 75.1 60.4 80.9
Chain-of-Thought (Wei et al., 2022)  72.7 91.0 73.6 92.3 72.4 90.5 72.9 91.3
Full-table LLM-Reranker + CoT 75.2 91.3 73.8 89.6 70.3 89.0 73.1 90.0
Tunes (Nguyen et al., 2025) 76.8 91.2 - - 75.4 90.4 76.1 90.8
RoT (Zhang et al., 2025b) 78.7 92.6 7173 93.6 74.2 92.0 76.7 92.7
TABGR (ours) 80.1 94.4 79.2 94.0 77.1 92.3 78.8 93.6
A (%) 11.8 1.9 125 10.4 123 10.3 2.7 11.0

Table 1: Overall table reasoning performance comparison. TABGR represents our method with ATG-based table
decomposition and TABGR represents our method with full-graph reasoning. Bold denotes the best performance
and underline denotes the second-best. A (%) denotes the relative performance gain of TABGR and TABGR'

compared with the best baseline results.

WikiTQ TabFact SLQA
Meth
ethod Small Medium Large Small Medium Large
# Questions (3,625)  (638) 81)  (1,942) (82) (1,110)
Table-Critic 72.1 60.8 55.6 91.7 87.8 523
RoT 80.6 714 543 927 902 54.1
TABGR' 786 674 704 936 927 66.7
TABGR 82.1 723 654 945 939 655
A (%) 1719 113 1266 119 141 1233

Table 2: Table reasoning performance comparison with
the best baselines across tables in different size ranges:
small (< 1k tokens), medium (1k—4k tokens), and large
(> 4k tokens). WikiTQ contains table size from small to
large. TabFact contains only small and medium tables,
while SLQA focuses on real-world large tables.

To further examine the usefulness of TABGRT,
we break down the tables in the three datasets by
size and report method performance over differ-
ent table size categories in Table 2. We focus
on TABGR, TABGR', and the two best baselines
Table-Critic and RoT (same below).

Overall, larger tables are more challenging, and
the different methods achieve lower accuracy over
larger tables. TABGR is the most accurate over
small or medium tables, while TABGR " excels over
large tables, demonstrating its effectiveness in iden-
tifying the most relevant subgraph for answer gener-
ation. The performance gap between our methods
and the baseline methods is much larger on the

Shuffled WikiTQ Shuffled TabFact

Method

Row Row & Col Row Row & Col
Table-Critic | 14.1  J 187 | 9.7 | 14.0
RoT 1 4.1 162 109 1.1
TABGR"T 09 |13 105 107
TABGR 1 0.1 105 106 1 0.7

Table 3: Average relative accuracy changes (%), com-
pared with accuracy on the original datasets.

large tables, emphasizing the “lost-in-the-middle”
issue which is addressed by our QG-PPR triple
reranking. In contrast, small tables yield the best
performance for all methods due to low noise and
short context. Notably, TABGR' performs even
better on large tables than on medium-sized ones
for WikiTQ, suggesting that ATG-based decompo-
sition helps large-table reasoning by extracting a
question-relevant subgraph from many irrelevant
triples. Thus, TABGR is recommended for small
and medium tables, while TABGR is preferable
for large tables or tight context budgets.

Robustness Analysis To evaluate robustness
against answer location in tables, we shuffle ta-
ble rows and columns with three random seeds
and report the average performance drop from the
original tables. We identify 1,193 (27.46%) ques-
tions in WikiTQ and 642 (31.72%) in TabFact as
order-sensitive and retain their original order. The
remaining order-insensitive questions are shuffled
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Dataset Category Method Input Output

D Table-Critic 31,192 875
ecomp. T 5.063 285
WIKiTQ TABGR 0.16x) (0.33)
RoT 2,013 460
2,500 205
Full-table 7, 5 GR w/o QG-PPR (124x) (0.45%)
4739 223
TABGR (2.35%)  (0.48x)
D Table-Critic 30,681 1,008
ecomp. '1_ 4089 245
TabFact TABGR (0.13x)  (0.24x)
RoT 1,520 249
1,998 172
Full-table 1,y GR w/o QG-PPR (131%) (0.69%)
3,665 207
TABGR (241x) (0.83x)

Table 4: Token costs per question. Ratios in parentheses
are computed against Table-Critic for decomposition-
based methods and against RoT for full-table methods.

for robustness evaluation.

As shown in Table 3, the two baseline models re-
port substantial performance drops when the tables
are shuffled, possibly because they are tuned for
the original datasets. Our TABGR methods exhibit
superior robustness, with only marginal accuracy
drops, as our QG-PPR mechanism prioritizes the
question-relevant triples regardless of their initial
positions in the tables. The slight drops can be
explained by random effects of shuffling. Also,
when triples receive identical salience scores, their
relative order follows the (shuffled) table order.

Efficiency Analysis Table 4 reports the LLM
calling costs in terms of the number of input/output
tokens per question. TABGR significantly re-
duces both input/output tokens compared to the
best decomposition-based baseline Table-Ceritic.
For example, on WikiTQ, TABGRT uses 5,063 in-
put tokens per question, only 0.16x Table-Ceritic.
This reduction is primarily attributed to ATG-based
subgraph extraction, which prunes irrelevant table
content before answer generation.

For full-table reasoning, TABGR requires more
input tokens than RoT does, mainly because QG-
PPR constructs question-guided structural evi-
dence through its personalization step. The ad-
ditional input cost supports stronger structural
grounding and robustness, while TABGR still
reduces output tokens compared with RoT. For
efficiency-sensitive settings, TABGR w/o QG-
PPR provides a lightweight alternative that keeps
the ATG representation but disables question-

Method WikiTQ TabFact

Full-table reasoning

TABGR 80.1 94.4
w/o QG-PPR 79.5 93.8
w/o Semantic relevance 77.6 92.1
w/o ATG (Linearized CoT) 72.7 91.0

Decomposition reasoning

TABGR' 76.9 93.5
w/o QG-PPR 76.0 93.2
w/o Semantic relevance 74.6 924
w/o ATG expansion 73.7 92.0
w/o ATG (Linearized decomp.)  69.0 88.1

Table 5: Ablation study results. A (%) indicates the
relative performance drop when a module is removed.

guided reranking, using substantially fewer input
tokens than full TABGR and fewer output tokens
than RoT. As shown in Table 5, this variant in-
curs only 0.8% and 0.6% relative accuracy drops
on WikiTQ and TabFact, respectively, and remains
competitive with the strongest full-table baseline.

In Appendix F, we further compare the num-
ber of LLM calls of different methods, and report
TABGR’s ATG construction time and memory con-
sumption across datasets. The results on SLQA fur-
ther demonstrate the scalability of TABGR.

Generalization Results We further evaluate
TABGR under more challenging table structures
and different backbone LLMs. On HiTab, which
contains hierarchical tables with multi-level head-
ers and nested structures, TABGR achieves 74.3%
accuracy, outperforming GraphOTTER at 72.7%.
On RealHiTBench, we use TreeThinker (Wu et al.,
2025a) to recover the hierarchical row and column
structures from serialized tables. To isolate the
effect of table representation and reasoning, both
TABGR and RoT use exactly the same recovered
structure. Under this controlled setting, TABGR
improves the overall accuracy from 53.12% to
54.11%, and the accuracy on structure comprehen-
sion from 64.46% to 66.92%. These results show
that the gains of TABGR extend to more complex
table structures and cannot be attributed solely to
upstream structure recovery.

We also examine the effect of the backbone LLM
in Appendix I, where TABGR consistently outper-
forms strong baselines with additional LLMs of
different sizes. Beyond the datasets introduced
in Section 4, Appendix M evaluates TABGR on
TableBench (Wu et al., 2025b), providing further
evidence on complex real-world table reasoning.
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Ablation Study We study the contribution of
each component through controlled ablations. “w/o
ATG expansion” uses only anchor triples, “w/o QG-
PPR” disables question-guided reranking, “w/o
semantic relevance” disables the LL.M-based se-
mantic selector for identifying additional question-
relevant columns and cell values beyond exact
matches, and “w/o ATG” removes ATG represen-
tation and graph operations, reducing TABGR to
CoT-style reasoning over linearized tables. Table 5
shows that all ablations degrade accuracy, with re-
moving ATG causing the largest performance drop,
confirming the importance of explicit row-column-
cell grounding. Semantic relevance selection, it-
erative subgraph expansion, and question-guided
reranking provide additional gains. The small drop
of TABGR w/o QG-PPR further suggests a cost-
sensitive variant under limited token budgets, as
discussed in Table 4.

Structural Grounding Analysis. We investigate
whether ATG’s gains stem from explicit modeling
of table structure or can be achieved with richer
serialized textual representations. We compare
Markdown, JSON, HTML, and IKTEX with ATG
on WikiTQ, using the same backbone (LLaMA3.3-
70B) and prompting setting.

As shown in Table 6, HTML performs best
among the textual formats with 77.3% accuracy,
while ATG achieves 80.1%. We further analyze
structural errors, including selecting incorrect rows
or columns, associating values with incorrect posi-
tions, aggregating the wrong set of cells, and using
evidence from irrelevant columns. These errors are
judged by GPT-5.3 (OpenAl, 2026) using consis-
tent evaluation criteria across all representations.
ATG yields a lower error rate of 14.4%, compared
with 19.8% for HTML.

The results indicate that richer serialization alone
does not fully preserve table structure for reason-
ing, since the LLM must still recover the relations
among rows, columns, and values from the input se-
quence. ATG instead encodes each cell as a triple
(ri, hj,ci;), making these relations explicit and
providing more reliable evidence grounding. A
qualitative example is provided in Appendix K.

Other Results Additional parameter studies, ab-
lations, and case studies are provided in Appen-
dices D—N.

Representation Accuracy Struct. Error (%) |

Markdown 75.5 21.6
JSON 74.2 23.1
HTML 77.3 19.8
TEX 76.3 20.4
ATG (TABGR) 80.1 14.4

Table 6: Comparison of table representations on WikiTQ.
Structural errors include selection, positional, aggrega-
tion, and cross-column errors.

5 Conclusion

We proposed TABGR, a graph-based table reason-
ing method that represents tables as Attributed Ta-
ble Graphs, which explicitly preserve row-column-
cell structure and enable table-permutation robust-
ness via a Question-Guided Personalized PageRank
mechanism. Through reasoning over the attributed
table graphs, TABGR produces traceable evidence
paths grounded in table triples. Extensive exper-
iments show that our method outperforms state-
of-the-art methods in accuracy and robustness to
row and column ordering, while offering practical
efficiency trade-offs across different variants.

Limitations

Our method assumes that table structure, including
row—column relations and cell correspondences,
is available or recoverable before ATG construc-
tion. For serialized or irregular tables, an upstream
structure-recovery module may be required, and its
errors may propagate to downstream reasoning. Im-
proving robustness to imperfect structure recovery
remains an important direction for future work.

Our experiments mainly focus on TableQA and
TableFV with objective textual outputs, and do
not cover open-ended data analysis. Extending
TABGR to multimodal and multilingual table rea-
soning is left for future work.
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A Prompts

A.1 Prompts for Graph-Based Retrieval

The prompt used to select the key columns (i.e.,

edges) for the initial subgraph is as follows.

You are a table analysis assistant.

Given:

- A table title

- A natural language question about the table
- A list of candidate columns from the table
- One sample row from the table

Task: Select the column names that contain the
information necessary to answer the question.
Only return the column names (split by commas),
nothing else.

Here are some examples:
[Examples]

Title: {title}

Question: {question}

Candidate Columns: {candidate_col}
Sample Row: {sample_row}

Answer:

The prompt used to check if the subgraph fetched

is sufficient for question answering is as follows.

You are given a TableQA question and multiple
candidate reasoning paths.

Instructions:
- Use ONLY the candidate reasoning paths.
- Treat edges as UNDIRECTED: “(rowK; Col; X)”
and “(X; Col; rowK)” both mean rowK have Col
= X.
- Decide if the provided paths are sufficient
to answer the question.
% Sufficient: the given candidate paths can
deterministically yield the answer.
* Insufficient: necessary link(s) or value(s)
are missing or ambiguous.
- If sufficient: Set Finished: True.
- If insufficient: Set Finished: False.
- Output exactly and only the following one
section. Do NOT add any other text.

Here are some examples:
[Examples]

Title: {title}

Question: {question}

Candidate Reasoning Paths: {reasoning_paths}
Finished:

The prompt used to select more edges (i.e., col-
umn headers) that are used to retrieve correspond-

ing triples to expand the subgraph is as follows.

You are given a TableQA question, a set of
(possibly incomplete) candidate reasoning paths,
and a set of available relations from the same
table graph.

Goal:

- Select the MINIMAL SUFFICIENT subset of
relations from Available Relations which,
when combined with the candidate reasoning
paths, is enough to answer the question.

Rules:

- Use ONLY the relation(s) in provided
available relations. Do NOT invent new facts.

- Minimality: choose the fewest relations (>
1) among available relations that make the
answer derivable.

- Tie-breaking: if multiple equally minimal
subsets exist, preserve the original order in
Available Relations (i.e., pick the earliest
lines that work).

Output format (STRICT):

- Output exactly ONE line that starts with:
SELECTED_RELATIONS: followed by a Python
list literal of strings, e.g. [’relationl’,
"relation2’].

- Do NOT output anything else.

Here are some examples:
[Examples]

Title: {title}

Question: {question}

Candidate Reasoning Paths: {reasoning_paths}
Available Relations: {available_relations}
Sample Row: {sample_row}

SELECTED_RELATIONS:

A.2 Prompts for Graph-Based Answer
Generation

The prompt used to generate the final answers by
both TABGR and TABGR is as follows.

You are given a TableQA question and a list
of candidate reasoning paths. Given a question,
you should think it step by step and then answer
the question. Also provide the final reasoning
path encloses within <paths> ... </paths>.

Rules (strict):

- OUTPUT FORMAT: two sections:
<think> <paths> ... </paths> ...
<answer> ... </answer>

</think>

Here are some examples:
[Examples]

YOUR TURN

Title: {title}

Question: {question}

Header: {header}

Table Content: {reasoning_paths}
<think>

<paths>
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Algorithm 1: Overall pipeline of TABGR

Input :Table 7, question Q

Output : Final answer Ans, Chain-of-Thought text 7, and reasoning paths P.

—

G <« GraphConstruction(7")

A + InducePropagationMatrix(G)
G* < InitialExtraction(Q, G)
suf « False, count < 0
while count < 3 do
suf < Judge(Q,G*)
if suf = True then
L break

9 G* < G* U IterativeExpansion(Q, G)
10 count < count + 1

1 s < QG-PPR(Q,G*, A)
2 G .. < Rerank(G*,s)

3 (P, T, Ans) <— LLMReasoning(Q, G* . )
14 return P, T and Ans.

® N A N A W W

> Represent 7 as structured triples

> Triple-level transition operator
> Exact match and relation selection

> LLM-based subgraph sufficiency check

> Select additional edges

> Salience estimation via Eq. (5)
> Inter-row and intra-row reranking

> Generate grounded reasoning path and answer

B Overall Method Pipeline

Algorithm 1 summarizes the processing pipeline
of our TABGR" method. TABGR shares a similar

pipeline, but without Lines 3 to 10. Its G* is just G.

C Dataset Details

Table 7 summarizes the five datasets used in the
experiments. All experiments are run with three
NVIDIA A100 80 GB GPUs on a cloud GPU
server.

#Cols. #Rows #Toks. #Toks. #Toks. #QA Pairs
/Tbl. /Tbl. /Tbl. /Cell /Ans. Train Val. Test
TabFact 63 135 3179 37 1.0 92,28312,7922,024
WikiTQ 6.4 254 6626 4.1 1.7 11,321 2,831 4,344
7417 1,671 1,584
3,752
1,324 239 1,110

Dataset

HiTab

RealHiTBench 11.9 45.6
SLQA 11.0 7338 9,786.2 1.2 44

Table 7: Dataset statistics. ‘Cols.”: Columns; ‘Toks.’:
Tokens; ‘/Tbl.’: per table.

D Hyper-parameter Study

D.1 Impact of wyow and wel

We first tune the propagation weights wo, and
Weol Under the constraint wyow + wWeor = 1. We
evaluate a set of representative configurations as
shown in Table 8, including row-oriented (larger
Wrow), balanced, and column-oriented (larger weo)
configurations. The best-performing configuration

Method Weow  Weol WikiTQ TabFact
Acc. A (%) Acc. A (%)
01 09 758 |14 924 |12
. 03 07 769 - 929 106
t
TABGR™ o5 05 764 107 932 103
07 03 761 |10 935 -
09 01 742 |35 921 |15
02 08 788 |16 936 108
04 06 794 109 940 104
TABGR o6 04 801 - 944 -
08 02 785 120 933 |12

Table 8: Impact of wigy and wee) (Wrow + Weol = 1). A
indicates the relative performance drop from the best
result in each group.

is selected based on validation performance and is
used for results reported in the main experiments.
Across both WikiTQ and TabFact, TABGR con-
sistently achieves its best performance with wyow =
0.6 and we = 0.4, indicating a stable pref-
erence for moderately stronger row-wise propa-
gation. This suggests that TABGR often bene-
fits from aggregating multiple attributes within
the same row, while still preserving sufficient
column-level interactions for cross-row compar-
ison. In contrast, TABGR exhibits more dataset-
dependent sensitivity to the propagation weights.
On WikiTQ, which typically requires multi-step rea-
soning involving cross-row filtering and compar-
ison, a stronger column-wise propagation is pre-
ferred. On TabFact, which focuses on binary veri-
fication and often requires checking the consistency
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Method WikiTQ TabFact
Acc. A (%) Acc. A (%)
005 756 |17 928 |07

TABGRT 0.15 76.9 - 93.5 -
025 761 |1.0 931 |04
025 792 |11 939 105

TABGR  0.35 80.1 - 94.4 -
045 795 |07 940 |04

Table 9: Impact of the teleport probability c. A (%)
indicates the relative performance drop from the best
result in each group.

of multiple attributes within the same row, stronger
row-wise propagation proves more effective.
From a reasoning perspective, these trends re-
flect how the two methods process information.
TABGR performs global reasoning over the entire
graph structure, allowing salience signals to prop-
agate broadly and resulting in more stable perfor-
mance across hyper-parameter settings. TABGR',
by contrast, relies more on iterative reasoning over
progressively constructed subgraphs, making its
performance more sensitive to how relevance is
propagated along row or column dimensions.

D.2 Impact of o

Next, we investigate the impact of the teleport prob-
ability «, with results summarized in Table 9.

The optimal values of o again vary for the two
methods. TABGR' achieves peak performance at
a = 0.15, whereas TABGR performs the best at
a = 0.35. This suggests that decomposition-based
reasoning, which operates on subgraphs, benefits
from a lower restart probability to allow for deeper
structural propagation over the graphs. Conversely,
reasoning over full tables requires a larger « to
maintain focus on question-relevant anchors, since
it receives larger graphs.

D.3 Impact of Number of Iterations in
QG-PPR

Table 10 reports the impact of the power iteration
count, K, used by QG-PPR. For both TABGRT
and TABGR, their accuracy improves slightly from
K = 10 to K = 20 and remains unchanged at
K = 30. Theoretically, the error of the power
method for PPR decreases at a geometric rate of
(1 — o). With our default teleport probability
o = 0.15 for TABGRT and o = 0.35 for TABGR,
the residual error terms (0.85)?° ~ 0.038 and
(0.65)%° ~ 0.00018 are sufficiently small to sta-

bilize the relative ranking of the table triples.

Method K WikiTQ TabFact
Acc. A (%) Acc. A (%)
10 764 107 931 |04
TABGRT 20 76.9 - 93.5 -
30 769 00 935 0.0
10 798 104 942 102
TABGR 20 80.1 - 94.4 -
30 80.1 00 944 00

Table 10: Impact of the number of iterations, K.

D.4 Impact of the Initial Scoring Weights

We also evaluate the impact of the initial scoring
weights veo and vee, which affect the question-
aware relevance distribution in the personalization
vector po.

As Table 11 shows, setting v,o; = 1.0 and
Veell = 2.0 yields the best accuracy. This observa-
tion aligns with our intuition that column headers
guide the relevant table fields, while specific cell
values play a more direct role in grounding evi-
dence for reasoning. Incorporating the IDF term
further adjusts v by down-weighting frequent
values, helping the methods emphasize more in-
formative evidence. Overall, the relatively small
performance variations across different configura-
tions indicate that our graph-based propagation is
robust to the choice of initial scoring weights.

WikiTQ (Acc.) TabFact (Acc.)
Ucol Vcell
TABGRY TABGR TaBGR' TABGR
2.0 1.0 76.6 79.9 934 94.2
1.0 1.0 76.5 79.7 93.3 94.2
1.0 2.0 76.9 80.1 93.5 94.4

Table 11: Impact of the initial scores v¢o and ve.

E Additional Ablation Study

We conduct additional ablation studies to further
evaluate the effectiveness of QG-PPR.

In Table 12, we remove QG-PPR (“w/o QG-
PPR”) and rerun our methods on the shuffled
datasets as described earlier. Both TABGR and
TABGR' become more vulnerable to the shuffles,
recording larger drops in accuracy, e.g., 5.9% vs.
0.5% for TABGR w/o QG-PPR and TABGR on
WikiTQ with randomly shuffled rows and columns.

Table 13 reports accuracy results when QG-PPR
is replaced by naive PageRank (“w/ PageRank”),
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Shuffled WikiTQ Shuffled TabFact

Method

Row Row & Col Row Row & Col
TABGR' 109 13 o5 |07
TABGR'w/o QG-PPR | 6.0 | 7.1 1 1.0 1 1.2
TABGR 1 0.1 $05 106 1 0.7
TABGR w/o QG-PPR |58 |59 | 1.2 1 1.5

Table 12: Impact of QG-PPR on permutation robust-
ness.

Method WikiTQ TabFact

Acc. A Acc. A

Few-Shot QA 62.0 - 82.6 -
w/ Row-based Reranking 589 |50 743 | 10.0

TABGR 80.1 - 94.4 -
w/ PageRank 789 |15 925 |20

Table 13: Impact of QG-PPR on improving accuracy.

which uses uniform initialization without a per-
sonalization vector, i.e., to propagate importance
without explicitly modeling question relevance.
We further compare against a Few-Shot QA base-
line with a row-based reranking strategy. Few-Shot
QA relies on linearized table representations, and
the row-based reranking ranks table rows according
to LLM-predicted importance scores, with higher-
ranked rows placed earlier in the LLM input. This
setting allows us to examine whether simple LLM-
based reranking is sufficient to improve reasoning
performance under a table linearization strategy.
The results show that both alternative reranking
strategies result in accuracy drops. This indicates
that reranking alone is insufficient to address the
limitations of linearized table reasoning, and high-
lights the importance of explicitly modeling table
structure, as enabled by QG-PPR’s graph-based
representation and question-guided propagation.

F Efficiency and Scalability Analysis

ATG construction Table 14 reports the ATG con-
struction time. We see that it takes less than 5 sec-
onds to construct the ATGs required for the 421
tables of the WikiTQ dataset, i.e., 0.010 s per table
and it is even faster for TabFact, as the average ta-
ble size is smaller in TabFact. Even for large-table
QA benchmark, SLQA (with 27 tables), it takes only
0.019 s to construct the ATG per table. Also, the
maximum time (Max Time) taken for any table in
the datasets is below 0.5 seconds, showing the high
practicality of our method.

In terms of memory usage, constructing an ATG

Dataset # Questions Total Time (s) Avg. Time/T (s) Max Time (s)

WikiTQ 4,344 4.28 0.010 0.36
TabFact 2,024 0.73 0.002 0.15
SLQA 1,100 0.55 0.019 0.40

Table 14: ATG construction times.

requires approximately 3 MB per table for WikiTQ,
1.4 MB for TabFact, and 45 MB for SLQA (average
of 9, 786 tokens per table). This efficiency comes
from representing the graph using a CSR sparse
matrix, which is well suited for the highly sparse
structure of ATGs. Importantly, ATG construction
and updates can be performed fully offline as it is
query independent, hence minimizing the risk of
out-of-memory (OOM) issues during inference.

QG-PPR We further study the running time of
QG-PPR matrix computation. On average, each
question takes 0.17 s on WikiTQ and 0.08 s on
TabFact for this computation. Even on the large-
table benchmark SLQA, the running time is only
2.5 s per question. These results demonstrate the
efficiency of QG-PPR.

To compare the efficiency of QG-PPR with a sim-
pler LLM-Reranker pipeline, we report the average
number of input and output tokens per question in
Table 15. On the WikiTQ dataset, although TABGR
uses more input tokens, its number of output tokens
is much smaller. Since LLM inference latency is
largely dominated by the length of generated out-
puts, the effective inference time of TABGR is only
22% of that of the simpler reranking method. Simi-
larly, on TabFact, the inference time of TABGR is
only 31% of that of the LLM-Reranker.

These results show that QG-PPR achieves higher
accuracy (shown in Table 1) while substantially re-
ducing output generation time by avoiding prompt-
ing the LLM to fully rerank all table cells. As a
result, TABGR is not only more accurate but also
more efficient in inference than the simpler LLM-
Reranker.

Number of LLM Calls As shown in Table 16,
existing decomposition-based methods typically re-
quire many iterative LLLM calls per question (up
to 100 calls on WikiTQ). TABGRT significantly re-
duces the number of required LLM calls through
ATG-based decomposition. The full-table variant
TABGR requires only three LLM calls per question
on average, achieving highly efficient inference.
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Dataset  Method Input Tokens  Output Tokens
WikiTQ LLM-Reranker + CoT 2,520 1,032
TABGR 4,753 223
TabFact LLM-Reranker + CoT 1,638 677
abract  TaBGR 3,665 207

Table 15: Token consumption compared with an LLM-
based reranker.

Method # LLM Calls
Dater (Ye et al., 2023) 100
Binder (Cheng et al., 2023) 50
Table-Critic (Yu et al., 2025) < 32
Chain-of-Table (Wang et al., 2024) <25
TABGR' <9
TABGR 3

Table 16: Comparison of the upper bound of LLM calls
per question across methods on the WikiTQ dataset.

G Experiments on HiTab

We further evaluate our method on HiTab to evalu-
ate its generalizability. HiTab is characterized by
its intricate hierarchical headers and nested struc-
tures, which pose a significant challenge.

To handle the hierarchical structures in HiTab,
TABGR introduces two structural adaptations dur-
ing triple construction to preserve structural and
semantic context. First, we flatten multi-level col-
umn headers by recursively merging parent and
child headers into a single semantic attribute path
(e.g., Region-Worker Type-Metric), which is em-
bedded into every triple in the column name h;.
Second, we adapt c; ; by propagating row-level
context by forward-filling merged cells in the left-
most columns, ensuring that each triple captures
the complete row hierarchy (e.g., Year-Industry).

We compare TABGR with recent methods, fol-
lowing their original implementations. In partic-
ular, TableParser (Zhao et al., 2023), GraphOT-
TER (Li et al., 2025), and TABGR are all evaluated
using Qwen2-72B-Instruct as the backbone LLM,
to ensure consistency with their reported settings.

As shown in Table 17, TABGR outperforms
the strongest baseline GraphOTTER, which is
also a graph-based reasoning method designed for
complex table understanding. This result further
demonstrates the flexibility of TABGR in handling
more complex table structures.

H Experiments on RealHiTBench

Following our TableQA/TableFV setting, we eval-
uate 2,384 questions from the three objective-

Method Accuracy
TableParser (Zhao et al., 2023) 44.6
GPT-3.5 (Zhao et al., 2023) 50.0

code-davinci-002 (Cao et al., 2023) 69.3
GraphOTTER (Li et al., 2025) 72.7

TABGR (ours) 74.3

Table 17: Accuracy results on HiTab.

Method Fact Numerical Structure  Overall
Checking  Reasoning Compr.  Accuracy
LLaMA3.3-70B 53.08 36.58 55.81 48.20
RoT w/ Markdown 49.71 41.89 61.87 49.20
RoT w/ TreeThinker 53.99 4591 64.46 53.12
TABGR w/ TreeThinker 54.81 46.43 66.92 54.11

Table 18: Performance comparison on RealHiTBench
using LLaMA3.3-70B-Instruct.

answer categories: Fact Checking, Numerical Rea-
soning, and Structure Comprehending. We exclude
Data Analysis and Chart Generation due to their
open-ended or executable outputs.

We use TreeThinker (Wu et al., 2025a) to re-
cover hierarchical row- and column-header struc-
tures from serialized I&TEX tables. RoT w/ Tree-
Thinker and TABGR w/ TreeThinker use exactly
the same recovered hierarchy, with RoT serializing
it as textual input and TABGR converting it into
complete row/column paths and graph triples. RoT
w/ Markdown directly reasons over the flat Mark-
down representation. All methods use LLaMA3.3-
70B-Instruct as the backbone.

As shown in Table 18, TABGR achieves the best
overall Accuracy of 54.11%. Compared with RoT
using the same TreeThinker-recovered structure,
TABGR improves overall accuracy from 53.12%
to 54.11%, and Structure Comprehending from
64.46% to 66.92%. This controlled comparison
shows that the improvement is not solely due to
upstream structure recovery, but also benefits from
TABGR’s graph-based structural representation
and reasoning.

I Experiments Across Different LLMs

LLaMA3.1-8B To study the impact of the size
of the backbone LLM, we use a smaller LLM,
LLaMA3.1-8B, in addition to the LLMs used in
Table 1. As shown in Table 19, the accuracy
drops for all methods compared with those using
LLaMA3.1-70B, which is expected. Our methods
still outperform the best baselines in the respec-
tive categories, showing their robustness against
LLM size. TABGRT is now slightly more ac-
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Method WikiTQ TabFact
Table-Critic (Yu et al., 2025) 45.5 68.9
RoT (Zhang et al., 2025b) 63.7 74.8
TABGR' 56.5 75.5
TABGR 64.2 75.2

Table 19: Accuracy comparison using LLaMA3.1-8B.

Method WikiTQ TabFact
TabSQLify (Nahid and Rafiei, 2024) 57.0 70.7
Chain-of-Table (Wang et al., 2024) 62.2 85.6
PoTable (Mao et al., 2026) 65.6 87.1
Tunes (Nguyen et al., 2025) 75.4 90.4
TABGR' 742 90.9
TABGR 76.5 91.6

Table 20: Accuracy comparison using LLaMA-3.1-70B.

curate than TABGR on TabFact, because ques-
tions in TabFact mainly rely on localized evidence,
making decomposition-based reasoning particu-
larly beneficial for the smaller LLM with limited
information-filtering capability.

LLaMA3.1-70B A few Dbaselines, Tab-
SQLify (Nahid and Rafiei, 2024), PoTable (Mao
et al., 2026), and Tunes (Nguyen et al., 2025), have
used LLaMA3.1-70B in their original papers. For
consistency, here, we also use LLaMA3.1-70B
as the backbone LLM for TABGR. The results
in Table 20 show that TABGR outperforms all
baselines with this backbone LLM.

GPT-5-mini We further evaluate with GPT-5-
mini, a more recent model in the GPT series. The
results in Table 21 show that TABGR continues
to outperform the strongest baselines when all are
powered by GPT-5-mini.

J Case Study

We conduct a case study comparing the outputs
of our TABGR with those of two strong baselines:
Table-Critic and RoT.

As shown in Figure 3, TABGR leverages the
ATG structure to precisely identify empty cells,
whereas RoT and Table-Critic suffer from struc-
tural misinterpretation and hallucination, leading
to the incorrect inclusion of Row 1.

J.1 Grounded and Traceable Reasoning

We provide qualitative examples to illustrate how
ATG triples make the reasoning process more trace-
able. The goal is not to claim that textual CoT

Method WikiTQ TabFact
Chain-of-Thought (Zheng et al., 2023) 76.4 94.5
RoT (Zhang et al., 2025b) 81.7 93.6
TABGR' 83.8 952
TABGR 854 95.8

Table 21: Accuracy comparison using GPT-5-mini.

Player Goals Country/Venue Notes
Marcos Pizzelli 1 Armenia International goal record
Marcos Pizzelli 1 Cyprus International goal record

Marcos Pizzelli 1 Cyprus International goal record

Table 22: Table excerpt for the assumption-drift case
study.

are not detailed, but to show that TABGR aligns
reasoning steps with concrete table evidence.

Case: Assumption drift. Table 22 shows an ex-
cerpt of the original table. For the question “in-
ternationally, Marcos Pizzelli has scored multiple
goals in Armenia and what other country?”, the
gold answer is “Cyprus”.

A CoT baseline predicts “Andorra” after shifting
the question from player-level scoring records to a
team-level proxy. This introduces an unsupported
assumption that is ungrounded in the target table
evidence.

TABGR instead grounds the reasoning path
in triples such as (r;, player, Marcos Pizzelli) and
(r;, country/venue, Cyprus). It counts countries di-
rectly from the selected rows and excludes Armenia
as specified by the question. The selected triples
show that “Cyprus” appears multiple times for Mar-
cos Pizzelli, making it the remaining country with
multiple goals. This example shows that a trace-
able triple-level path can help localize whether an
answer is supported by the table or introduced by
an unsupported reasoning shortcut.

K Analyses on Structural Grounding

The results in Table 6 show that ATG achieves
higher accuracy and fewer structural errors than
serialized textual table representations. Here, we
provide a qualitative comparison to illustrate how
explicit row-column-cell modeling helps avoid
grounding errors that can still occur with richer
textual representations.
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Question: During what time period was there no shirt sponsors?
Gold Answer: 1982-1985

Table Content:

Year | Kit Manufacturer | Shirt Sponsor | Back of Shirt Sponsor | Short Sponsor
1977-1978 [Empty] National Express [Empty] [Empty]

1982-1985 Umbro [Empty] [Empty] [Empty]

1985-1986 Umbro Whitbread [Empty] [Empty]

1986-1988 Henson Duraflex [Empty] [Empty]

1988-1989 [Empty] Gulf Oil [Empty] [Empty]

2011-2013 Errea Mira Showers Barr Stadia Gloucestershire Echo
Model \ Reasoning Process & Prediction

TABGR (Ours)

Thought: To find the time period when there was no shirt sponsor, we need to examine the "Shirt Sponsor” column in the table.
The table lists various years and their corresponding shirt sponsors. We are looking for rows where the "Shirt Sponsor" is empty,
indicating no sponsor. Upon reviewing the table, we find one row where the "Shirt Sponsor" is empty: (row2; Shirt Sponsor; )
with the year range (row2; Year; 1982-1985). Therefore, the time period when there was no shirt sponsor is 1982-1985.
Reasoning Path: (row2; Shirt Sponsor; ) — (row2; Year; 1982-1985)

Prediction: 1982-1985 v

Table-Critic

Thought: To determine the time period with no shirt sponsor, we need to examine the "shirt sponsor” column in the original
table. The rows with no shirt sponsor are: Row 1: 1977-1978 (no shirt sponsor); Row 2: 1982-1985 (no shirt sponsor). However,
we also notice that there are other rows with no shirt sponsor: Row 6 is not one of them since it has gulf oil as the shirt sponsor,
but row 1 and row 2 are. Given the information, the time period with no shirt sponsor is indeed 1977-1978 and 1982-1985.
The Prediction Answer only mentions one of these time periods (1982—1985), but it does not account for the other time period
(1977-1978). However, since 1982-1985 is indeed one of the correct time periods, the Prediction Answer is partially correct but
incomplete.

Analysis: Lost Structural Information and Model Confusion. The critic misinterprets the table structure (identifying Row 1
as empty) and incorrectly penalizes the correct partial prediction, leading to an over-corrected redundant answer.

Prediction: 1977-1978, 1982-1985 4 Incorrect

RoT

Thought: To answer the question, I need to figure out during which time period there was no shirt sponsor based on the given
table. Let me look at the table again. The table has several columns: Year, Kit Manufacturer, Shirt Sponsor, Back of Shirt
Sponsor, and Short Sponsor. My task is to find the time period when the "Shirt Sponsor" column is blank. Let me go through
each row one by one. 1. 1977-1978: The "Shirt Sponsor" column is blank. That’s one time period. 2. 1982-1985: The
"Shirt Sponsor" column is also blank. That’s another time period. 3. 1985-1986: The "Shirt Sponsor" column has a value,
"Whitbread"... [omitted rows 4-17 for brevity, but similar logic]... So, the time periods when there was no shirt sponsor are
1977-1978 and 1982-1985.

Analysis: Structural Grounding Error. The model incorrectly interprets Row 1 as blank, failing to ground "National Express"

Prediction: 1977-1978, 1982-1985

to its correct column due to the limitations of table linearization.

% Incorrect

Figure 3: Case study comparing TABGR with strong baselines: Table-Critic and RoT.

isn name

82 Rasul Kudayev —

arrival date departure date notes
2004-02-27

Repatriated to Russia on January 3, 2004...

Table 23: Table excerpt for the column-grounding case
study.

K.1 Case Study of Row-Column-Cell
Grounding

Table 23 shows an excerpt of a table for the ques-
tion “when was the first departure?”’, whose gold
answer is “2004-02-27".

The I4TEX-based method incorrectly predicts
“January 3, 2004”, using a date from the notes
column instead of ‘“2004-02-27” from the de-
parture date column. Although IATEX provides
richer layout information than simpler textual
formats, the model must still infer the associ-
ation between each value and its correspond-
ing column from the serialized input. In con-

trast, TABGR explicitly represents the relevant ev-
idence as (ri, departure date, 2004-02-27). The
date “January 3, 2004” is separately associated
with the notes column, preventing it from being
confused with the target departure date. TABGR
therefore returns the correct answer, “2004-02-27".

This example complements the quantitative re-
sults in Table 6. Richer textual representations can
preserve more layout information, but they still
require the LLLM to recover row-column-cell rela-
tions from the input sequence. ATG encodes these
relations explicitly, providing more reliable ground-
ing and making the supporting evidence directly
traceable.

L. Comparison with Program-based
Methods

Program-based methods can mitigate long-context
issues by avoiding full-table processing through
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Method GPT-40-mini Qwen2.5-72B
Python QA 51.2 41.9
Binder 61.4 58.5
DATER 59.8 60.2
TableRAG 55.2 59.6
TabSQLify 56.5 -
TALON 71.0 69.6
TABGR' 74.3 76.2
TABGR 771 79.2

Table 24: Comparison with representative program-
based methods.

Method ROUGE-L
Chain-of-Thought 38.2
RoT 44.8
TABGR 45.5

Table 25: Additional evaluation on TableBench.

Python or SQL execution. However, this paradigm
may introduce program-generation and execution
errors, including wrong column/filter selection and
information loss from early filtering or aggregation.

We compare TABGR with representative
program-based methods on table understanding
tasks. Python QA directly generates Python code
to answer questions. Binder iteratively refines
and executes generated programs. DATER (Ye
et al., 2023) decomposes tables and questions into
sub-tables and uses SQL to answer sub-questions.
TableRAG (Chen et al., 2024) retrieves relevant
cells through generated Python programs. Tab-
SQLify (Nahid and Rafiei, 2024) generates SQL
queries based on table schemas. TALON (Jin et al.,
2025) uses a multi-agent framework with code exe-
cution.

As shown in Table 24, TABGR outperforms the
best baseline by 6.1 points on GPT-40-mini and 9.6
points on Qwen2.5-72B. Although program-based
methods can avoid processing full table sequences,
they may break the original table into partial views
or introduce program-generation and execution er-
rors. In contrast, TABGR and TABGR preserve
table structure and sufficient context through ATG,
leading to stronger performance. Program execu-
tion is therefore complementary to our work and
could be combined with TABGR in future systems.

M Additional Evaluation on TableBench

To further evaluate TABGR in more challenging
table reasoning settings, we conduct additional
experiments on TableBench (Wu et al., 2025b).

Method WikiTQ TabFact
Claude Opus 4.7 78.6 91.2
TABGR w/ Claude Opus 4.7 80.9 93.7

Table 26: Evaluation with Claude Opus 4.7 on WikiTQ
and TabFact.

Model mpg

Fiat 500 1.2 POP 46
Mini Cooper COUPE 6M 3DR 1.6L Diesel 52

Table 27: Excerpt for the entity-comparison failure case.

TableBench contains complex real-world table rea-
soning examples and complements the main bench-
marks used in Section 4.

As shown in Table 25, TABGR achieves the best
ROUGE-L among the compared methods, with a
modest gain over RoT. This suggests that ATG-
based reasoning can generalize to more complex
table reasoning settings. The smaller margin sug-
gests that TableBench remains challenging and may
benefit from stronger hybrid reasoning strategies.

N Frontier Model Evaluation and Failure
Cases

To examine whether standard table reasoning
benchmarks remain challenging for frontier LLMs,
we evaluate Claude Opus 4.7 (via Anthropic API)
on the full test sets of WikiTQ and TabFact. As
shown in Table 26, TABGR further improves
Claude Opus 4.7 on both datasets, demonstrating
that our structured reasoning framework remains
beneficial even with a strong frontier LLM. This
suggests that these benchmarks remain challenging,
particularly for precise filtering, comparison and
structural reasoning.

Failure Case 1: Entity comparison error. Ta-
ble 27 shows a WikiTQ example that requires com-
paring numerical values across entities. The ques-
tion asks which vehicle gets better mpg. The gold
answer is “Mini Cooper”, since 52 > 46, but the
frontier model predicts “Fiat 500”. This indicates
that even frontier models can make incorrect entity
comparisons when reasoning over tabular values.

Failure Case 2: Counting and filtering error.
Table 28 shows an example where the question
asks how many singles are only a single. The gold
answer is 18, while the frontier model predicts 22.
The error comes from incorrect filtering on the
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Single Album

A World Called You
A World Called You
single only

A World Called You

Table 28: Excerpt for the counting/filtering failure case.

Year Name Year Name

1962-63 Mrs S. Von Wielligh
1963—64 Mr F.J. Van Heerden

Table 29: Excerpt for the structural-lookup failure case.

Album column, where entries associated with an
album are over-counted as “single only” cases.

Failure Case 3: Structural lookup error. Ta-
ble 29 shows an example with repeated column
groups. The question asks who is listed next after
“Mrs S. Von Wielligh”. The gold answer is “Mr EJ.
Van Heerden”, but the frontier model fails to fol-
low the local table order under the repeated column
structure. This reflects a structural lookup error,
where the model does not correctly track adjacency
within the intended column group.

Analysis. These failure cases show that fron-
tier LLMs can still struggle with table reason-
ing operations that require faithful grounding to
table structure, including numerical comparison,
column-based filtering, and local structural lookup.
These errors are consistent with the motivation of
TABGR, which represents table evidence as struc-
tured triples and ranks question-relevant evidence
before answer generation.
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