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Abstract

Table reasoning remains challenging for Large
Language Models (LLMs) as it requires in-
tegrating structured tabular information with
natural language questions. Previous SQL-
based approaches rely on surface-level align-
ment between question keywords and column
headers, often generating queries with spurious
or missing column mappings. We introduce
TabBridge, a framework that incorporates both
structural and contextual information for accu-
rate table reasoning. TabBridge first generates a
unified textual representation called Table Spec-
ification (TabSpec), preserving the structural
information through row and column analysis.
In order to ensure accuracy and consistency, we
also employ a reconstruction-based evaluation
mechanism to verify and refine the generated
TabSpec. TabSpec is subsequently used to gen-
erate SQL aligned with the contextual intent of
the question, enabling accurate interpretation
of column semantics that are often overlooked
by previous approaches. Across three pub-
lic benchmarks, TabBridge shows consistent
improvements over previous SQL-based meth-
ods, achieving 73.94% accuracy on WikiTable-
Questions (+5.3 pp over the previous state of
the art). TabBridge also demonstrates robust
performance across diverse LLM backbones,
confirming its generalizability across model ar-
chitectures. Our code is available at https:
//github.com/raylee0519/TabBridge.

1 Introduction

Tabular data are a standard format for storing struc-
tured information and are widely used in real-
world applications including relational databases
and spreadsheets. Table reasoning involves tex-
tual, numerical, and logical inference (Ye et al.,
2023), making the understanding of tabular data a
key challenge in natural language processing (Ruan
et al., 2024). This capability underpins tasks such
as table-based fact verification (Chen et al., 2019),

and question answering (Pasupat and Liang, 2015;
Nan et al., 2021).

Recent research has explored symbolic ap-
proaches that generate SQL from table–question
pairs and execute SQL queries for reasoning.
H-STAR (Abhyankar et al., 2025) and Tab-
SQLify (Nahid and Rafiei, 2024) adopt the Text-to-
SQL paradigm to translate natural language ques-
tions into executable SQL queries, enabling struc-
tured reasoning via explicit query operations. How-
ever, Text-to-SQL inherently relies on schema link-
ing to map question terms to column headers based
on lexical or semantic similarity, making these
methods remain fundamentally schema-bound (Lei
et al., 2020). Directly applying this paradigm to
Table Reasoning makes it difficult to accurately
bridge the table’s structure and the contextual in-
tent of the question.

As illustrated in Figure 1, when a question em-
ploys terminology that differs substantially from
the column header, schema linking fails to establish
the correct correspondence. For example, the term
“appearances” in the question does not directly align
with the header “Total Apps”, resulting in a mis-
match at the schema level. Resolving this case
requires reasoning beyond header-level matching
by considering the full table context, specifically
identifying that the numeric clue (37) mentioned in
the question corresponds to the cell value (37, 22)
under the “Total Apps” column.

To address this limitation, we pose the following
research question: How can LLMs perform accu-
rate table reasoning that integrates both contextual
and structural information?

We answer this with TabBridge, motivated by
the Construction-Integration (CI) model (Kintsch,
1988), which views comprehension as a two-stage
process that first constructs structural represen-
tations and then integrates them with contextual
information to produce a coherent interpretation.
TabBridge adopts a two-stage framework combin-
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Figure 1: A representative limitation of Text-to-SQL-based table reasoning. When question terminology diverges
from column headers, schema linking fails to bridge the table’s structure and the contextual intent of the question.
TabBridge constructs TabSpec to encode structural table information and establish accurate correspondence between
question terms and column semantics.

ing Structural Encoding and Contextual Reasoning.
The first stage, Structural Encoding, constructs a
Table Specification (TabSpec) that explicitly pre-
serves the table’s structural information in a textual
representation. The second stage, Contextual Rea-
soning, leverages the verified TabSpec to interpret
questions in context and generate SQL aligned with
both query intent and table structure.

We evaluate TabBridge on standard table reason-
ing benchmarks against previous SQL-based ap-
proaches. TabBridge achieves consistent improve-
ments over existing baselines and substantially re-
duces overall error rates. In particular, TabBridge
achieves 73.94% accuracy on WikiTableQuestions,
improving by +5.3 pp over the previous state of
the art. These results demonstrate that integrating
structural encoding with contextual interpretation
yields more accurate reasoning.

Our contributions are as follows:

1. We propose TabBridge, a two-stage frame-
work bridging structural encoding and contex-
tual reasoning.

2. We design a reconstruction-based evaluation
to assess the structural fidelity of TabSpec.

3. We evaluate TabBridge on three public bench-
marks, achieving 73.94% accuracy on Wik-
iTableQuestions and improved semantic con-
sistency in free-form reasoning.

2 Related Work

2.1 Semantic Parsing : Text-to-SQL

Text-to-SQL seeks to translate natural language
questions into executable SQL queries by ground-
ing the questions in database schemas encompass-
ing tables, columns, and relations, a task that has

seen significant progress since the introduction of
WikiSQL (Zhong et al., 2017) and Spider (Yu et al.,
2018). Subsequent studies have focused on improv-
ing the alignment between complex schema struc-
tures and natural language expressions through
schema encoding, constraint-based decoding, and
pretraining techniques (Guo et al., 2019; Bogin
et al., 2019; Wang et al., 2019; Deng et al., 2021).
However, the semantic mismatch between natu-
ral language queries and schema elements remains
a persistent issue. Such misalignment frequently
leads to incorrect column references or faulty condi-
tions, producing inaccurate SQL queries (Qin et al.,
2022; Huang et al., 2023). Although recent models
have enhanced schema-level alignment, their abil-
ity to leverage content-level information derived
from actual tables is still limited (Lei et al., 2020;
Pi et al., 2022).

2.2 Table Reasoning

Early studies on table reasoning adopted an end-
to-end paradigm, taking entire tables as input to
directly generate answers (Yin et al., 2020; Herzig
et al., 2020; Liu et al., 2021). While effective for
simple queries, these approaches struggled with
complex numerical computations and multi-step
logical reasoning. The introduction of Chain-of-
Thought (CoT) prompting (Tai et al., 2023; Chen
et al., 2022) improved interpretability but these
approaches relied heavily on token-level reasoning,
limiting both numerical accuracy and scalability
for long tables (Sui et al., 2024).

To address these limitations, Text-to-SQL based
approaches have been introduced. SynTQA (Zhang
et al., 2024b) converts natural language questions
into executable SQL queries, while H-STAR (Ab-
hyankar et al., 2025) and TabSQLify (Nahid and
Rafiei, 2024) utilize SQL operations to process
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Figure 2: Overview of the TabBridge framework. (a) Structural Encoding: Sub-table generation extracts general
and special rows, followed by TabSpec generation through column and row analysis. The generated TabSpec
undergoes evaluation and refinement via a reconstruction-based evaluation and a row reference evaluation. (b)
Contextual Reasoning: The refined TabSpec guides SQL generation, which is validated through SQL evaluation
with iterative refinement for final answer derivation.

numerical queries and extract relevant sub-tables.
Weaver (Khoja et al., 2025) combines SQL and
LLM depending on the situation, complementing
each other’s limitations. Despite these advance-
ments, such methods remain schema-bound, rely-
ing heavily on header information rather than ac-
tual table content. This reliance often leads to SQL
queries that misinterpret question intent or exhibit
semantic inconsistencies (Zhong et al., 2017; Yu
et al., 2018; Wang et al., 2019).

3 Method

Motivated by the Construction-Integration (CI)
model (Kintsch, 1988), which views comprehen-
sion as a two-stage process, TabBridge separates
the construction of structural representations from
their integration with contextual information. This
separation ensures that structural fidelity is estab-
lished before contextual interpretation begins, di-
rectly addressing the schema-bound limitations of
Text-to-SQL approaches. Figure 2 illustrates the
overview of the TabBridge framework. Section
3.1 describes the process of generating TabSpec
through Structural Encoding. Section 3.2 ex-
plains how TabSpec is evaluated and refined. Sec-
tion 3.3 describes how TabSpec supports Contex-

tual Reasoning to produce SQL queries, reflecting
both structural and contextual understanding.

3.1 Structural Encoding

Grounded in the CI model’s construction stage,
which emphasizes building explicit structural repre-
sentations prior to contextual integration, the Struc-
tural Encoding process is designed to capture and
preserve the structure of a table, regardless of its
size. To achieve this, we first construct a sub-table
composed of general rows and special rows. The
encoded representation, referred to as the Table
Specification (TabSpec), is then generated from the
sub-table, as shown in Figure 2 (a).

Sub-table Generation. To consistently preserve
structural information across tables of varying
sizes, we extract two complementary row types
from the original table. General rows reflect the
dominant column-wise distribution, while special
rows exhibit structural divergence, such as totals,
anchors, or section dividers. To capture this dis-
tinction, we compute pairwise Euclidean distances
across all rows, selecting the k = 3 rows with the
lowest average pairwise distance as general rows
and those with the highest as special rows, where
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the optimal value of k is validated through an abla-
tion study (Section A.1).

TabSpec Generation. The TabSpec Generator
(LLM) receives the generated sub-table as input
and performs (1) column analysis and (2) row
analysis to construct a text-based TabSpec that
encodes structural information.

(1) Column analysis encodes each column’s
data type (numeric, categorical, date, text, mixed),
role (identifier, metric, reference), and representa-
tive examples. For example, as shown in Figure 2
(a), the Cyclist column is recognized as categori-
cal, representing cyclist names that include country
codes such as “Alexandr Kolobnev (RUS)”. (2)
Row analysis identifies and retains special rows
that exhibit structural divergence from the general
row distribution, along with their classification ra-
tionale. Since SQL generation operates at the col-
umn level, explicitly identifying irregular rows pro-
vides guidance for accurate question answering
grounded in the table structure. For instance, as
shown in the sub-table in Figure 2 (a), rows 0, 1,
and 9 are identified as special rows during sub-table
generation. The TabSpec Generator records row 0
with the actual time value "5h 29’ 10”" in the Time
column and notes that other rows (e.g., s.t., +2) are
defined relative to it. This identification prevents
the model from treating relative expressions such
as s.t. and +2 as independent values, thereby ensur-
ing accurate extraction of the reference value in the
Time column.

3.2 TabSpec Evaluation and Refinement
In this section, we describe the evaluation and re-
finement of the structural information encoded in
the TabSpec generated in Section 3.1. We employ
a row reference evaluation to confirm accurate rep-
resentation of special rows, and a reconstruction-
based evaluation to verify the overall structural con-
sistency. Figure 3 illustrates the detailed process of
TabSpec evaluation and refinement.

Row reference evaluation. As illustrated in Fig-
ure 3 (a), we assess two factors to evaluate the
correctness of the row analysis : (1) Special row
identification evaluates whether the rows specified
in the row analysis are accurately described, en-
suring that even correctly identified rows are not
accompanied by incorrect explanations. (2) Ac-
curacy of row classification evaluates whether
unnecessary rows are included in the row analy-
sis. This step examines rows initially identified as

Figure 3: Details in TabSpec Evaluation and Refinement

special based on sub-table construction, ensuring
that only structurally significant special rows are
retained and that general rows are not misclassi-
fied. Prior work shows that pairwise comparison
yields higher accuracy in LLM-based evaluation
(Gu et al., 2025). Accordingly, we restrict row ref-
erence evaluation to binary decisions (yes/no) to
ensure consistency and reproducibility.

Reconstruction-based evaluation. A faithful
TabSpec should contain sufficient structural infor-
mation to recover the original table. Based on this
principle, we reconstruct a table from the generated
TabSpec using the table generation model from
Map&Make (Ahuja et al., 2025), and compare it
against the original sub-table to quantitatively as-
sess structural fidelity.

Two quantitative metrics are employed to jointly
assess structural fidelity at both the column and
cell levels, as shown in Figure 3 (b). (1) Header
EM (Exact Match) measures whether the recon-
structed column names exactly match the original
ones, evaluating column-level alignment accuracy
and ensuring that correct columns can be refer-
enced without errors during subsequent SQL gen-
eration and execution. (2) Cell Similarity calcu-
lates the BERTScore between corresponding cell
values, capturing semantically equivalent expres-
sions across different surface forms and evaluating
whether the TabSpec preserves the underlying data
distribution.

TabSpec Refinement Loop. When a TabSpec
does not satisfy either the reconstruction-based or
the row reference evaluation, an LLM-generated
feedback signal, together with the original sub-
table, is fed back to the TabSpec Generator to
improve the specification. For instance, as illus-
trated in Figure 3 (c), if the TabSpec omits that the
Cyclist column contains country codes, the recon-
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structed table also lacks these values, producing a
low cell similarity score. The evaluator reports this
discrepancy and score as feedback, prompting the
generator to revise the TabSpec accordingly. This
refinement loop continues until all criteria are satis-
fied, with a maximum of n = 2 iterations to prevent
excessive computation, where the optimal limit is
validated through an ablation study (Section A.2).

3.3 Contextual Reasoning

Following the CI model’s integration stage, this
section describes how TabSpec is leveraged to gen-
erate SQL queries that align with both the structural
information of the table and the contextual intent
of the question. For this, we introduce the SQL
evaluation, consisting of Question Alignment and
TabSpec Alignment, which verify whether the gen-
erated SQL reflects both the contextual intent of
the question and the table structure, as illustrated
in Figure 2 (b).

SQL Generation. The SQL generator takes as
input the question q, the original table T , and the
TabSpec, and produces an SQL. For example, when
a question requires reasoning over the country di-
mension, the model refers to the column analysis
(Section 3.1) in the TabSpec, recognizing that the
Cyclist column contains embedded country codes.
Through this contextual linkage, the model cor-
rectly interprets Cyclist as a categorical column
associated with the country and generates the SQL
query that successfully retrieves cyclists from the
same country (e.g., “ESP”).

SQL Evaluation. The SQL Evaluator compares
the generated SQL against both the TabSpec and
the given question to ensure structural and contex-
tual consistency. This evaluation consists of two
components : (1) Question Alignment verifies that
the selected columns are consistent with the ques-
tion’s context and that special rows identified in the
TabSpec are properly referenced when contextually
relevant. (2) TabSpec Alignment verifies whether
the SQL query introduces structural elements unde-
fined in the TabSpec and whether operations con-
form to the specified data types (e.g., not treating
categorical values as numeric). For instance, if the
TabSpec specifies that the Cyclist column contains
country codes but the SQL query ignores the coun-
try constraint, the TabSpec Alignment component
detects this mismatch.

SQL Refinement Loop. If the SQL fails either
evaluation, the evaluation results are provided as
feedback and the SQL is regenerated to improve its
structural and contextual consistency. This refine-
ment loop continues until all criteria are satisfied,
with a maximum of n = 2 iterations to prevent
excessive computation, where the optimal limit is
validated through an ablation study (Section A.2).

4 Experiments

4.1 Experimental Setup

Preprocessing. The raw tables were converted
into pandas DataFrames with unique headers and
standardized numeric and date formats, without re-
moving or aggregating any rows during the process.
Each table was then serialized into a Markdown-
style linearized format to preserve structural align-
ment within text-based prompts.

Benchmark Datasets. We evaluate TabBridge
on three public benchmarks covering complemen-
tary aspects of table reasoning. (1) WikiTable-
Questions (WTQ) (Pasupat and Liang, 2015) is
a large-scale question answering benchmark re-
quiring filtering, aggregation, and comparison over
Wikipedia tables (4,344 test pairs). (2) TabFact
(Chen et al., 2019) is a fact verification benchmark
where each statement is labeled as entailed or re-
futed by the table (2,024 test statements across
298 tables). (3) FeTaQA (Nan et al., 2021) is a
free-form question answering benchmark requir-
ing natural language answers grounded in tabular
content (2,003 test samples).

Baseline Methods. We compare against two cat-
egories of methods: (1) Non-SQL-based reasoning,
which includes End-to-End QA , Few-shot QA, and
TableCoT (Jin and Lu, 2023); (2) SQL-based and
SQL-assisted reasoning, which includes Text-to-
SQL, NormTab (Nahid and Rafiei, 2025), DATER
(Ye et al., 2023), ReAcTable (Zhang et al., 2024c),
ALTER (Zhang et al., 2024a), H-STAR (Abhyankar
et al., 2025), and TabSQLify (Nahid and Rafiei,
2024). Through this comparison, we analyze how
TabBridge improves over existing SQL-centric ap-
proaches in terms of accuracy, interpretability, and
structural consistency.

Evaluation Metrics. We adopt task-specific eval-
uation metrics to measure both the precision and
faithfulness of reasoning. For WikiTableQuestions,
we use Exact Match (EM), which assesses whether
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the SQL execution result exactly matches the gold-
standard answer. For TabFact, we adopt binary clas-
sification accuracy, as the task requires determining
whether a given statement is entailed or refuted by
the table. For FeTaQA, we evaluate generated free-
form answers using ROUGE-1, ROUGE-2, and
ROUGE-L (Lin, 2004), which measure the degree
of lexical overlap with reference answers.

5 Results

5.1 Main Results

Table 1 reports performance on both WikiTable-
Questions and TabFact. TabBridge uses the (k/k)
sub-table setting, where k general and k spe-
cial rows are selected. We evaluate TabBridge
against general reasoning baselines and SQL-based
methods. On WikiTableQuestions, TabBridge
(3/3) reaches 73.94% and TabBridge (4/4) reaches
71.53%, outperforming NormTab (TabSQLify)
(68.63%) and H-STAR (Text+SQL) (68.62%). On
TabFact, TabBridge (3/3) achieves 83.40% and
TabBridge (4/4) achieves 80.48%, remaining com-
petitive with strong baselines such as TabSQLify
(85.03%) and H-STAR (Text+SQL) (86.51%),
both of which incorporate text-based interpretation
alongside SQL execution.

These results show that integrating structural
and contextual information during SQL generation
enhances both condition interpretation and logical
reasoning, leading to consistent gains across table
reasoning benchmarks. A more detailed analysis
of performance variation according to the number
of selected rows is presented in Section A.1.

5.2 Results in FeTaQA

Table 2 presents the FeTaQA results, which eval-
uate free-form answer generation using ROUGE
metrics. TabBridge achieved ROUGE-1 of 0.70,
ROUGE-2 of 0.45, and ROUGE-L of 0.57, show-
ing performance competitive with recent table rea-
soning models. In particular, the column role and
data type information encoded in TabSpec con-
tributes to accurately referencing relevant columns
during free-form answer generation, leading to se-
mantically consistent descriptions. These results
demonstrate that TabBridge is effective not only
for structured reasoning but also for free-form rea-
soning.

Method TabFact (%) WikiTQ (%)

End-to-End QA 70.45 51.84
Few-shot QA 71.54 52.56
TableCoT 73.10 52.40
H-STAR(text) 79.43 61.47

Text-to-SQL 52.05 42.03
NormTab + SQL 68.90 61.20
Dater 78.01 52.90
ReAcTable 73.10 52.50
ALTER 84.30 67.40
H-STAR(SQL) 58.50 46.09
H-STAR(Text+SQL) 86.51 68.62
TabSQLify 85.03 64.70
NormTab + TabSQLify – 69.56

TabBridge (4/4) 80.48 71.53
TabBridge (3/3) 83.40 73.94

Table 1: Performance comparison on TabFact and Wik-
iTableQuestions. Results are reported as accuracy (%).

Method ROUGE-1 ROUGE-2 ROUGE-L

TableCoT 0.62 0.39 0.51
Dater 0.66 0.45 0.56
ReAcTable 0.71 0.46 0.61
TabSQLify 0.58 0.35 0.48
TabBridge 0.70 0.45 0.57

Table 2: FeTaQA results evaluated with ROUGE met-
rics. TabBridge achieves performance comparable to
state-of-the-art methods.

5.3 Evaluation Across LLMs

We further evaluate TabBridge under diverse
LLM backbones and parameter scales, including
GPT-3.5-turbo (Brown et al., 2020), LLaMA2,
LLaMA3.3 (Touvron et al., 2023), Qwen2.5 (Qwen
et al., 2025), and Gemma (Team et al., 2024). As
summarized in Table 3, TabBridge achieves strong
performance across most model families, with con-
sistent gains over TabSQLify, NormTab, and H-
STAR in the majority of settings. Performance
gains are consistent across most model families and
notably persist even with smaller models, indicat-
ing that the method’s benefits are largely indepen-
dent of architecture and scale. These results demon-
strate that TabBridge serves as a model-agnostic
preprocessing framework that enhances SQL rea-
soning through structurally grounded contextual
representations.
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GPT-3.5 Qwen2.5 LLaMA3.3 Gemma2 LLaMA2

Method Turbo 7B 14B 72B 70B 9B 27B 7B 13B 70B

TabSQLify 64.70 69.57 70.63 74.36 79.21 57.57 64.62 25.37 36.67 55.57
NormTab(SQL) 61.20 53.26 55.80 65.30 66.97 54.39 62.08 21.65 37.54 51.27
NormTab(TabSQLify) 68.63 57.60 60.70 71.32 72.43 59.99 69.99 33.88 42.86 55.87
H-STAR 69.56 35.45 40.19 59.01 61.83 42.54 58.68 15.88 23.51 38.58
TabBridge 73.94 71.00 74.26 77.10 82.59 59.01 69.75 41.87 46.21 60.09

Table 3: WTQ results grouped by LLM family with sub-model sizes. Scores are reported as percentages. TabBridge
is bolded. NormTab data are set using Targeted.

5.4 Analysis of Prior Error Cases

We conduct an error analysis on 100 error cases pre-
viously reported by TabSQLify. Errors are catego-
rized into four types: (1) Missing Rows/Columns,
where rows or columns are omitted during table
manipulation; (2) Incorrect Annotation, where
dataset instances are mislabeled despite correct
model outputs; (3) Incorrect Reasoning, where
the model produces incorrect answers; and (4) Cor-
rect Answers, where the generated answer matches
the ground truth.

As illustrated in Figure 4, unlike sub-table meth-
ods, TabBridge reasons over the complete table
without discarding any rows from the original table,
and thus incurs no Missing Rows/Columns errors.
In contrast, TabSQLify and H-STAR recorded 62
and 20 such cases, respectively, confirming that
preserving full table structure reduces information
loss and leads to more accurate reasoning.

Figure 4: Error analysis on 100 error cases provided by
TabSQLify

5.5 Component Analysis

To verify the necessity of each component, we pro-
gressively remove key modules and evaluate on
WikiTableQuestions. As shown in Table 4, the com-
plete TabBridge achieves 73.94% accuracy. Re-

moving SQL Evaluation & Refinement reduces
performance to 67.29%, and further removing Tab-
Spec Evaluation & Refinement lowers it to 64.52%.
Eliminating TabSpec Generation yields 58.76%,
confirming that each component contributes cumu-
latively to the overall performance.

Method WikiTQ

TabBridge 73.94
w/o SQL Evaluation & Refinement 67.29
w/o TabSpec Evaluation & Refinement 64.52
w/o TabSpec Generation 58.76

Table 4: Component analysis on WikiTableQuestions.
Each row removes a key module to assess its contribu-
tion.

5.6 Efficiency Analysis

To analyze computational efficiency, we measure
average token consumption and runtime per sample
across 50 randomly selected WikiTableQuestions.
As shown in Table 5, token usage and runtime in-
crease consistently with the number of TabSpec
iterations, where (1-iter) applies a single SQL re-
finement loop, (2-iter) incorporates one TabSpec
refinement and one SQL refinement, and (3-iter)
performs two TabSpec refinement rounds and one
SQL refinement. Token consumption increases
substantially with additional TabSpec refinement
rounds, as each round requires multiple sequen-
tial LLM invocations for evaluation and feedback
generation, resulting in cumulative latency.

6 Conclusion

In this paper, we propose TabBridge, a framework
that addresses the schema-bound limitations of
Text-to-SQL approaches by integrating structural
encoding and contextual reasoning. TabBridge em-
ploys a reconstruction-based evaluation loop that
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Method Token Runtime (s)

NormTab + SQL 3,757 16.2
NormTab + TabSQLify 5,720 20.7
H-STAR 9,768 42.1
TabBridge (1-iter) 3,328 15.3
TabBridge (2-iter) 6,493 38.4
TabBridge (3-iter) 10,482 58.6

Table 5: Efficiency comparison of table reasoning sys-
tems averaged over 50 randomly sampled WikiTable-
Questions test instances.

verifies and refines the Table Specification (Tab-
Spec) before SQL generation, ensuring structural
fidelity. With the refined TabSpec, TabBridge per-
forms contextual reasoning by combining the com-
plete structural understanding of the table with the
question to generate accurate SQL. Experimental
results show that TabBridge achieves 73.94% on
WikiTableQuestions (+5.3 pp over the previous
state of the art) and demonstrates consistent im-
provements across diverse LLM backbones, con-
firming its generalizability across model architec-
tures. In future work, we plan to explore extend-
ing TabSpec to multi-turn reasoning and domain-
specific tables.

Limitations

While TabBridge achieves significant performance
gains, we identify several limitations that we aim
to address in future work. First, the multi-stage
pipeline, which comprises TabSpec generation,
verification, and iterative SQL refinement, incurs
higher latency and token consumption compared
to single-pass methods. This trade-off between rea-
soning depth and practical efficiency may affect
deployment in resource-constrained settings. To
mitigate this, future research will explore caching
strategies for frequently accessed table structures
and distillation techniques to streamline the agentic
workflow into a more efficient model. Furthermore,
while our current framework utilizes a fixed sam-
pling of general and special rows based on its em-
pirical effectiveness for the evaluated benchmarks,
this strategy may face scalability challenges with
massive or extremely heterogeneous tables. Ex-
tending our approach to dynamic, content-aware
sampling and evaluating it across even more com-
plex schemas, such as hierarchical or multi-table
databases, will be crucial for maintaining general-
izability in diverse real-world scenarios.
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A Ablation Study

This section presents ablation studies designed to
examine the effect of row selection during sub-table
generation and the optimal number of refinement
loops in SQL and TabSpec generation. The exper-
iments were conducted on 120 samples randomly
selected from the WikiTableQuestions dataset.

A.1 Effect of Row Selection in Sub-table
Generation.

The table 6 shows that the 3/3 configuration (three
general and three special rows) achieved the highest
accuracy of 76.67%, outperforming both smaller
and larger sub-tables as well as the full table. Using
fewer rows (2/2) failed to capture enough structural
variation, while including more rows (4/4, 5/5) in-
troduced noise that degraded performance. The full
table setting yields the lowest accuracy, as struc-
tural cues were diluted across excessive context.
These findings indicate that a balanced selection
of three representative rows and three special rows
provides the optimal trade-off, preserving both reg-
ularity and variation while minimizing noise in
table reasoning. The current approach uses a fixed
value of k across all tables; dynamically adjusting
k based on table size remains a promising direc-
tion for future work. Detailed results for each row
selection are shown in Figure5, 6.

Setting Correct / Total Accuracy

2/2 74/120 61.67%
3/3 92/120 76.67%
4/4 87/120 68.33%
5/5 78/120 65.00%
Full Table 68/120 56.67%

Table 6: Ablation study on row selection for sub-table
generation

A.2 Effect of Refinement Loops

We examine the impact of iterative refinement on
both the TabSpec and SQL evaluation stages by
varying the number of loop iterations to identify
the configuration that balances accuracy and com-
putational cost.

TabSpec Refinement Loops. As shown in Ta-
ble 7, accuracy improves progressively with the
number of iterations, reaching 77.50% at the third
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loop. Given the marginal improvement between the
second and third loops, we adopt the second-loop
configuration in the main experiments.

Iteration Correct / Total Accuracy

0 78/120 65.00%
1 87/120 72.50%
2 92/120 76.67%
3 93/120 77.50%

Table 7: Ablation study on TabSpec refinement loops

SQL Refinement Loops. As shown in Table 8,
accuracy peaks at 76.67% in the second loop and
slightly declines thereafter, suggesting that two re-
finement iterations provide the optimal balance be-
tween correction and stability in SQL reasoning.

Iteration Correct / Total Accuracy

0 76/120 63.33%
1 86/120 71.66%
2 92/120 76.67%
3 90/120 75.00%

Table 8: Ablation study on SQL refinement loops

B Example Figures

We include example inputs and corresponding out-
puts used in the ablation study to provide qualita-
tive illustration of each configuration’s reasoning
behavior. Figures 5 ~10 are presented in this sec-
tion.

C Example Prompts

We provide the prompts used in our experiments.
Figures 11 ~22 present the full prompt templates
employed across the reasoning stages.

—
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Figure 5: Example of the effect of varying the number of rows in the sub-table (2/2, 3/3, 4/4, 5/5, Full Table) on
SQL reasoning. The 3/3 setting achieved the best performance by balancing general and special rows, while other
configurations introduced either insufficient information or excessive noise.
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Figure 6: Example of the effect of varying the number of rows in the sub-table on SQL reasoning. The 3/3 setting
achieved the best performance by balancing general and special rows, while other configurations introduced either
insufficient information or excessive noise.
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Figure 7: An example of TabSpec generation and refinement. The initial TabSpec incorrectly identifies Row 7
as a special row due to missing values, while failing to detect Row 9 (Total) as an aggregate summary row. The
TabSpec Evaluator detects this misclassification, and the subsequent refinement corrects the row analysis by properly
identifying Row 9 (Total) as a special row.

Figure 8: An example of TabSpec generation that passes evaluation. The TabSpec correctly identifies the special
rows and column roles, and the TabSpec Evaluator confirms that all criteria are satisfied without requiring further
refinement.
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Figure 9: An example of SQL generation and refinement. The initial SQL fails to return the correct total as intended
by the question, and is flagged by both Question Alignment and TabSpec Alignment evaluations for inconsistency
with the TabSpec. The subsequent refinement corrects the query to properly address the question’s intent and align
with the TabSpec.

Figure 10: An example of SQL generation and refinement where only Question Alignment fails. The initial SQL
does not correctly address the question’s intent, and is flagged solely by the Question Alignment evaluation. The
subsequent refinement corrects the query to properly align with the question while TabSpec Alignment is already
satisfied.
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Figure 11: Prompt for TabSpec Generation.

Figure 12: Table Generator prompt for constructing the structural schema used in table regeneration.

234



Figure 13: Table Generator prompt for organizing cell values to reflect TabSpec information into the reconstructed
table.
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Figure 14: Table Generator prompt for reconstructing the table based on the TabSpec information.
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Figure 15: TabSpec Evaluator prompt for Row Analysis evaluation.

Figure 16: TabSpec Feedback prompt for header evaluation, providing feedback when the header EM score does
not meet the threshold.
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Figure 17: TabSpec Feedback prompt for structure evaluation, providing feedback when the cell similarity score
does not meet the threshold.

Figure 18: TabSpec Feedback prompt for Row Analysis evaluation, providing feedback when the Row Analysis
criteria are not satisfied.
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Figure 19: Prompt for SQL Reasoning.

Figure 20: Prompt for SQL Evaluation.
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Figure 21: SQL Refinement prompt for Question Alignment.

Figure 22: SQL Refinement prompt for TabSpec Alignment.

240


