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Abstract

Table question answering (TableQA) is a fun-
damental task in natural language processing
(NLP). The strong reasoning capabilities of
large language models (LLMs) have brought
significant advances in this field. However,
as real-world applications involve increasingly
complex questions and larger tables, substan-
tial noisy data is introduced, which severely
degrades reasoning performance. To address
this challenge, we focus on improving two core
capabilities: Relevance Filtering, which iden-
tifies and retains information truly relevant to
reasoning, and Table Pruning, which reduces
table size while preserving essential content.
Based on these principles, we propose EnoTab,
a dual denoising framework for complex ques-
tions and large-scale tables. Specifically, we
first perform Evidence-based Question Denois-
ing by decomposing the question into minimal
semantic units and filtering out those irrele-
vant to answer reasoning based on consistency
and usability criteria. Then, we propose Evi-
dence Tree-guided Table Denoising, which con-
structs an explicit and transparent table pruning
path to remove irrelevant data step by step. At
each pruning step, we observe the intermedi-
ate state of the table and apply a post-order
node rollback mechanism to handle abnormal
table states, ultimately producing a highly re-
liable sub-table for final answer reasoning. Fi-
nally, extensive experiments show that EnoTab
achieves outstanding performance on TableQA
tasks with complex questions and large-scale
tables, confirming its effectiveness.

1 Introduction

Table question answering (TableQA) is a funda-
mental task in natural language processing (NLP)
(Wang et al., 2022a) that focuses on answering
questions based on tabular data. With the rapid de-
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Figure 1: Error and Correct Cases for (a) the Complex
Question and (b) the Large-Scale Table.

velopment of large language models (LLMs) (Ope-
nAl et al., 2024; Grattafiori et al., 2024; Team et al.,
2024), this area has witnessed significant progress.
However, in real-world applications such as health-
care and finance, both the scale of tables and the
complexity of questions are increasing (Cafarella
et al., 2008; Zhang et al., 2025), introducing sub-
stantial amounts of noisy data. Extensive research
has demonstrated that such noisy data significantly
degrades the performance of table reasoning (Chen
et al., 2024; Wang et al., 2025a).

Where noisy data Comes From and Why it Mat-
ters? Noisy data in TableQA arises from both the
question and the table (Zhou et al., 2025a; Wang
et al., 2025a). Questions often contain spurious
correlations. As shown in Figure 1(a), phrases
such as "in cycle 4" and "in Austria" are mistak-
enly treated by the model as constraints, though no
corresponding data exists in the table, ultimately
leading to an incorrect answer. Tables, meanwhile,
often contain irrelevant data. As shown in Figure
1(b), only 3 of 260 rows contribute to answering the
question, while the remaining 257 are entirely irrel-
evant, increasing reasoning difficulty and compu-
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Figure 2: The EnoTab framework, composed of Evidence-based Question Denoising to remove irrelevant semantic
units from the question and Evidence Tree-guided Table Denoising to eliminate irrelevant cell values from the table.

tational cost. In scenarios with complex questions
and large-scale tables, noisy data becomes more
pervasive and has greater impact on reasoning.

So, How to deal with noisy data? We observe
that effective TableQA under substantial noisy data
requires two indispensable capabilities. (1) Rele-
vance Filtering, i.e., identifying and ignoring spu-
rious correlations in the question (e.g., "in cycle 4"
and "in Austria"). As shown in Figure 1(a), once
the model is explicitly informed which phrases are
irrelevant and which relevant, it can easily derive
the correct answer. (2) Table Pruning, i.e., re-
moving irrelevant data to reduce the table size. As
shown in Figure 1(b), when the original 260-row
table is reduced to a 3-row subtable by retaining
only the question-relevant data, the model can infer
the correct answer more efficiently and accurately.
These two capabilities effectively mitigate the im-
pact of noisy data on table reasoning performance.

But why do existing methods fail? Reviewing ex-
isting TableQA methods, we summarize their lim-
itations into the following two aspects. First, it is
hard to accurately identify spurious correlations in
complex questions. Some existing methods prompt
the LLM to directly eliminate spurious correlations
in complex questions in order to derive simpler sub-
questions (Ye et al., 2023; Wang et al., 2024; Zhao
et al., 2024), but this process is often error-prone,
as the LLM tends to be overconfident and may mis-
takenly treat irrelevant elements as relevant. Other
promising methods represent the question as a pro-
gram and detect spurious correlations by checking
whether the program executes correctly (Nahid and
Rafiei, 2024b; Wang et al., 2025a). However, these

correlations are often entangled with useful infor-
mation, making it difficult to precisely locate and
remove them even when their presence is detected.
Secondly, it is easy to mistakenly lose target data
relevant to answer reasoning when pruning the ta-
ble. Most methods prune the table by generating
SQL or Python programs (Zhang et al., 2023; Ab-
hyankar et al., 2025). However, these methods
often operate as black boxes, lacking transparency
and making it hard to detect errors in time. Even
if the loss of target data is identified, the pruning
often has to be redone entirely (Wang et al., 2025a),
resulting in increased overhead. In summary, two
key challenges remain to be addressed: (1) how to
accurately distinguish spurious correlations from
truly relevant information in complex questions;
and (2) how to effectively prune tables while pre-
serving critical answer-related data.

To overcome these challenges, we propose
EnoTab, which consists of two components: (1)
Evidence-based Question Denoising, which intro-
duces the concept of Evidence to decompose a ques-
tion into multiple minimal semantic units. Each
unit is assessed independently based on two crite-
ria: whether it appears consistently across multi-
turn generation and whether corresponding data
can be found in the table, in order to determine its
relevance to answer reasoning. (2) Evidence Tree-
guided Table Denoising, which constructs an Evi-
dence Tree, an explicit and transparent reasoning
path for progressively pruning the table. Each prun-
ing step is observable, allowing for timely detection
of abnormal table states. To handle such abnormali-
ties, we introduce a post-order node rollback mech-
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anism to prevent the loss of answer-related data,
ensuring that the final subtable remains reliable for
supporting answer generation.

Our Contributions. (1) New Perspective. We
reveal and analyze the performance bottleneck of
TableQA when handling complex questions and
large-scale tables with substantial noisy data, and
attribute it primarily to insufficient capabilities in
Relevance Filtering and Table Pruning. (2) Novel
Framework. We propose EnoTab, a dual denoising
framework designed to enhance noise robustness
in TableQA tasks involving complex questions and
large-scale tables. (3) SOTA Performance. Ex-
tensive experimental results demonstrate the effec-
tiveness of EnoTab, which achieves outstanding
performance in TableQA tasks involving complex
questions and large-scale tables.

2 EnoTab

2.1 Problem Definition

TableQA consists of a question (), a table 7', and
the corresponding answer Y. The question @ (e.g.,
"update in 2018, how many cities in Tel Aviv...?")
can be represented as a set of semantic units s;
(e.g., "in 2018", "cities in Tel Aviv"), with Q =
{s1, $2,...,8n}. The table T is represented as a
two-dimensional matrix 7" = {¢;; | 0 < i <
N, 0 < j < M}, where N is the number of
rows, M is the number of columns, and ¢; ; denotes
the cell value at row ¢ and column j. The answer
Y = (y1,v2, ..., yn). The goal is to infer the correct
answer Y given the question () and the table 7":

n
Y =argmax | [ Po(yi | y<i,Q, T56) (1)
i=1
where 6 denotes the parameters of a neural text
generation model, and y; denotes the i-th tokens in
the generated answer.

Note that not all semantic units s; and cell values
ci,; contribute to deriving the answer Y. In this pa-
per, we aim to explicitly identify and filter out such
irrelevant data prior to reasoning, thereby produc-
ing a focused subset F = {s1,83,...,8,} C Q
and a subtable Ty, C T, thereby enabling more
efficient and accurate answer derivation.

n
Y =argmax [ [ Po(yi | y<i, B, Tun; 0)  (2)
=1

2.2 Model Overview

We propose EnoTab, a dual denoising framework
designed to enhance noise robustness in TableQA

tasks involving complex questions and large-scale
tables. As shown in Figure 2, EnoTab is com-
posed of the Evidence-based Question Denoising
(EQD) and the Evidence Tree-guided Table De-
noising (ETD). EQD is responsible for removing
irrelevant semantic units from the question, while
ETD focuses on eliminating irrelevant cell values
from the table. More specifically, EQD decom-
poses the question into a set of evidences, each
representing a minimal semantic unit. It then as-
sesses their relevance to answer reasoning based on
two criteria, producing a relevant evidence set E,.
Based on this set, ETD builds an explicit table prun-
ing path, called the Evidence Tree. Each step is
observable, allowing real-time monitoring and en-
abling a post-order rollback mechanism to prevent
the loss of answer-related data, ultimately yielding
a reliable subtable T,;,. Finally, EnoTab generates
the answer Y to question () based on the evidence
set - and the subtable 7Ty,,. We next provide a
detailed introduction to EQD (Sec. 2.3) and ETD
(Sec. 2.4), with further implementation details and
hyperparameters available in Appendix A.

2.3 [Evidence-based Question Denoising

Complex questions typically contain more seman-
tic units, and both relevant and irrelevant units often
appear semantically related to the question, making
them hard to distinguish. Therefore, directly iden-
tifying irrelevant units based on the entire question
is often inaccurate (Ye et al., 2023). To address
this, we design Evidence, defined as follows.

Definition 1 Evidence is defined as the repre-
sentation of a minimal semantic unit in the ques-
tion that is aligned with a specific data region in
the table. Each evidence is formulated as a triplet
e = (area, condition, action), where area specifies
the column in the table associated with the seman-
tic unit, condition denotes the cell values in that
column satisfying the semantic unit, and action in-
dicates how the condition should be applied (e.g.,
string matching, numerical comparison, or date
evaluation). For example, for the unit "cities in
Tel Aviv", the corresponding evidence links to the
District column, sets the condition to Tel Aviv,
and uses string matching as the action.

Evidence Generation Unlike subquestions or
program code that often involve multiple semantic
units (Ye et al., 2023; Nahid and Rafiei, 2024b),
each evidence corresponds to only one unit, which
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means it is simpler in structure and easier to gen-
erate. Specifically, for a complex question @), we
leverage a powerful LLM M, to generate an evi-
dence set E by decomposing ), formulated as:

E ={ej,ea,...,en} < M(Q,H,R) (3)
where H represents the table header, R denotes
k representative rows sampled from the table 7.
These rows serve as context to help M. under-
stand the table schema and semantics during ev-
idence generation. Inspired by Chase-SQL (Pour-
reza et al., 2024), we adopt a two-stage retrieval
process. First, an LLM extracts keywords from the
question to perform coarse filtering via Locality-
Sensitive Hashing (LSH). The retrieved candidates
are then re-ranked using embedding similarity and
edit distance to select the top-k most relevant rows.

Note that traditional methods focus on using
question decomposition to plan reasoning paths (Ye
et al., 2023; Wang et al., 2024), while we aim to
extract individual semantic units from the question
with decomposition as a principled technique, in
order to facilitate subsequent relevance assessment.

Evidence Evaluation Given the evidence set E,
a natural problem arises: how to assess whether
each evidence is relevant to answer reasoning.
However, unlike simple questions with ground
truth, evidence requires more reliable assessment
criteria, which means that approaches such as only
using the LLM as a judge are no longer suitable
(Lin et al., 2025). Therefore, we design a more
comprehensive assessment criterion based on two
aspects: consistency and usability.

Specifically, inspired by self-consistency (Wang
et al., 2022b), we assume that evidence should ap-
pear consistent during the multi-round generation if
itis truly relevant to answer reasoning. So, how can
we determine whether there is consistent evidence
across multi-round generations? Each evidence
is defined as a triple (area, condition, action) (see
Definition 1), where area and action can be directly
compared via string match. However, the same con-
dition may appear in different surface forms. For
example, in Figure 2, "in Center" and "== Cen-
ter" are considered consistent. To address this, we
use a semantic discriminator My such as LLaMA
(Grattafiori et al., 2024) to determine whether two
conditions are semantically equivalent:

same <— M (conditiony, conditions)  (4)

where same € {True,False}. Then we generate
n rounds of evidence sets and design an efficient
algorithm (see Algorithm 1 in the Appendix A.2) to
generate a candidate evidence set and compute the
consistency score S for each candidate. If S > «,
where « is a predefined threshold, the evidence is
retained; otherwise, it is discarded.

How do we define the usability of evidence? As
stated in Definition 1, each evidence is expected
to be grounded in the table. We consider an evi-
dence instance unusable for answer reasoning if it
cannot be matched with any corresponding data in
the table, regardless of whether the failure arises
from semantic irrelevance or system limitations.
To support this process, we design a toolkit P that
integrates multiple APIs to determine whether a
given piece of evidence can be grounded in the
table. Given an evidence e and a table 7' as in-
put, P searches for data in T that satisfies e. If a
match is found, it returns true; otherwise, it re-
turns false. Only evidences for which P returns
true are retained for subsequent reasoning. Based
on the two criteria described above, we obtain a
reliable evidence set E,..

2.4 Evidence Tree-guided Table Denoising

To further improve the efficiency and effectiveness
of reasoning, it is also necessary to remove data
in the table that is irrelevant to answer reasoning.
Most existing table pruning methods operate in a
black-box manner, which increases the risk of los-
ing target data. Therefore, we design the Evidence
Tree, which constructs an explicit and transparent
pruning path based on the reliable evidence set
E, as the filtering criterion. The Evidence Tree is
defined as follows:

Definition 2 Evidence Tree is a binary tree (as
illustrated in Step 3 of Figure 2), denoted as
T = (Nieaf, Ninter)- Nieaf is the set of leaf nodes,
where each node satisfies ni,s € FE,, meaning
that each leaf corresponds to one element in the
evidence set. Each leaf node takes the original
table as input, filters it based on the correspond-
ing evidence, and outputs a sub-table. Njy is the
set of internal nodes, where each node satisfies
Ninter € {And, Or}, indicating the logical relation
between its two child nodes. Each internal node
takes the two sub-tables from its child nodes as
input and outputs a merged sub-table according to
the specified logical relation.
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Tree Construction We also employ a powerful
LLM M, to generate the evidence tree. Given the
table header H, the same k representative rows
R, the question (), and a reliable evidence set F,,
we prompt M, to produce the evidence tree 7.
Formally,

T - (Nleaﬁ ]Vinter) — MT(Q7 H7 R7 E) (5)

Further implementation details are provided in the
Appendix A. Since the evidence tree T is a binary
tree, we can adopt post-order traversal to linearize
the execution of this inherently non-linear structure.
To execute this process, we employ the previously
introduced toolkit P. For a leaf node njeqs, P takes
the original table 7" and the associated evidence
e, as input, and outputs a corresponding sub-table.
For an internal node njner, P takes the two sub-
tables generated by its left and right child nodes,
along with the logical operator contained in njpeer,
and returns a merged table based on that operator.
Finally, our goal is to obtain a sub-table Ty, by
feeding the original table 7" and the evidence tree
T into the toolkit P.

Subtable Generation During the post-order
traversal of the evidence tree 7, the resulting sub-
table Ty, may sometimes be empty. To address
this issue, we first analyze the source of the prob-
lem. It typically arises at internal nodes njper With
the AND operator, since each leaf node njeqr is guar-
anteed to produce non-empty tables through evi-
dence assessment, and internal nodes njpier With
the OR operator do not eliminate all entries. We
then further examine its underlying causes: (1)
critical answer-related data has been lost prior to
reaching the current node njper; or (2) the AND op-
eration at the current node njne, yields an empty
intersection. To mitigate this, we propose a simple
yet effective method called the And2Or operation,
which replaces AND with OR. Specifically, we apply
the And2Or operation sequentially to the left child,
right child, and finally the current node. The proce-
dure (illustrated in Figure 2) proceeds as follows:
(1) check whether the current node is an internal
node with AND logic; (ii) if yes, replace AND with
OR; (iii) if a non-empty table is produced, stop; if
not, move to the next node. Finally, we ensure that
a non-empty subtable Ty, is obtained.

To further guarantee the completeness of the tar-
get data, we employ a table verifier M; to determine
whether T, contains all the information required
to answer (). Given Ty, as input, M; returns True

or False. If the result is True, Ty, is accepted as
the final subtable. Otherwise, the process rolls back
to the subtable generated at the previous node and
re-initiates verification. For cost efficiency, we al-
low at most two verification attempts. If the second
attempt still returns False, the full table is used
instead. Notably, traditional methods typically re-
generate the subtable from scratch when encounter-
ing incomplete information (Yu et al., 2025), while
our approach enhances efficiency by reusing the
previous subtable rather than restarting the process.
At the end, we obtain the final subtable Tfp,.

Answer Generation We have removed irrelevant
content in the table 7" and the question (). In this
stage, we perform end-to-end TableQA. Given a
subtable THn, and a highlighted question Qfipg) us-
ing the relevant evidence set F,., we prompt the
LLM to generate the final answer Y.

3 Experiments

3.1 Experimental Setup

Datasets We evaluate EnoTab on four datasets:
WikiTQ (Pasupat and Liang, 2015), a table reason-
ing dataset with 4,344 samples from 421 tables, and
TabFact (Chen et al., 2020), a table-based fact veri-
fication dataset containing 2,024 samples from 298
tables. In addition, we construct two large-scale
table datasets based on Spider (Yu et al., 2018),
denoted as STQA-L and STQA-N, corresponding
to naturally large tables and noise-injected large
tables (Wang et al., 2025a) (construction details are
provided in the Appendix A.6).

Baselines We compare our approach against
three categories of baselines: (1) Generic methods
End-to-End QA, Chain-of-Thought, and Text-to-
SQL (Rajkumar et al., 2022). (2) Decomposition-
based methods Dater (Ye et al., 2023), Chain-
of-Table (Wang et al., 2024), and TabLaP (Wang
et al., 2025b). (3) Pruning-based methods Binder
(Cheng et al., 2023), TabSQLify (Nahid and Rafiei,
2024b), and H-Star (Abhyankar et al., 2025).

Evaluation Metric For the STQA-N, STQA-L,
and WikiTQ datasets, we use exact match accuracy
to check whether the predicted answer matches
the ground truth. For TabFact, we adopt binary
classification accuracy as evaluation metric.

3.2 Main Results

Large-scale Tables Table 1 presents the per-
formance of EnoTab on two large-scale table
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Method ‘ STQA-N ‘ STQA-L ‘ Average
‘ GPT-40 GPT-40-mini ‘ GPT-40 GPT-40-mini ‘

End-to-End QA 62.8 57.6 66.4 59.8 61.7
Chain-of-Thought 63.7 59.8 66.7 60.5 62.7
Text-to-SQL (Rajkumar et al., 2022) 61.7 62.6 46.3 47.1 54.4
Binder (Cheng et al., 2023) 64.1 63.9 48.7 45.6 55.6
Dater (Ye et al., 2023) 59.3 54.4 50.4 42.6 51.7
Chain-of-Table (Wang et al., 2024) 59.7 56.9 57.1 57.3 57.8
TabSQLify (Nahid and Rafiei, 2024b) 65.9 61.8 60.6 58.7 61.8
H-Star (Abhyankar et al., 2025) 70.2 68.6 66.2 63.8 67.2
TabLaP (Wang et al., 2025b) 73.6 70.8 69.1 65.9 69.9
EnoTab(Ours) ‘ 80.3 (+8.3)  78.2 (+9.5) ‘ 75.3 (+8.2)  72.5 (49.1) ‘ 76.6 (+8.7)

Table 1: Overall results on two large-scale TableQA datasets STQA-N and STQA-L. The best result is bold, and the
second-best result is underlined. Numbers in () indicate the performance gain over the second-best method.

datasets: STQA-N and STQA-L. The results show
that EnoTab significantly outperforms all base-
line methods, demonstrating its effectiveness in
large-scale TableQA scenarios. On STQA-N, both
decomposition-based and pruning-based methods
achieve relatively good performance, with pruning-
based methods performing slightly better. We at-
tribute this to the high volume of noisy tokens in
STQA-N, which degrades reasoning performance.
In contrast, pruning-based methods help alleviate
reasoning pressure by removing irrelevant data.
Among them, EnoTab stands out by leveraging its
powerful and stable pruning capability, achieving
state-of-the-art performance.

Furthermore, EnoTab exhibits even greater ad-
vantages on the STQA-L dataset, further demon-
strating its superiority on truly large-scale tables.
The results show that EnoTab achieves more sig-
nificant performance gains, while pruning-based
methods suffer a notable performance drop. We
attribute this to the fact that STQA-L consists of
naturally large tables with more complex structures
and data formats compared to STQA-N, thus re-
quiring more precise pruning. Poor pruning often
leads to the loss of answer-related information, re-
sulting in reasoning failures. In contrast, question
decomposition methods maintain relatively stable
performance, benefiting from the strong reason-
ing capabilities of the underlying language models.
These findings further validate EnoTab’s excep-
tional capability in handling large-scale tables.

Complex Questions To evaluate EnoTab’s abil-
ity to handle complex questions, we categorize
questions in the WikiTQ dataset into difficulty lev-
els based on the reasoning performance of GPT-
40. Each question is independently answered 100

times by GPT-40 and labeled as “Easy” (90-100
correct), “Medium” (60-89), “Hard” (10-59), or
“Extra Hard” (0-9). The distribution across diffi-
culty levels is shown in Figure 3. We further ana-
lyze the number of evidences generated by EnoTab
for questions of different difficulty levels, along
with the average per level. Results reveal a clear
positive correlation: the more complex the ques-
tion, the more evidences EnoTab generates, indicat-
ing that the method adaptively adjusts its reasoning
depth according to question difficulty.

Figure 4 shows the performance comparison be-
tween EnoTab and typical decomposition-based
methods such as Chain-of-Table and Dater under
different difficulty levels using GPT-40-mini. Eno-
Tab consistently achieves higher accuracy across
all levels. In particular, under the “Extra Hard”
setting, where baseline performance drops signifi-
cantly, EnoTab maintains a clear advantage. These
results further validate the robustness and reasoning
ability of EnoTab in handling complex questions.

Standard Benchmark We further evaluate Eno-
Tab on two standard benchmark datasets, WikiTQ
and TabFact, using GPT-40-mini as the evaluation
model. Table 2 shows that EnoTab consistently
outperforms existing methods on both datasets.
This demonstrates that EnoTab not only excels in
substantial noisy data scenarios such as complex
questions and large-scale tables, but also maintains
strong performance on standard TableQA tasks, in-
dicating good generalizability.

3.3 Experimental Analysis

Ablation Study To quantify the contribution
of each component in EnoTab, we conduct abla-
tion studies, as shown in Table 3. Specifically,
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Method ‘ WikiTQ ‘ TabFact Average
End-to-End QA 52.6 73.5 63.1
Chain-of-Thought 58.2 77.2 67.7
Text-to-SQL 52.9 69.7 61.3
Binder 58.8 77.2 68.0
Dater 58.3 80.1 69.2
Chain-of-Table 67.1 84.2 75.7
TabSQLify 66.4 78.8 72.6
H-Star 73.8 88.4 81.1
TabLaP 72.8 86.9 79.9
EnoTab(Ours) 74.6 (+1.8) | 89.2 (+2.3) | 81.9 (+2.0)

Table 2: Performance comparison between EnoTab
and previous work on WikiTQ and TabFact datasets.
The best result is bold, and the second-best result is
underlined.

we systematically disable the following key mod-
ules: Consistency Assessment and Usability As-
sessment from the Evidence Assessment module,
and And20r Operation and Table Verifier from the
Subtable Generation module. Evaluations are per-
formed using GPT-40-mini on the STQA-L and
STQA-N datasets. The results indicate that dis-
abling any single component leads to performance
degradation on both datasets, confirming the sig-
nificant positive impact of each module on the
overall effectiveness of the framework. In par-
ticular, removing Consistency Assessment or Us-
ability Assessment results in the most noticeable
drop, highlighting their critical role in enhancing
the framework’s relevance filtering capability by
accurately identifying and eliminating spurious cor-
relations in the question. Likewise, removing the
And2Or Operation or the Table Verifier also causes
a substantial decline in performance, demonstrat-
ing their importance in improving the framework’s
table pruning capability and in preventing the in-
advertent removal of crucial information during
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Figure 4: Accuracy comparison of EnoTab, Chain-of-
Table, and Dater across different difficulty levels in the
WikiTQ dataset, evaluated with GPT-40-mini.

Method | STQA-N v | STQA-L v

EnoTab(GPT-40) 80.3 - 75.3 -
w/o Consistency Assessment 74.0 (-6.3) 69.7 (-5.6)
w/o Usability Assessment 72.1 (-8.2) 68.5 (-6.8)
w/o And20r Operation 76.1 (-4.2) 71.5 (-3.8)
w/o Table Verifier 75.6 (-4.2) 72.8 (-2.5)

EnoTab(GPT-40-mini) 78.2 - 72.5 -
w/o Consistency Assessment 72.7 (-5.5) 66.1 (-6.4)
w/o Usability Assessment 70.3 (-6.9) 65.6 (-6.9)
w/o And20r Operation 73.8 (-4.4) 68.1 (-4.4)
w/o Table Verifier 74.3 (-3.9) 68.5 (-4.0)

Table 3: Ablation study. Evaluations are conducted on
STQA-N and STQA-L using GPT-40 and GPT-40-mini.

pruning. In summary, the results show that all
components in EnoTab play indispensable roles in
maintaining system performance. The absence of
any module weakens the system’s reasoning abil-
ity, underscoring the synergy among components
and the necessity of their integration for achieving
robust performance.

Adaptability To evaluate the adaptability of Eno-
Tab across different types of foundation models, we
conduct experiments using both closed-source mod-
els (GPT-40-mini and GPT-40) and open-source
models (LLaMA-2-70B and Qwen-1.5-70B). We
randomly sample 200 examples from the WikiTQ
dataset and compare the performance of EnoTab
with a standard End-to-End QA method. As shown
in Figure 5, End-to-End QA suffers a noticeable
performance drop when switching from closed-
source to open-source models, indicating a strong
reliance on the underlying model’s reasoning capa-
bility. In contrast, EnoTab maintains stable perfor-
mance across different model configurations, with
only minimal degradation even when paired with
weaker models. This robustness can be attributed
to EnoTab’s effective relevance filtering and reli-
able table pruning capabilities, which jointly elimi-
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Figure 5: Execution accuracy of closed-source and open-
source models on WikiTQ.

nate irrelevant content from both the table and the
question. By reducing reasoning burden and com-
plexity, EnoTab enables the model to perform well
even under limited capacity. These findings sug-
gest that EnoTab generalizes better across founda-
tion models of varying quality and is more suitable
for real-world scenarios where high-performance
closed-source models may not always be available.

Table Pruning Effectiveness To evaluate the ef-
fectiveness of EnoTab’s table pruning capability,
we randomly sample 200 correctly answered in-
stances from each of the four datasets and com-
pute the average number of tokens before and after
pruning. Table 4 reports the average token counts
and corresponding compression rates. For the
large-scale datasets STQA-L and STQA-N, Eno-
Tab achieves substantial compression, demonstrat-
ing strong pruning ability by effectively removing
irrelevant content. Meanwhile, on the relatively
smaller-scale datasets WikiTQ and TabFact, Eno-
Tab maintains reliable performance, avoiding the
erroneous removal of answer-related data despite
the limited presence of noise. These results con-
firm that EnoTab consistently adapts to varying
table scales and exhibits robust and effective table
pruning across different scenarios.

4 Related Work

The strong reasoning capabilities of LLMs have sig-
nificantly advanced the development of TableQA.
To further improve table reasoning performance,
existing research has primarily explored two key
directions (due to space limitations, more related
work is discussed in the Appendix D).

Question Decomposition This line of research
typically decomposes complex questions into sim-
pler intermediate steps to extend the reasoning

# Tokens per Table

Dataset ‘ ‘ Comp. (%)

| Entire Table Pruned Table |
TabFact 343 216 37.0%
WikiTQ 627 294 53.1%
STQA-L 8,967 2,176 75.7%
STQA-N 26,742 2,893 89.2%

Table 4: Token counts and compression rates before and
after pruning across four datasets.

chain, thereby easing the burden on LLMs and
improving accuracy (Ye et al., 2023; Wang et al.,
2024; Zhao et al., 2024; Wu and Feng, 2024). How-
ever, these methods heavily rely on the correctness
of intermediate steps. As question complexity in-
creases, spurious correlations become more preva-
lent, causing the reasoning process to deviate from
the original intent and potentially leading to failure.
In contrast, EnoTab proactively filters spurious cor-
relations before reasoning begins, effectively mit-
igating such issues and improving overall robust-
ness. Notably, while prior work uses decomposi-
tion to construct reasoning paths, EnoTab leverages
it as a supporting technique to enable fine-grained
assessment of semantic units in complex questions.

Table Pruning Another line of research focuses
on pruning tables by generating SQL or Python
programs to filter out irrelevant data, producing
smaller subtables that reduce reasoning complex-
ity (Zhang et al., 2023; Nahid and Rafiei, 2024b;
Abhyankar et al., 2025; Nahid and Rafiei, 2024a;
Mao et al., 2024). However, these methods often
operate as black boxes, lacking transparency and
making it difficult to detect and correct errors in
time, which can result in the loss of critical answer-
related data. In contrast, EnoTab ensures that each
pruning step is observable and verifiable, allowing
timely detection and correction of erroneous states.

5 Conclusion

In this paper, we identify the bottlenecks of
TableQA in handling complex questions and noisy
large-scale tables, which stem from limited rel-
evance filtering and pruning. To tackle these
challenges, we present EnoTab, a dual denoising
framework that decomposes questions into seman-
tic units, grounds them in tables, and builds ex-
plicit reasoning paths with rollback to preserve
answer-related information. Extensive experiments
across multiple benchmarks demonstrate that Eno-
Tab achieves substantial gains on complex and
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large-scale TableQA tasks, highlighting the effec-
tiveness and generality of our approach.

Limitations

EnoTab is currently evaluated in the context of
single-table question answering. Although the
method is capable of handling multiple tables, its
performance in multi-table settings remains unclear.
Future work will explore and assess its effective-
ness in such scenarios. Additionally, the validation
method struggles with certain specialized table for-
mats, such as "/-1", where the numbers represent
the count of wins and losses. We aim to address
this limitation in future work.
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A Additional Implementation Details of
EnoTab

This section provides additional implementation
details of EnoTab to supplement the high-level
overview in the main text. We elaborate on the
design of key components, including evidence gen-
eration, evidence evaluation, Evidence Tree con-
struction, and rollback, along with the associated
prompting strategies and parameter configurations.
These details aim to clarify the complete pipeline
and support both transparency and reproducibility.
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A.1 Two-Stage Retrieval Process

During the evidence generation phase, directly us-
ing the entire table to produce evidence is computa-
tionally inefficient and prone to errors, particularly
when the table contains thousands of rows. Se-
lecting a small set of representative rows that are
most relevant to the question is typically sufficient
for generating high-quality evidence. To achieve
this, we adopt a two-stage retrieval strategy that bal-
ances efficiency and accuracy. The process consists
of keyword-based filtering followed by embedding-
based re-ranking.

Stage 1: Keyword-based Filtering. Given a
question (), we first extract a set of task-relevant
keywords {k1, ko, . .., ki, } using a lightweight lan-
guage model. We then apply LSH to retrieve can-
didate rows R, from the table 7" that exhibit sub-
stantial token overlap with the extracted keywords.
This step significantly reduces the candidate space
from thousands of rows to a much smaller subset.

Stage 2: Embedding-based Re-ranking. For
each candidate row r € R., we compute its se-
mantic similarity with the question () using a pre-
trained embedding model f(-). To enhance robust-
ness, we also incorporate a lexical similarity score
based on the edit distance between the row tokens
and the extracted keywords. The final ranking score
for row 7 is defined as:

Score(r, Q) = A+ Ssem(r, Q) + (1 = A) - Siex (1, Q),

where Sgen denotes semantic similarity measured
via cosine similarity of embeddings, and Sjx de-
notes lexical similarity based on edit distance.

In practice, we set k = 10, A = 0.7, and
C' = min(256, [0.1N]), where N is the number of
rows in the table. We use GPT-40-mini for keyword
extraction and bge-large-en-v1.5 as the default
embedding encoder. This two-stage retrieval strat-
egy significantly improves the efficiency of evi-
dence generation.

A.2 Consistency Assessment of Evidence

The consistency assessment process of evidence is
presented in Algorithm 1. Following (Lin et al.,
2025), we set the number of rounds to n = 5 and
the threshold to o = 0.8. For semantic discrimina-
tion, we adopt Llama-2-7b-chat-hf as the default
discriminator M, which strikes a balance between
accuracy and efficiency.

Algorithm 1: Evidence Consistency As-
sessment
Input: n rounds of evidence sets
& ={E, Es, ..., E,}, threshold «,
semantic discriminator M
Output: Candidate evidence set F,

1 Initialize empty multimap G for grouping
evidence by (area, action);

2 B+ @;

3 foreach evidence set E; € £ do

4 foreach evidence e € E; do

5 Extract (area., condition,, action, );
6 Append e to group
G|(area,, action,)];
7 end
8 end

9 foreach group GG; in G do

10 | foreach evidence e; € Gj do
11 c<+ 0
12 foreach evidence e;, € G, e}, # ¢;
do
13 if
M(condition,,, condition,,) =
True then
14 ‘ c+—c+1;
15 end
16 end
17 Compute consistency score
S(ez) <— Wjﬁ;
18 if S(e;) > o then
19 | Adde; to E;
20 end
21 end
22 end

23 return E;

A.3 Usability Assessment of Evidence

In this section, we describe how to verify the us-
ability of each evidence using the toolkit P (as
shown in Figure 6). Given an evidence e =
(area, condition, action) and a table T, toolkit P
checks whether e can be grounded in 7I'. The pro-
cess is as follows: (1) select the target column
according to area; (2) normalize the condition
into the canonical form required by the selected ac-
tion; (3) invoke the API corresponding to action,
such as string matching, numeric comparison, or
date evaluation; (4) return whether the resulting
sub-table is empty. If the result is non-empty, the
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evidence is regarded as usable; otherwise, it is dis-
carded.

ﬁ Usability Assessment of Evidence |

Table T : DataFrame
Evidence e : (Area, Condition, Action)

Boolean usability flag

@ Toolkit P Functions {}

# Select the target column based on Area

<-- isExists( )
# Select the function based on Action
If == "string™:

# normalize string condition
<-- process_condition(
<--{row € T | string_match( )}
If == "number™:
# normalize number condition
<-- process_condition( )
<--{row € T | numeric_compare( )}
If == "date™
# normalize date condition
<-- process_condition( )
<--{row € T | parse_date( %

~

gJudge the Final Result l {}

# Determine the usability of evidence based on SubT
If is Empty:
# not usable

else:
# usable

Figure 6: Usability Assessment of Evidence.

A4 Detailed Description of the Evidence Tree

In this section, we provide a more intuitive expla-
nation of how the Evidence Tree operates. As illus-
trated in Figure 7, the Evidence Tree is structured
as a binary tree consisting of four leaf nodes and
three internal nodes. The entire tree mirrors the log-
ical structure implicitly contained in the question
and is executed following a post-order traversal
strategy.

Figure 8 further illustrates the functional role
of leaf nodes and internal nodes. Each leaf node
corresponds to a minimal evidence unit and applies
a fine-grained filtering operation on the original
table. The internal nodes act as logical operators
(e.g., AND, OR) that merge the filtered subtables
produced by their children. Through this layered
design, the pruning process becomes both stepwise
and interpretable: every pruning decision is trans-
parent and can be independently inspected.

Importantly, all leaf-level filtering is performed
before any internal merging, which avoids prema-

turely combining incomplete subtables. At each
step, the intermediate subtable remains observable,
enabling timely detection of abnormal states (e.g.,
empty tables) and facilitating recovery strategies
such as rollback. This property distinguishes the
Evidence Tree from black-box pruning approaches
and ensures that the pruning trajectory remains au-
ditable and robust.

% Internel Node3

AND

Internel Node2 Leaf Node4

AND Population
Number
«65000

Leaf Node3

Population
Number
>10000

Full Table

Leaf Nodel Leaf Node2
District District
Text Text
In Center In Tel Aviv

Full Table

Full Table Full Table

Post-order @Nodel ] Z>®Node2 ‘ :} %Nodel I f)CDNoda ‘

i traversal

T o ) o ) = ) L

{

Figure 7: An illustrative Evidence Tree with four leaf
nodes and three internal nodes.

A.5 Rollback Mechanism: Analysis of
And20r

The rollback mechanism is designed to prevent
the loss of essential information during table prun-
ing. In particular, the And2Or operation acts as
a fallback strategy when an internal node with an
AND operator produces an empty subtable. This
situation indicates that the system has reached the
limits of its discriminative capability, being unable
to determine which records are relevant. To avoid
discarding all potentially useful data, the AND op-
erator is replaced with an OR operator, resulting in
a superset that may include redundant or irrelevant
rows. While this relaxation may reduce precision,
it preserves answer-critical content and ensures that
downstream reasoning has sufficient evidence to
proceed. In the context of TableQA, recall is gen-
erally more important than precision, as irrelevant
rows can be filtered later, whereas missing evidence
cannot be recovered. In practice, the And2Or opera-
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Figure 8: Table transformation process at leaf and inter-
nal nodes of the Evidence Tree.

tion helps maintain non-empty intermediate results,
allowing later verification modules to assess com-
pleteness and trigger corrections when necessary.
This mechanism contributes to greater robustness
compared to approaches that discard all content
under overly strict conditions. In future work, we
aim to enhance the model’s discriminative ability
at conjunction nodes, reducing reliance on And20r
while preserving its effectiveness as a safeguard.

A.6 Details of Dataset Construction

We construct two evaluation sets, STQA-L and
STQA-N, from source tables through a semi-
automatic QA generation pipeline with manual
verification. For each source table, we randomly
sample a region, which can be a single cell, a row,
or a sub-table consisting of multiple rows and/or
columns. The sampled region is not directly used
as the final answer. Instead, we prompt an LLM
to generate an answer conditioned on the sampled
region and then construct a corresponding question.
All generated QA pairs are manually reviewed and
verified for correctness. Problematic cases identi-
fied during review are either corrected or discarded.
More than 80% of QA pairs are accepted without
edits, while fewer than 20% require manual refine-
ment. We consider three sampling granularities

Dataset Correct Answer Error Invalid Question
STQA-L  81.2% 12.7% 6.1%
STQA-N  80.7% 16.4% 2.9%

Table 5: Statistics of QA construction outcomes.

. # Tokens # Tokens
Dataset # QA Pairs per Table per Answer
STQA-L 1,074 9,786 39
STQA-N 617 28,652 3.1

Table 6: Statistics of QA pairs and token counts per
table and answer.

in this process: cell-based sampling selects a sin-
gle cell, row-based sampling selects an entire row,
and subtable-based sampling selects a multi-row,
multi-column sub-table.

For STQA-N, we first expand tables shorter than
4,096 tokens by prompting an LLM to generate ad-
ditional rows and columns, and then construct QA
pairs using the same procedure as in STQA-L. Af-
ter identifying the gold answer cells and columns,
we perturb 15% of the non-answer cells with type-
specific noise. For string cells, including dates and
booleans, we replace the original value with one
of the top five semantically closest WordNet alter-
natives. For numeric cells, we replace the original
value with a value outside the gold range while
keeping answer correctness unchanged. All QA
pairs are then manually verified to ensure that the
injected noise does not compromise validity. This
process creates realistic distractors and enables
evaluation of noise sensitivity.

During QA construction, we observe two major
error types. The first is Answer Error, where the
generated question is correct but the answer is in-
accurate; such QA pairs are retained and manually
corrected based on the table contents. The second
is Invalid Question, where the question is ill-posed,
ambiguous, or inconsistent with the table; such QA
pairs are discarded entirely. Table 5 summarizes
the statistics of QA construction outcomes, and
Table 6 reports the final dataset statistics.

B Additional Experiments
B.1 Hyper-parameter Settings

Table 7 summarizes the models and parameter set-
tings used in each module of EnoTab. To ensure
the stability of our results, we also repeated ex-
periments with different random seeds. For open-
source models (e.g., LLaMA-2, Qwen-1.5), we
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Description Value / Model

Top-k representative rows k= 10

Candidate pool size C = min(256, [0.1N1])
Ranking weight A=0.7

Keyword extraction model ~GPT-40-mini
Embedding encoder bge-large-en-v1.5
Consistency rounds n=>5

Consistency threshold a=038

Semantic discriminator Llama-2-7b-chat-hf

Table 7: Summary of hyper-parameter settings for Eno-
Tab.

‘ FeTaQA
Method | BLEU R-1 R2 R-L
T5-small - 55 33 47
T5-base - 61 39 51
T5-large - 63 41 53

End-to-End QA | 28.37 63 41 53
Dater 29.47 63 41 53

Chain-of-Table | 32.61 66 44 56
EnoTab(ours) | 3046 67 45 57

Table 8: Performance comparison between EnoTab and
previous work on the FeTaQA dataset (evaluated using
GPT-3.5-turbo). BLEU and ROUGE scores are reported:
R-1, R-2, and R-L denote ROUGE-1, ROUGE-2, and
ROUGE-L respectively.

report the average accuracy over 3 runs. For closed-
source APIs (e.g., GPT-40, GPT-40-mini), which
show minimal stochastic variation, we conducted
2 runs to confirm stability. Across all datasets, the
results were highly stable, with the standard de-
viation consistently within 1% absolute accuracy.
This demonstrates that the reported improvements
of EnoTab are robust and not dependent on random
factors.

B.2 Error Analysis

Figure 9 presents our error analysis of the tradi-
tional table pruning method Text2SQL on the Wik-
iTQ dataset. The errors are categorized into three
types: BinderException, which indicates semantic
errors such as referencing non-existent columns,
tables, or aliases; ParserException, which refers
to SQL syntax errors that prevent parsing; and In-
dexError, which occurs when execution attempts
to access out-of-range rows (e.g., accessing row 10
in a 5-row table). Among these, BinderException
is the most frequent. This type of error often arises

when any condition in the SQL query is invalid,
rendering the entire query unusable and causing
pruning to fail (see case in Figure 23). ParserEx-
ception is the second most common and typically
results from conditions or table content that ex-
ceed the expressive capacity of SQL (see case in
Figure 24).

Our proposed method, EnoTab, effectively ad-
dresses these issues. Since each evidence unit is
treated as an independent and minimal semantic
element, EnoTab decouples multiple SQL condi-
tions into discrete pieces of evidence. Each piece
is individually verified and executed, allowing in-
valid evidence to be filtered out and significantly
reducing the occurrence of BinderException. More-
over, EnoTab is able to recognize when certain
evidence exceeds its table reasoning capability,
thereby avoiding ParserException by design.

While EnoTab is robust in handling large-scale
tables, its performance is still limited when deal-
ing with structurally complex tables. For example,
some cells contain compound values such as “1-1”
(indicating 1 win and 1 loss) or “251-32=189”
(where 189 is the value of interest). Successfully
pruning such tables requires accurately extracting
the relevant data from compound entries. Although
equipping the model with this ability could further
improve pruning effectiveness, it also introduces
a higher risk of losing critical answer-related data.
This conflicts with the core principle of EnoTab:
preserving target data while pruning as aggressively
as possible.

IndexError
17.5%

ParserException

BinderException 22.4%

60.1%

Figure 9: Statistics for the SQL execution errors.
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Figure 10: Execution accuracy on WikiTQ with noisy
content in tables.

B.3 Noisy Content

To further evaluate EnoTab’s robustness to noisy
data, we follow the approach proposed in
Binder(Cheng et al., 2023) and construct a noisy
version of the WikiTQ development set by inject-
ing distractive content to simulate misleading infor-
mation in real-world scenarios. We evaluate both
EnoTab and a standard End-to-End QA method un-
der two settings: “clean” and “noisy”. As shown
in Figure 10, the performance of End-to-End QA
drops significantly when noise is introduced, indi-
cating its sensitivity to misleading content. In con-
trast, EnoTab maintains stable performance even
under noisy conditions, demonstrating stronger ro-
bustness. This advantage primarily stems from its
efficient table pruning capability, which enables the
model to effectively identify and filter out irrele-
vant information, thereby sustaining high reasoning
accuracy even in the presence of noise.

B.4 Experiments of EnoTab on FetaQA

Table 8 shows that EnoTab achieves strong perfor-
mance on the FeTaQA(Nan et al., 2022) dataset for
free-form question answering, consistently outper-
forming existing state-of-the-art methods. In par-
ticular, EnoTab surpasses all baselines on ROUGE-
1/2/L(Lin, 2004), which measure lexical overlap
(unigram and bigram) and sequence-level similar-
ity based on the longest common subsequence. We
attribute this improvement to EnoTab’s ability to
better capture key information from the table and
maintain structural alignment in the generated an-
swers through fine-grained evidence selection and
reasoning. We also observe that EnoTab slightly un-
derperforms Chain-of-Table(Wang et al., 2024) in
terms of BLEU(Papineni et al., 2002) score. Since
BLEU places greater emphasis on n-gram precision
and is sensitive to word order, we believe this is due

to the fact that our model does not explicitly opti-
mize for surface-level phrasing or sequence align-
ment. However, manual inspection confirms that
the generated answers remain accurate and com-
plete in content, indicating that the performance
drop in BLEU does not reflect true semantic degra-
dation.

Evidence Count

Dataset 1 2 3 >4
WikiTQ 1628 1277 1108 296
TabFact 1134 573 287 29

Table 9: Number of samples in the WikiTQ and TabFact
dataset by evidence count.

Difficulty Level
Dataset easy middle hard extra
WikiTQ 1572 1374 1003 360
TabFact 1347 463 171 42

Table 10: Number of samples in the WikiTQ and Tab-
Fact dataset by difficulty level.

B.5 Effectiveness Analysis of Evidence
Generation

To evaluate the effectiveness of our evidence gener-
ation module, we analyze the relationship between
the number of generated evidence pieces and task
difficulty across two benchmarks: WikiTQ and
TabFact. As shown in Tables 9 and 10, the distri-
bution of samples across different evidence counts
closely mirrors the distribution across difficulty lev-
els. This alignment suggests that tasks requiring
more evidence are generally more difficult. More
notably, we observe that the number of samples
with higher evidence counts increases with task dif-
ficulty. For instance, in WikiTQ, the proportion of
samples requiring 4 or more evidence pieces rises
as we move from ’easy’ to ’extra’ difficulty levels.
A similar trend is evident in TabFact, albeit with
fewer high-difficulty samples. This increasing evi-
dence requirement reflects the heightened complex-
ity of reasoning in harder tasks and demonstrates
that our evidence generation module is sensitive
to task difficulty. These findings confirm that our
module can effectively capture and extract more
granular, informative evidence as the reasoning
complexity increases. In other words, it scales ap-
propriately with task demands and is particularly
beneficial for handling more challenging questions.
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C Prompt

C.1 Prompt of Dataset Construction

The prompt used in data construction, as shown in
Figure 11, 12, 13, 14 and 15.

C.2 Prompt of EnoTab

The prompt used in the EnoTab pipeline, as shown
in Figure 16, 17, 18 and 19.

C.3 Example of Evidence

The types of Evidence include textual, numerical
and date, with corresponding examples shown in
Figures 20, 21 and 22, respectively.

D Additional Related Work

LLM Reasoning In recent years, the rapid
progress of large language models (LLMs) has
made reasoning a core capability for modern Al
systems. Reasoning-based paradigms have been
widely adopted across diverse applications, includ-
ing vision-language modeling (Liu et al., 2024,
2025a; Lin et al., 2026a,b), chart understanding
(Liu et al., 2026), mathematical problem solving
(Wu et al., 2026; An et al., 2025), and web-based
autonomous agents (Zhang et al., 2026). Mean-
while, emerging evidence suggests that reasoning
processes are highly heterogeneous across differ-
ent tokens, modules, modalities, and intermediate
steps, calling for more adaptive reasoning, opti-
mization, and inference strategies (Liu et al., 2025b;
Zhou et al., 2025b, 2026). Against this backdrop,
structured reasoning tasks have attracted increas-
ing attention, including table reasoning and closely
related text-to-SQL settings, where models must
jointly understand structured schemas, content, and
compositional reasoning procedures over tabular
evidence (Wu et al., 2025b,a,c).

Finetune-based Table Reasoning In the field of
table reasoning, early methods typically enhance
models’ understanding of tables by fine-tuning pre-
trained models. The core challenge lies in en-
abling models to better comprehend the content and
structure of tables during training. TaPas(Herzig
et al., 2020) improves understanding of tabular data
by recovering masked cell information in tables.
TABERT(Yin et al., 2020) proposes the concept
of content snapshots to encode the most relevant
table content subsets based on the input utterance.
TURL(Deng et al., 2022) focuses on table relation-
ship understanding by introducing table context

information and modeling cell semantics, signifi-
cantly enhancing table semantic understanding and
reasoning. TAPEX(Liu et al., 2021) leverages a
BART (Lewis, 2019) model to simulate a SQL ex-
ecutor during pre-training, equipping TAPEX with
stronger table reasoning capabilities. PASTA(Gu
et al., 2022) introduces an operation-aware fact ver-
ification approach, pre-training the language model
to learn common table-based operations and solve
sentence-table cloze tasks synthesized from Wik-
iTables(Pasupat and Liang, 2015), further improv-
ing reasoning capabilities. Additionally, (Sui et al.,
2024) addresses large-scale tables by defining a
series of constraints to control table size while min-
imizing the loss of key information.

Pruning and Planning Table Reasoning Some
recent studies have attempted to jointly address
table pruning and reasoning planning by integrat-
ing evidence selection with structured inference
control. These approaches aim to reduce reason-
ing complexity by eliminating irrelevant data while
also guiding the model through a well-defined rea-
soning path. For example, some frameworks alter-
nate between executing partial programs and mak-
ing intermediate decisions, allowing the reasoning
process to adapt dynamically to the evolving con-
text (Khoja et al., 2025). Other methods introduce
symbolic planners or controller modules that deter-
mine the order in which subtasks—such as filtering,
aggregation, or comparison—should be executed
(Zhang et al., 2023; Mao et al., 2024). While ef-
fective in structured reasoning, such methods often
operate as black boxes, making it difficult to trace
or correct errors in pruning or planning. In con-
trast, our method explicitly separates pruning and
planning stages, and further introduces verifiable
checkpoints at each step to enhance transparency
and robustness.
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Prompt of Cell-based QA Generation

### Instruction:

You are a QA generation expert. Your task is to Randomly select one cell in the table
as the answer and generate a question which can produce the answer. Return both the
question and answer. Repeat this process for 10 times and return me with 10 QA pairs.

#H## Table:

Header: [HEADER]
Content: [TAB]

### Note:

- Directly returns questions in format "Q: question_content; A: answer_content"
(without any explanation).

-Try to make the question diverse.

-Keep answers as concise as possible and only contain entities.

Figure 11: Prompt of Cell-based QA Generation.

Prompt of Row-based QA Generation

### Instruction:

You are a QA generation expert. Your task is to use selected row above to generate
one question using the information within this row. Return the question and its answer.
Repeat this process 4 times.

### Table:

Header: [HEADER]
Content: [TAB]
Selected Row: [ROW]

### Note:

-Directly returns questions in format "Q: question_content; A: answer_content"
(without any explanation).

-Try to make the question diverse.

-Do not include "selected row/given data" in questions, as the selected columns are
not known to the person answering the question.

-Keep answers as concise as possible and only contain entities.

Figure 12: Prompt of Row-based QA Generation.
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Prompt of Column-based QA Generation

### Instruction:

You are a QA generation expert. Your task is to use selected column above to

generate one question using the information within this column. Return the question
and its answer. Repeat this process 4 times.

### Table:
Header: [HEADER]
Content: [TAB]
Selected Column: [COL]

### Note:

-Directly returns questions in format "Q: question_content; A: answer_content"
(without any explanation).

-Try to make the question diverse.

-Do not include "selected column/given data" in questions, as the selected columns
are not known to the person answering the question.

-Keep answers as concise as possible and only contain entities.

Figure 13: Prompt of Colmn-based QA Generation.

Prompt of Subtable-based QA Generation

### Instruction:

You are a QA generation expert. Your task is to use sub-table above o generate one
question using the information within this sub-table. Return the question and its
answer. Repeat this process 4 times.

#H## Table:

Header: [HEADER]
Content: [TAB]

Selected Subtable: [SUB]

### Note:

-Directly returns questions in format "Q: question_content; A: answer_content"
(without any explanation).

-Try to make the question diverse.

-Do not include "sub-table/given data" in questions, as the sub-table is not known to
the person answering the question.

-Keep answers as concise as possible and only contain entities.

Figure 14: Prompt of Subtable-based QA Generation.
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Prompt of Table expansion with noise

##t# Instruction:

You are a data augmentation expert. Your task is o generate noisy data to expand the
provided table both row-wise and column-wise.

### Table:

Header: [HEADER]
Content: [TAB]

### Note:

- return the entire table directly (no additional explanation).
- make sure there are no duplicate rows or columns.
- expand the table as much as possible to reach approximately 20,000 tokens.

Figure 15: Prompt of Table expansion with noise.

Prompt of Evidence Generation

### Instruction:

You are a task requirement understanding expert. Your task is to extract multiple pieces of
evidence from the provided fable and the question.

### Table:

col : Common name | District | Hebrew | Arabic | Population\n(2009) | Area\n(km?) | Mayor
row 1: Acre | North | py | &= | 46,300 | 13.533 | Shimon Lancry

row 2 : Afula | North | n7ioy | 45l | 40,500 | 26.909 | Avi Elkabetz

row 3 : Arad | South | Tw | 2l | 23,400 | 93.140 | Tali Ploskov

row 4 : Ariel | Judea & Samaria\n(West Bank) | 7x | JLi | 17,600 | 14.677 | Eliyahu Shaviro
row 5 : Ashdod | South | TiITwx | 25231 | 206,400 | 47.242 | Yehiel Lasri

row 6 : Ashkelon | South | |i7pwn | odewe | 111,900 | 47.788 | Benny Vaknin

#H#H Question:

How many cities in Tel Aviv or Center have a population between 10,000 and 65,000 and an area of
less than 40?

### Response:

area[colmn2:District] action[textural] condition[Center in x]
area[colmn2:District] action[textural] condition[Tel Aviv in x]
area[colmn3:Population\n(2009)] action[numerical] condition[x < 65000]
area[colmn3:Population\n(2009)] action[numerical] condition[x > 10000]
area[colmn4:Area] action[humerical] condition[x < 40]

Figure 16: Prompt of Evidence Generation.
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Prompt of Tree Construction

### Instruction:

You are a task requirement understanding expert. Your task is to link the relationships between
the provided pieces of evidence. Then generate an Evidence Graph.

### Table:

col : Common name | District | Hebrew | Arabic | Population\n(2009) | Area\n(km?) | Mayor
row 1: Acre | North | 1oy | \s= | 46,300 | 13.533 | Shimon Lancry

row 2 : Afula | North | n7ioy | 4l | 40,500 | 26.909 | Avi Elkabetz

row 3 : Arad | South | T | 2= | 23,400 | 93.140 | Tali Ploskov

row 4 : Ariel | Judea & Samaria\n(West Bank) | 7xnx | Jbi | 17,600 | 14.677 | Eliyahu Shaviro
row 5 : Ashdod | South | TITwx | 25381 | 206,400 | 47.242 | Yehiel Lasri

row 6 : Ashkelon | South | i7pwn | oMéwe | 111,900 | 47.788 | Benny Vaknin

### Question:

How many cities in Tel Aviv or Center have a population between 10,000 and 65,000 and an area of
less than 40?

### Evidence:

El:area[colmn2:District] action[textural] condition[Center in x]
E2:area[colmn2:District] action[textural] condition[Tel Aviv in x]
E3:area[colmn3:Population\n(2009)] action[numerical] condition[x < 65000]

E4:area[colmn3:Population\n(2009)] action[numerical] condition[x > 10000]
Eb5:area[colmn4:Area] action[numerical] condition[x < 40]

##t# Response:
((((E1 OR E2) AND E3) AND E4) AND EbB)
. J

Figure 17: Prompt of Tree Construction.

Prompt of Final Query

### Instruction:

You are a table question answering expert. Your task is to infer the answer to the question
based on the provided table.

### Example:

### Table:

col : District | Population\n(2009) | Area\n(km?)
row1: Center | 36300 | 2.756

row 2 : Tel Aviv | 40600 | 16.792

row 3: Tel Aviv | 34400 | 5.141

row 4 : Tel Aviv | 31000 | 4.112

### Question:

How many cities in Tel Aviv or Center have a population between 10,000 and 65,000 and an area of
less than 40?

highlight semantic units:

[in Tel Aviv or Center] [population between 10,000 and 65,000] [area of less than 40]
##t# Response:

4

Figure 18: Prompt of Final Query.
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Prompt of Table Verifier

### Instruction:

You are a TableQA expert. Your task is to determine whether the following pruned subtable is
sufficient to answer the given question.

### Input
Question: [Q]
Subtable: [T]
Pruning process: [E1,E2,.... ]

### Note
- The pruning process refers to all the pruning operations performed from the original table to the
subtable.

- Give me the answer in format "Final Answer: True / False" form (should be either True or False,
without any explanation)

Figure 19: Prompt of Table Verifier.

Textural Evidence

#H#H Questionl:

how many cities in Tel Aviv or Center have under 65,000 people?
### Evidencel:

area [colmn2:District] action [textural] condition [Center in x]
### Question2:

how many competitions were not in the united kingdom?
### Evidence2:

area [colmn4:Country] action [fextural] condition [United Kingdom not in x]
### Question3:

what is the total number of fw-190's he damaged or destroyed?
### Evidence3:
area [colmné:Status] action [fextural] type [damaged in x]

Figure 20: Example of Textural Evidence.
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Numerical Evidence

### Questionl:

how many cities in Tel Aviv or Center have under 65,000 people?
### Evidencel:

area [colmn3:Population\n(2009)] action [numerical] condition [x < 65000]
#H#H Question2:

what is the total number of films made, with a rating of 8 or higher?
### Evidence2:

area [colmn5:IMDb] action [numerical] condition [x >= 8]
### Question3:

how many countries had at least $1 billion in box office?
### Evidence3:

area [colmn3:Box Office] action [numerical] condition [x >= 1.0]

Figure 21: Example of Numberical Evidence.

Date Evidence

### Questionl:

how many games were played after october 1s1?
### Evidencel:

area [colmnl:Date] action [date] condition [x > 2008-10-01]
### Question2:

what were the total number of deaths in 2003?
### Evidence?2:

area [colmnl:Year] action [date] condition [x == 2003-01-01]
### Question3:

is the price money for 23 january 1984 more than that of 23 april 19842
### Evidence3:

area [colmn2:Date] action [date] condition [x == 1984-04-23]

Figure 22: Example of Date Evidence.
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Error Case of ParserException

### Question:
what was the highest score achieved by any opponent team?

##t# Table:

col : Date | Team | Competition | Round | Leg | Opponent | Location ||Score
row 1: July 7 | Gent | Intertoto Cup | Round 2 | Leg 1, Home | Cliftonville | Jules Ottenstadion,

Ghent | 2-0

row2:July14 | .. 4-0

row 3:July 21| .. 1-1

row 4 : August 16 | ..|... | 3-0

row 5 : March 6 | ... | 0-5

row 6 : March 12 | ...|. | 2-1

#H#H SQL: %

SELECT MAX(CAST(SPLIT PART(Score, '-', 2) AS INT)) AS MaxOpponentScore FROM table

Figure 23: Error Case of ParserException.

Error Case of BinderException

### Question:
In cycle 4 of Austria's Next Top Model, how many contestants were older than 20?
### Table:

col : Contestant | Age | Height | Home City | Rank

row 1: Alina Chlebecek | 18 | 170cm | Vienna | Eliminated in Episode 1

row 2 : Isabelle Raisa | 16 | 170cm | Vienna | Eliminated in Episode 1

row 3 : Sabrina Angelika Rauch | 21| 170cm | Vienna | Eliminated in Episode 2
row 4 : Katharina Mihalovi | 23 | 170cm | Vienna | Eliminated in Episode 3
row 5 : Nata Mari | 16 | 175cm | Vienna | Eliminated in Episode 3

row 6 : Michaela Schopf | 21 | 172cm | Vienna | Eliminated in Episode 4

#HH SQL: X No such column
SELECT COUNT(*) FROM table WHERE Cycle = 4 AND CAST(Age AS INT) > 20

Figure 24: Error Case of BinderException.
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