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Abstract

Existing large language model (LLM)-based table question
answering (TableQA) methods primarily involve decomposi-
tion reasoning and answer verification processes. However,
decomposing questions solely at the semantic level, with-
out considering the factual evidence in tables, fails to sig-
nificantly reduce the difficulty for LLMs in understanding
the key information in questions. Furthermore, reasoning and
verification without supporting factual evidence are often ar-
bitrary and unreliable. In light of these issues, this paper
proposes a Syllogism-Inspired Reasoning and Verification
method (SIRV), which performs reliable decomposition rea-
soning and answer verification based on the evidential con-
cept of syllogism. Specifically, SIRV extracts question-
relevant factual evidence from the table to construct the
premises. Based on the constructed premises, SIRV plans rea-
soning paths and generates sub-questions that explicitly indi-
cate relevant factual evidence, performing evidence-centered
reasoning. Additionally, SIRV examines the consistency be-
tween the premises and the table to focus on factual evidence,
thereby reliably identifying and correcting errors in the rea-
soning process. Compared to state-of-the-art methods, SIRV
achieves performance improvements of up to 5.24% in single-
mode and 2.89% in joint reasoning, while also demonstrating
excellent generalization ability and efficiency.

Extended version — https://github.com/zzxxzjydnx/SIRV

Introduction
Tables are among the most commonly used formats for
storing structured information. Table Question Answering
(TableQA) refers to reasoning the answers to questions by
understanding and analyzing table content, playing a crucial
role in tasks such as judgment (Huang et al. 2025), analysis
(Zhang, Gao, and Lou 2024), and decision-making (Yang
et al. 2025; Wang et al. 2024b; Chen et al. 2020). Large
Language Models (LLMs) can answer questions through
carefully designed prompts (Wang et al. 2024a; Jin et al.
2025; Ma et al. 2024; Sui et al. 2025), and the use of LLMs
in TableQA has become a mainstream research direction
(Zhang et al. 2024b, 2025a; Wang et al. 2025b; Lu et al.
2025).

*Corresponding author.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Most existing LLM-based TableQA methods primarily
involve two processes: decomposition reasoning (Fu et al.
2023; Sui et al. 2024) and answer verification (Ni et al.
2023; Wang, Gan, and Qi 2025). Specifically, decomposi-
tion reasoning involves decomposing the question and grad-
ually reasoning to obtain the final answer. Answer verifi-
cation involves checking reasoning processes and generated
answers to reduce the occurrence of errors. Direct Prompt-
ing (DP) and Agent are the primary answer modes in LLM-
based TableQA methods. In the DP mode, LLMs perform
decomposition reasoning and answer verification through a
few example prompts (Zhang et al. 2023b; Guan, Huang,
and Zhang 2024; Zhang et al. 2023a). In the Agent mode,
LLMs generate decomposition reasoning strategies based
on the current state and context, leveraging self-correction
mechanisms to verify the reasoning process and answers (Li
et al. 2024; Jiang et al. 2023).

However, current LLM-based methods encounter several
challenges. As shown in Figure 1(a), in the decomposi-
tion reasoning process, existing methods primarily focus
on the semantic splitting of the question while overlook-
ing the factual evidence (Definition 1) present in tables.
They fail to significantly reduce the difficulty for LLMs
in understanding key information (i.e., “country” or “Top
10”) in questions, and cannot guide LLMs towards reliable
reasoning. Additionally, in the answer verification process,
the lack of support from factual evidence makes it difficult
for LLMs to effectively identify and correct systematic or
factual errors in the reasoning process. Research indicates
that simply prompting self-correction may bias the model
away from generating optimal responses to the initial prompt
(Huang et al. 2024). Therefore, there is an urgent need for a
new evidence-centered method in TableQA, which incorpo-
rates factual evidence into every process of reasoning and
verification. Then, two key questions arise: How can we
automatically extract question-relevant factual evidence
from tables for different question types? How can we
construct a normative and efficient, evidence-centered
process for decomposition reasoning and answer verifi-
cation? A natural way is syllogism (Wan et al. 2024; Deng
et al. 2023), which relies on evidential premises for reliable
reasoning and verification in practical applications (Defini-
tion 2).

This paper proposes a Syllogism-Inspired Reasoning and
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#1. What are the countries of the cyclists?

#2. Count the number of cyclists from each country in the top 10.

#3. Determine the country with the highest count.

Which country had the most cyclists finish within the top 10 ?

Yes, Country information not found.

Final Answer: None

Countries ,Top 10

Ver. AnswerPrompt
( a )

Table

Country information not found. None

Decomposition;      Reasoning; Verification; Premises Generation

TeamCyclistRank

Caisse d’EpargneAlejandro (ESP)1

CSC Saxo Bank Alexandr (RUS)2

GerolsteinerDavide Rebellin (ITA)3

Quick StepPaolo Bettini (ITA)4

LiquigasFranco Pellizotti (ITA)5

………

Premises: [“country”, “determined by”, “counting occurrences of each country code”], [“country code”, “extracted from”, 

“parentheses in Cyclist column”], [“row”, “included if”, “Rank < =10”]…

#1. Which country codes are extracted from the parentheses in the ‘Cyclist’ column?

#2. Which country appears the most times among cyclists whose ‘Rank’ column value is less than or equal to 10 ?

#1 Sub-answer: ESP, RUS, ITA, FRA;#2 Sub-answer: ITA

Premises Sub-questions Final Answer: ITA

Country     parentheses in Cyclist column; ToP10

Which country had the most cyclists finish within the top 10 ?

( b )
Table Premises Knowledge Answer

Exam. 

…

Ver.

Figure 1: (a): Directly generating sub-questions through semantic splitting fails to significantly reduce the difficulty for LLMs
in understanding key information. The lack of support from factual evidence makes it difficult for LLMs to identify and correct
errors in the reasoning process. (b): Evidence-centered question decomposition and reasoning can guide LLMs to understand
key information and focus on critical table content, thus facilitating more reliable reasoning. Meanwhile, LLMs can verify
answers reliably with the support of factual evidence.

Verification (SIRV) method. As shown in Figure 1(b), unlike
existing methods that directly decompose the question se-
mantically, SIRV first extracts question-relevant factual evi-
dence from the table to construct premises. These premises
explicitly state the reasoning rules related to the questions
and clearly describe the correspondence between key in-
formation and the table content. Based on premises, SIRV
plans reasoning paths and generates sub-questions that ex-
plicitly indicate relevant factual evidence. Finally, SIRV in-
tegrates the premises and sub-questions to understand the
reasoning rules and focus on critical table content, perform-
ing reliable step-by-step reasoning. In the answer verifica-
tion process, SIRV critically examines the consistency be-
tween the premises and the table content to construct an ev-
idential knowledge background, thereby facilitating reliable
answer verification.

SIRV can perform TableQA independently using either
the DP mode or the Agent mode, or by combining both
to further enhance performance. We evaluate SIRV on the
WikiTableQuestions (Pasupat and Liang 2015) and Tab-
Fact (Chen et al. 2020) datasets. Compared to state-of-the-
art (SOTA) methods, our method achieves performance im-
provements of 5.24% in single-mode and 2.89% in joint
reasoning, while also demonstrating excellent generalization
ability and efficiency. The main contributions of this study
are summarized as follows:

• We propose an evidence-centered decomposition reason-
ing method that can extract question-relevant factual ev-
idence from tables and generate sub-questions explicitly
indicating the relevant evidence. This method prompts
LLMs to understand reasoning rules and focus on crit-
ical table content, enabling them to perform step-by-step
reasoning based on factual evidence.

• We design an evidential answer verification method. This
method guides LLMs to critically examine the consis-
tency between premises and table content, emphasizing
the evidential knowledge background, thereby enabling
them to effectively identify and correct errors in the rea-
soning process.

• We are the first study to leverage the evidential concept of
syllogism to promote reliable decomposition reasoning
and answer verification. The proposed method applies
to various answering modes and achieves SOTA perfor-
mance on multiple TableQA benchmark datasets.

Preliminaries
In this section, we present the TableQA task, factual evi-
dence, and syllogism.
TableQA. Given a question Q and a table T , LLMs are
required to reason about the final answer A. This work fo-
cuses on two core TableQA tasks: question answering and
fact verification. For question answering, the result may be
a numerical value, a specific entry from the table, or another
form of output. In fact verification, the answer is restricted
to either “Yes” or “No”. The process can be represented as:

LLMs(Q,T ) → A. (1)

Definition 1. Factual Evidence refers to observable or
verifiable table content, or reasoning rules derived from ta-
bles that are relevant to the question. Formally, the role of
factual evidence in our study can be expressed as: E(T ) ∧
Operation(i)(Input(i)) → Output(i), where E(T ) de-
notes the factual evidence in the table, Operation(i) rep-
resents the operation for each corresponding task (e.g.,
decomposition, reasoning, examination, verification), and
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TeamCyclistRank

CaisseAlejandro (ESP)1

Quick StepPaolo Bettini (ITA)2

………

Which country had the most cyclists 

finish within the top 10 ?

… … …

3ITA

……

Content

Knowledge

Major Premise : Minor premise :

Premise construction

√

×

Agent decomposition reasoning

Interaction #1. df = df[df[‘Rank’] ≤	10]

Interaction #2. df[‘Country’] = df[‘Cyclist’].str.extract

(r‘\((\w+)\)’)[0]

Interaction #3. country_counts = df[‘Country’]. 

value_counts( )

( ,   )

Initial result:

TeamCyclistRank

CaisseAlejandro (ESP)1

Quick StepPaolo Bettini (ITA)2

………

Premise examination Joint reasoning

#1. Which country codes are extracted from the 

parentheses in the ‘Cyclist’ column ?

#2. Which country appears the most times among cyclists 

whose ‘Rank’ column value is less than or equal to 10 ?

#1 Sub-answer: ESP, RUS, ITA, FRA; #2 Sub-

answer: ITA; Initial result: ITA

DP decomposition reasoning

( ,    )

(    ,    ,    )

Country Country code Occurrence    

Country code Cyclist column Parentheses    

Top10   Rank column  ≤ 10

Rows    Rank column  		≤ 10    Select

Path generation

( ,    ),

( ,    ,    )…

(    ,    ,    ,

, …)

Agent

DP

Sub-answer #1

Sub-answer #2

×

×

Interaction #1

Interaction #2…

Answer verification

Agent Result:

ITA

DP Result:

ITA
√	

√ 3ITA

……

…

…

,

Revise

Figure 2: The overall architecture of SIRV. Premise construction, path generation, and decomposition reasoning constitute the
decomposition reasoning step, which is responsible for answering the question. Premise examination and answer verification
constitute the answer verification step, which is responsible for verifying the outputs. The joint reasoning step is responsible for
selecting the optimal answer.

Input(i) and Output(i) refer to the input and output results
for different tasks.
Definition 2. Syllogism is a well-recognized form of
logical reasoning, consisting of major premises, minor
premises, and conclusions. It can be formally expressed as:
∀x (A(x) → B(x)) ∧ A(C) → B(C), where the major
premise ∀x (A(x) → B(x)) states that for all x, if x has
property A, then x also has property B. The minor premise
A(C) indicates that C possesses property A, and the con-
clusion B(C) denotes that C possesses property B.

Syllogisms observe the following principles in practical
applications: (1) The conclusion must be strictly derived
from the premises. (2) The reliability of the conclusion de-
pends on the premises. Only when the premises are true and
support the conclusion can the conclusion be considered re-
liable.

Method

Figure 2 shows the overall architecture of SIRV, which com-
prises three core steps: decomposition reasoning, answer
verification, and joint reasoning. Specifically, the decompo-
sition reasoning step includes constructing premises, plan-
ning reasoning paths, decomposing questions, and perform-
ing reasoning. The answer verification step involves examin-
ing the consistency between the premises and the table con-
tent and verifying the answer. Finally, the joint reasoning
step integrates the reasoning results from different modes
and selects the optimal answer through a voting mechanism.

Decomposition Reasoning Step
Inspired by syllogism, this study proposes an evidence-
centered decomposition reasoning step to achieve more re-
liable reasoning. Drawing on syllogistic knowledge, SIRV
treats the table as general facts and extracts factual evidence
to construct premises. Subsequently, SIRV integrates the dif-
ferent factual evidence contained in the premises to plan the
reasoning path and generates sub-questions that explicitly
indicate the relevant factual evidence. Finally, SIRV per-
forms evidence-centered reasoning based on the premises
and the generated sub-questions.
Premise Construction. As shown in Figure 2, SIRV ex-
tracts reasoning rules, data, or structural information from
the tables that are relevant to the question, and utilizes them
as factual evidence to construct corresponding premises. By
defining the table as the factual background, SIRV focuses
on identifying table-oriented factual evidence, which facil-
itates LLMs in understanding the relationship between key
information in the question and the table content. This pro-
cess is formalized as:

LLMs(Q,T, PromptP.g) → Pa, Pi, (2)

where Prompt∗ is the prompt related to the current task, and
Pa and Pi represent major and minor premises, respectively.

For the example shown in Figure 2, the constructed major
premise refers to: Countries are determined by counting
the occurrences of each country code.

The minor premise refers to: (1) Rows are only included
when the rank is less than or equal to 10. (2) The country
codes come from the parentheses in the Cyclist column.
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(3) The count of occurrences for each country is based on
the filtered rows. (4) The country with the highest num-
ber of occurrences is considered to have the most cyclists.

The major premise primarily clarifies the foundational
reasoning rules required to answer the question, providing
overarching guidance for the reasoning process. The minor
premise elaborates on more specific table content, reason-
ing rules, or criteria for judgment. The constructed premises
explain the meaning and reasoning rules of the key informa-
tion, further clarifying the relationship between this infor-
mation and the table content, thereby reducing the difficulty
of understanding for LLMs.
Path Generation and Decomposition. Based on the con-
structed premises, SIRV plans reasoning paths and generates
sub-questions. As illustrated in Figure 2, each sub-question
consists of multiple premises, and there are explicit logical
sequential relationships among these sub-questions, form-
ing a specific reasoning path. Meanwhile, the generated sub-
questions not only preserve the essential semantic informa-
tion but also explicitly indicate the relevant factual evidence.
They further practically guide LLMs to locate key table con-
tent and perform step-by-step reasoning according to spe-
cific reasoning rules. The process can be represented as:

LLMs(Pa, Pi, P romptD) → SQ
i , (3)

where S = {SQ
1 , . . . , SQ

i , . . . , SQ
k } is the set of generated

sub-questions, and SQ
i denotes the i-th sub-question.

SIRV emphasizes decomposing questions based on
premises rather than simple semantic splitting. This process
reduces the complexity of the questions and the difficulty
for LLMs to understand key information, prompting LLMs
to reason based on factual evidence.
Reasoning. SIRV is applicable in both the DP and Agent
modes for answering questions. In the DP mode, SIRV rea-
sons about sub-questions step by step based on premises,
thereby obtaining the initial result. In the Agent mode, SIRV
leverages the factual evidence in the premises as guidance
for interacting with the table. It then continuously observes
the current execution state and generates corresponding code
to interact with the table, thus obtaining the initial result. It
is crucial to note that the factual background of the premises
is the table. The explicit descriptions of factual evidence in
the premises can provide guidance for the DP mode. Mean-
while, the reasoning rules contained in the premises typ-
ically involve strategies for interacting with the table, of-
fering significant support for code generation in the Agent
mode. The process can be represented as:

LLMs(SQ
i , Pa, Pi, P romptDP ) → ADP

i , (4)

LLMs(Q,Pa, Pi, P romptAgent) → AAgent
i , (5)

where ADP = {ADP
1 , . . . , ADP

i , . . . , ADP
k } is the set

of sub-question answers in the DP mode, and ADP
i de-

notes the i-th sub-question and sub-answer. AAgent =

{AAgent
1 , . . . , AAgent

i , . . . , AAgent
k } is the set of interaction

results in the Agent mode, and AAgent
i denotes the i-th in-

teraction and result.

SIRV performs reliable reasoning in different modes
based on premises. This evidence-centered reasoning form
is similar to syllogism, where the conclusion must be strictly
derived from the premises. Meanwhile, this form also lays
the foundation for reliable answer verification.

Answer Verification Step
This study proposes an evidence-centered answer verifica-
tion step to enhance the reliability of answer verification.
Specifically, SIRV stimulates thinking and constructs an ev-
idential knowledge background by critically examining the
consistency between the premises and the table content, and
then performs answer verification based on factual evidence.
Premise Examination. As shown in Figure 2, SIRV first
examines the premises. Given that the premises are com-
posed of explicit factual evidence, SIRV can easily examine
their consistency with the table content. If the premises are
consistent with the data, SIRV integrates both the validated
premises and the critical table content into its knowledge
background, ensuring reliable verification. If discrepancies
are found, SIRV revises the premises by re-examining the ta-
ble content, updates its knowledge background accordingly,
and then verifies the answer. This examination process en-
ables SIRV to focus on factual evidence and critical table
content, thereby reliably verifying the answer. The process
can be represented as:

LLMs(Pa, Pi, P romptP.v) → V P , (6)

Pa, Pi =

{
Pa, Pi if V P = True,
LLMs(Q,T, PromptP.r) otherwise,

(7)

where V P is the result of premise examination.
Answer Verification. Once the premises are validated and
factual evidence, along with critical table content, are inte-
grated into the knowledge background, SIRV subsequently
verifies the sub-questions, sub-answers, interaction results,
and the initial results.

LLMs(Pa, Pi, A
DP
i , P romptDP.v) → V DP

i , (8)

LLMs(Pa, Pi, A
Agent
i , P romptAgent.v) → V Agent

i , (9)

where V DP = {V DP
1 , . . . , V DP

i , . . . , V DP
k } denotes the

set of verification results in the DP mode, and V DP
i denotes

the verification result of the i-th sub-question. V Agent =

{V Agent
1 , . . . , V Agent

i , . . . , V Agent
k } denotes the set of ver-

ification results in the agent mode, and V Agent
i denotes the

verification result of the i-th interaction.
SIRV will output the final answer when all outputs have

been confirmed to be correct. ∀i ∈ {1, . . . , k}, the process
can be represented as:

ADP
i =

{
ADP

i if V DP
i = True,

LLMs(SQ
i , Pa, Pi, P romptDP.r) otherwise,

(10)

AAgent
i =

{
AAgent

i if V Agent
i = True,

LLMs(AAgent
i , Pa, Pi, P romptAgent.r)otherwise,

(11)
ADP

Final, A
Agent
Final = ADP

k , AAgent
k . (12)
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Methods WTQ TableFact Mean
PL

M TAPEX-large 59.10 84.20 71.65
T5-3B 50.60 83.68 67.14
TabLaP 76.60 - -

L
L

M

StructGPT 57.00 87.30 72.15
BINDER 64.60 85.10 74.85
DATER 65.90 85.60 75.75
ReAcTable 68.00 86.10 77.05
CHAIN-OF-TABLE 59.94 80.20 70.07
S2L 66.00 86.20 76.10
Norm-DP&Agent 73.65 88.50 81.08
TIDE-DP&Agent 75.00 89.82 82.41

O
ur SIRV-DP&Agent 77.89

2.89 ↑
91.85
2.03 ↑

84.87
2.46 ↑

Table 1: Exact match accuracy on the two datasets. The bold-
face indicates the best results, and the arrows indicate per-
formance changes compared to the LLM-based baseline.

Methods Exact Match Accuracy
WTQ TabFact Mean

Norm-DP 66.99 - -
TIDE-DP 66.51 81.32 73.91

SIRV-DP 67.38
0.39 ↑

85.97
4.65 ↑

76.67
2.76 ↑

Norm-Agent 63.77 - -
TIDE-Agent 68.72 88.19 78.45

SIRV-Agent 73.96
5.24 ↑

90.86
2.67 ↑

82.41
3.96 ↑

Table 2: Comparison results on the DP and Agent modes.
The boldface indicates the best results, and the arrows indi-
cate performance changes.

Joint Reasoning Step
To effectively integrate results from different modes and
avoid potential errors that may arise from single-pass rea-
soning, SIRV employs a majority voting mechanism to se-
lect the optimal final answer. Specifically, SIRV generates
five candidate answers in both DP and Agent modes. Sub-
sequently, SIRV randomly selects a specified number of an-
swers from the candidates of both modes according to prede-
fined hyperparameters. Finally, SIRV uses the majority vot-
ing mechanism to choose the answer with the highest fre-
quency as the final result.

Afinal = Majority Vote(ADP
Final, A

Agent
Final ). (13)

Experiment
Datasets and Evaluation
Datasets. We evaluate the performance of SIRV using two
widely recognized TableQA datasets: WikiTableQuestions
and TabFact. WikiTableQuestions (WTQ) contains a large
number of question-answer pairs based on structured tables,

covering various complex question types, with a test set con-
sisting of 4,344 samples. TabFact is mainly used for fact ver-
ification tasks on structured tables, with a test set consisting
of 2,024 samples. We conduct relevant experiments on the
test sets of both WTQ and TabFact.
Evaluation. We use exact match accuracy as the eval-
uation metric, which is widely used in most LLM-based
TableQA methods (Yang et al. 2025; Liu, Wang, and Chen
2024; Cheng et al. 2023). This metric effectively measures
whether the answers generated by the model exactly match
the true answers.

Implementation Details
Following previous studies (Cheng et al. 2023; Ye et al.
2023; Liu, Wang, and Chen 2024; Yang et al. 2025), SIRV
adopts GPT-3.5 as the backbone model in both the DP
and Agent modes. SIRV generates five answers for each
test sample in both modes. We compare SIRV with sev-
eral baseline methods, including TAPEX-LARGE (Liu et al.
2022), T5-3B (Xie et al. 2022), STRUCTGPT (Jiang et al.
2023), BINDER (Cheng et al. 2023), DATER (Ye et al.
2023), REACTABLE (Zhang et al. 2024b), CHAIN-OF-
TABLE (Wang et al. 2024b), NORM-DP&AGENT (Liu,
Wang, and Chen 2024), TIDE-DP&AGENT (Yang et al.
2025), TABLAP (Wang, Qi, and Gan 2025), and S2L (Wang
et al. 2025a).

Main Results
Table 1 presents the comparison results between SIRV and
baseline methods on the WTQ and TabFact datasets. Specif-
ically, SIRV demonstrates better performance than PLM
methods. Meanwhile, SIRV outperforms the SOTA LLMs
method TIDE in accuracy by 2.89% and 2.03% on the two
datasets, respectively, with a mean improvement of 2.46%.
Since the best performance on TabFact is already high, the
improvement of 2.03% should be interpreted as a proportion
of the scope of further improvement possible (Yang et al.
2025), 2.03/(100 - 89.82), which is ≈ 19.94%. In fact, the
above improvement surpasses all baseline methods. These
experimental results validate the critical role of evidence-
centered decomposition reasoning and answer verification
steps in enhancing TableQA performance.

Table 2 reports the accuracy of SIRV when using DP
or Agent mode for reasoning separately. As shown, SIRV
achieves the best results in both modes. In particular, SIRV-
Agent improves the accuracy on the WTQ dataset by 5.24%,
while SIRV-DP achieves 4.65/(100 - 81.32) ≈ 24.89% im-
provement in accuracy on the TabFact dataset. Additionally,
SIRV-Agent shows more significant improvements on both
datasets. This can be attributed to two key factors. First, the
premises typically contain table-oriented reasoning rules,
which can guide the model in generating code and perform-
ing reasoning accurately. Second, SIRV-Agent interacts with
tables through code, making it more suitable for handling
structured tables.

Ablation Study
In this subsection, we again scrutinize the impact of the var-
ious components of SIRV. We conduct ablation experiments
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Core components WTQ (Exact Match Accuracy) TabFact (Exact Match Accuracy)
SIRV-DRDP SIRV-AVDP SIRV-DRAgent SIRV-AVAgent DP Agent DP&Agent DP Agent DP&Agent

! ! ! ! 67.38 73.96 77.89 85.97 90.86 91.85
! % ! % 65.20(2.18↓) 71.43(2.53↓) 74.31(3.58↓) 83.20(2.77↓) 88.45(2.41↓) 87.70(4.15↓)
% ! % ! 62.11(5.27↓) 68.01(5.95↓) 72.39(5.50↓) 82.25(3.72↓) 86.31(4.55↓) 87.26(4.59↓)
% % ! ! 61.35(6.03↓) 73.96(0.00↓) 73.17(4.72↓) 80.45(5.52↓) 90.86(0.00↓) 89.97(1.88↓)
! ! % % 67.38(0.00↓) 66.84(7.12↓) 71.91(5.98↓) 85.97(0.00↓) 84.95(5.91↓) 87.42(4.43↓)

Table 3: Ablation study results. The boldface indicates the best results, and the arrows indicate performance changes.

on the WTQ and TabFact datasets, evaluating the effects of
using only the evidence-centered decomposition reasoning
step (SIRV-DR), using only the evidence-centered answer
verification step (SIRV-AV), and using only the standard
chain-of-thought (Wei et al. 2022).

As shown in Table 3, the proposed method achieves bet-
ter results across different modes and datasets. When the
SIRV-AV is removed, there is a noticeable decline in accu-
racy in both the single-mode and joint reasoning. Similarly,
the removal of the SIRV-DR has a substantial negative im-
pact on performance, particularly in the Agent mode, where
the WTQ accuracy decreases by 5.95%. Furthermore, when
using only the standard chain-of-thought, the overall perfor-
mance further declines, with the Agent mode experiencing
particularly pronounced effects. The above results further
validate the essential contributions of each core component
to improving accuracy and reveal the importance of factual
evidence in decomposing reasoning and answer verification.

Decomposition Reasoning Analysis
In this subsection, we evaluate the premise construction ca-
pability of SIRV and analyze its reasoning efficiency. Specif-
ically, we further analyze the content of the premises and the
reasoning process. First, we count the distinct table columns
mentioned in the premises and sub-questions. The men-
tioned columns serve as explicit evidence elements, reflect-
ing the connection between the question and the table con-
tent. Secondly, we analyze the number of actions performed
by SIRV during the reasoning process, including both the
number of answers and interactions. Fewer actions indicate
that SIRV can reason about the question more efficiently.
Number of mentioned columns. Figure 3 shows the num-
ber of distinct columns mentioned in premises and sub-
questions. Given that the sub-questions are generated based
on the premises, the columns mentioned in the sub-questions
also reflect the factual evidence contained in the premises.
For most questions in WTQ and TabFact, the number of
columns explicitly mentioned in the premises is ≥ 2. Simi-
larly, the number of columns mentioned in the sub-questions
is typically ≥ 1. These results demonstrate the generality
of our method in constructing premises. SIRV can construct
premises containing factual evidence for most questions.
Number of actions. Figure 4 shows the mean number of
answers and interactions of SIRV across the five reasoning
processes. SIRV performs better with fewer actions than the
previous SOTA method, TIDE. In DP mode, the mean num-
ber of answers in a complete reasoning process of SIRV is
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33%

42%

Pe
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ta
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Figure 3: Number of mentioned columns in the premises and
sub-questions.

≤ 3. In Agent mode, the mean number of interactions of
SIRV with the table is typically ≤ 3. This indicates that
SIRV can perform concise and efficient reasoning based on
premises and sub-questions containing factual evidence.

Answer Verification Analysis
The evidence-centered answer verification step is a cru-
cial component that enables SIRV to achieve SOTA perfor-
mance. To further validate the reliability of this step, we an-
alyze its capability to correct erroneous answers.

Table 4 shows the capability of SIRV-AV to correct er-
roneous answers. Specifically, the answer correction rates
of SIRV-AV on the two datasets are 39.25% and 72.17%,
respectively. When only prompting the LLMs to perform
self-correction, the mean answer correction rate of SIRV
decreases by 8.32%. This phenomenon demonstrates that
SIRV can indeed achieve a more reliable answer verification
based on factual evidence.

Joint Reasoning Analysis
SIRV is capable of joint reasoning to enhance performance.
In this subsection, we further analyze how different combi-
nations of candidate answer quantities affect accuracy.
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Figure 4: The mean number of actions in the five reasoning processes. The number of answers refers to the quantity of answers
involved in the DP mode, while the number of interactions refers to the quantity of interaction steps involved in the Agent
mode.

Methods Answer Correction Rate (%)
WTQ TabFact Mean

SIRV-AV 39.25 72.17 55.71

Self-Correction 29.53
9.72 ↓

65.25
6.92 ↓

47.39
8.32 ↓

Table 4: Answer verification capability test results. The
boldface indicates the best results, and the arrows indicate
performance changes.

Answer Count WTQ TabFact MeanDP Agent

1 1 70.07 87.53 78.80
3 3 76.70 90.91 83.81
5 5 77.89 91.21 84.55
1 3 75.83 91.60 83.72
1 5 76.15 91.75 83.95
3 1 70.63 87.74 79.19
3 5 77.72 91.85 84.79
5 1 70.73 87.83 79.28
5 3 75.30 89.13 82.22

Table 5: Exact match accuracy of different combinations of
candidate answers. The boldface indicates the best results.

As shown in Table 5, increasing the number of candidate
answers improves the performance of SIRV in both modes.
When the number of candidate answers increases from 1 to
5, the accuracy improves by 5.75%. Meanwhile, we find that
the optimal combination ratio of answers for SIRV on Tab-
Fact is 3:5, indicating that an excessive number of candidate
answers leads to answer dispersion, reducing the effective-
ness of the majority voting mechanism.

Related Work
TableQA. LLM-based TableQA methods (Zhao et al. 2024;
Kong et al. 2024; Wu et al. 2025a; Dong, Hu, and Cao
2025; Contalbo et al. 2025; Zhang et al. 2024a; Fang et al.
2024) typically employ DP mode and Agent mode to reason
the answers to questions. Meanwhile, LLM-based TableQA

methods mainly involve decomposition reasoning and an-
swer verification processes.
Decomposition reasoning. Decomposition reasoning in-
volves decomposing the original question into multiple sub-
questions, enabling step-by-step reasoning to reduce com-
plexity (Chen 2023; Cheng et al. 2023; Ye et al. 2023; Zhang
et al. 2024b). Recently, a series of decomposition reasoning
methods have been proposed and developed, such as Least-
to-Most (Zhou et al. 2023), DecomP (Khot et al. 2023), and
CHAIN-OF-TABLE (Wang et al. 2024b). However, existing
methods overlook factual evidence during the decomposi-
tion process, failing to guide LLMs in understanding key
information within the question and conducting reliable rea-
soning. Drawing inspiration from syllogism, we propose an
evidence-centered decomposition reasoning method.
Answer verification. Answer verification involves check-
ing the correctness of reasoning processes and generated an-
swers, making necessary corrections to improve the over-
all accuracy and reliability (Yang et al. 2025; Zhang et al.
2025b). LLM-based TableQA methods typically perform
answer verification and self-correction based on specific task
prompts or state changes (Wang, Gan, and Qi 2025; Wu et al.
2025b). Research (Huang et al. 2024) indicates that simply
prompting LLMs to self-correct may bias the model away
from generating optimal responses to the initial prompt,
leading to a decline in verification performance. Meanwhile,
verification without supporting evidence is often unreliable.
Therefore, we propose a syllogism-inspired answer verifica-
tion method that can verify answers based on evidence.

Conclusion
This paper proposes a TableQA approach called SIRV.
Specifically, SIRV can better understand key information
and focus on critical table content based on factual evidence,
enabling reliable step-by-step reasoning. Additionally, SIRV
constructs an evidential knowledge background by examin-
ing premises, thereby performing answer verification based
on factual evidence. Experimental results indicate that SIRV
achieves SOTA performance in TableQA. We believe that
the idea of being evidence-centered is practically meaning-
ful for TableQA task, and we hope that this work can inspire
further research on TableQA from an evidence-centered per-
spective.
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