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Abstract

Large Language Models (LLMs) have achieved
strong performance on Table Question Answer-
ing (TableQA), yet their reasoning processes
often remain misaligned with the underlying
table semantics. This misalignment can lead to
decompositions and validation steps that fail to
faithfully capture the table operations required
by the question. In this paper, we introduce SIP,
a SQL Logic-aligned framework for improving
the semantic consistency of LLM-based table
reasoning. SIP is built around SQL Logic, a
natural-language abstraction of standard SQL
operators that explicitly represents operations
such as projection, filtering, ordering, and ag-
gregation while avoiding the syntactic brittle-
ness of executable SQL. SQL Logic serves
as a shared operator-level representation that
guides sub-question decomposition and sup-
ports operator-aware validation in both Direct
Prompting and Python Agent settings. Exper-
iments on three TableQA benchmarks show
that SIP achieves state-of-the-art performance
and consistently improves robustness across
diverse LLMs, demonstrating the value of ex-
plicit semantic representations for structured
table reasoning.

1 Introduction

Tables are a fundamental form of structured data
widely used in domains such as finance, public
records, and scientific analysis (Leventidis et al.,
2024; Dong and Oyamada, 2022; Yu et al., 2025b;
Yuan et al., 2025). Table Question Answering
(TableQA) aims to answer natural-language ques-
tions through reasoning grounded in tabular struc-
tures (Xiao et al., 2025; Sui et al., 2024; Zhao et al.,
2023b). With the rapid progress of Large Language
Models (LLMs), recent studies have shifted from
specialized table encoders to LLM-based reasoning
pipelines, achieving strong performance through
question decomposition, sub-question reasoning,
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and self-validation (Xia et al., 2023; Li et al., 2024;
Deng et al., 2024).

Despite these advances, a persistent misalign-
ment remains between LLM reasoning and un-
derlying table semantics. LLMs reason primarily
in natural-language space, whereas table reason-
ing requires compositional, symbolic, and schema-
dependent operations (Guan et al., 2024; Zhang
et al., 2023; Pal et al., 2023; Li et al., 2023). This
gap leads to several limitations. First, natural-
language decomposition methods such as CoT
prompting often fail to capture operator-level ta-
ble semantics, producing fluent but structurally
incorrect reasoning steps (Brown et al., 2020;
Lewkowycz et al., 2022; Liu et al., 2022a). Second,
self-validation relies heavily on the model’s own
judgment and may reinforce incorrect reasoning
paths when structural grounding is absent (Madaan
et al., 2023; Shinn et al., 2023; Qi et al., 2024).
Third, SQL-based approaches provide explicit se-
mantics but depend on brittle executable syntax:
minor variations in formatting or column names
can cause execution failure even when the intended
operation is correct (Cheng et al., 2023; Xie et al.,
2022; Ou and Liu, 2022). These limitations sug-
gest that existing paradigms lack a stable semantic
representation that can align natural-language rea-
soning with structured table operations.

As illustrated in Fig. 1, questions that appear sim-
ple at the linguistic level often require operations
such as projection, filtering, ordering, grouping,
and aggregation. When these operations are not
explicitly represented, LLM reasoning may drift
from the intended table semantics, leading to in-
consistent or incorrect answers. A robust TableQA
system therefore needs a representation that cap-
tures SQL-style compositionality while remaining
compatible with natural-language reasoning.

To address this gap, we introduce SIP, a SQL
logIc-insPired framework that aligns LLM reason-
ing with structured table semantics. At the core
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LLM-based 
serialized

Answer

600

Answer

610

1. What’s the point number 

for 5 drivers?

2. what's the total number ?

top 5

√
 

×
1. Each: 168,150,112,66,104.

2. Total: 600.
Yes, 168+150+112+66+104 is 600.

1. 168,150,112,66,104,76 equal the 

SELECT Driver Total meaning.

2. Position1 is168,position 2 is 

150,position 3 is 112,position 4 is 

104,position 5 is 76 same as ORDER BY 

Position ASC LIMIT 5 meaning.

3. 168+150+112+104+76=610 consistent 

with SUM(Driver Total).

So the answer is true.

Question Decomposition Sub-question Reasoning Answer Validation

×
(b)

(c) SIP

Position Driver Car ...... Driver's Total

1 John Briggs Honda Prelude ... 168

2 Kerry Baily Toyota Supra ... 150

3 James Phillip Honda Prelude ... 112

6 Danny Osborne Mazda RX-7 ... 66

4 Mick Monteross Ford Escort ... 104

5 Bob Jolly Holden Comodor ... 76

SQL: 

SELECT SUM(Driver Total) AS TotalPoints FROM 

(SELECT Driver Total FROM table 

ORDER BY Position ASC LIMIT 5) 

1. Select the total points for each 

driver. 

2. Limit the top 5 drivers by 

position.

3. Sum the total of the top 

5.drivers

1. Each:168,150,112,66,104,76.

2. Position1 is168,position 2 is 

150,position 3 is 112,position 4 is 

104,position 5 is 76.

3. 168+150+112+104+76=610

Question: 
What’s the total number of points earned by top 5 drivers

(a) LLM-based SQL            

×( Driver’s Total )Error: No column named ‘Driver Total’

Figure 1: (a) Direct LLM-based SQL execution is sensitive to minor syntax errors. (b) Existing serialized methods
directly decompose questions, but insufficient structural grounding can lead to misleading sub-questions and error
propagation. (c) SIP uses SQL Logic to represent table operations, guide decomposition, and validate reasoning,
thereby improving TableQA reliability.

of SIP is SQL Logic, a formally defined natural-
language abstraction of SQL operators. Unlike
executable SQL, SQL Logic captures the semantic
structure of relational operations without relying
on fragile syntax, serving as an operator-level rep-
resentation of table reasoning in natural language.

SIP leverages SQL Logic in two key components.
First, logic-aligned decomposition uses SQL Logic
to guide the LLM in generating sub-questions that
reflect the operator structure required by the ques-
tion. Second, logic-based validation uses SQL
Logic to verify intermediate reasoning steps across
both Direct Prompting (DP) and Python-Agent
(PyAgent) reasoning modes, reducing hallucination
and error propagation. By grounding decomposi-
tion, reasoning, and validation in a shared logical
abstraction, SIP improves reasoning consistency
and stabilizes the final answer through joint infer-
ence.

We evaluate SIP on multiple TableQA bench-
marks and diverse LLMs. Experimental results
show that SIP consistently improves accuracy, ro-
bustness, and reasoning consistency, demonstrating
the importance of explicit semantic logic for align-
ing LLM reasoning with structured data.

In summary, our contributions are:

• We propose SQL Logic, a natural-language
abstraction of SQL operators that provides an
operator-level semantic bridge between LLM
reasoning and tabular structures.

• We introduce SIP, a logic-aligned reasoning
framework that uses SQL Logic to guide de-
composition and validate intermediate steps
across multiple reasoning modes.

• Extensive experiments show that SIP im-
proves accuracy, consistency, and robustness

on standard TableQA benchmarks and gener-
alizes across diverse LLMs.

2 Related Work

2.1 Table Question Answering

Tables are a fundamental form of structured data,
and Table Question Answering (TableQA) requires
reasoning over schemas, rows, and columns (Wang
et al., 2021; Guo et al., 2021; Chen et al., 2020b;
Shraga et al., 2020). Early methods typically trans-
late natural-language questions into executable
SQL or logical forms (Zhong et al., 2017; Eisen-
schlos et al., 2020; Liu et al., 2022b). While these
methods provide explicit execution semantics, they
often rely on costly annotations and show limited
generalization beyond training distributions.

2.2 LLM-based TableQA Methods

Recent TableQA methods exploit LLMs through
SQL generation, retrieval, decomposition, and
tool use (Xiao et al., 2025; Zhao et al., 2023b).
SQL-oriented methods, such as BINDER (Cheng
et al., 2023), DTE (Wang et al., 2023), and SYN-
TQA (Zhang et al., 2024a), benefit from struc-
tured query semantics but remain sensitive to syn-
tax errors, column-name mismatches, and format-
ting variations. Retrieval, decomposition, and re-
finement methods, including TACR (Wu et al.,
2023), ITR (Lin et al., 2023), Cabinet (Patnaik
et al., 2024), DATER (Ye et al., 2023), TIDE (Yang
et al., 2025), Table-Critic (Yu et al., 2025a), RE-
FOCUS (Fu et al.), TabFlash (Kim et al., 2026),
and DataFactory (Wang et al., 2026), reduce ta-
ble noise, improve evidence selection, decompose
complex questions, or verify reasoning outputs, but
their intermediate steps often lack explicit operator-
level grounding. Tool-based approaches, such
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Table 1: Semantic operators for single-table SQL used by SIP.

Operator Meaning SQL Constructs

π Projection SELECT, DISTINCT
σ Selection WHERE
γ, Σ Grouping / Aggregation GROUP BY, HAVING, SUM, AVG, MIN, MAX, COUNT
τ Ordering ORDER BY (ASC/DESC)
λ Limiting LIMIT, TOP
ρ Column renaming AS
⊙ Column arithmetic +, -, *, /

Table 2: Representative operator→natural language mappings used in SIP.

Operator Natural Language Intent Example Expression in SQL Logic

π Select relevant column(s) “retrieve the column X”; “extract each value of X”
σ Filter rows based on conditions “keep rows where condition holds”; “only consider

records satisfying X”
γ / Σ Group / Aggregate values “for each group compute sum/average/max/min”; “aggre-

gate values over X”
τ Order rows “sort rows by X ascending/descending”; “rank entries by

X”
λ Limit scope “keep the top k entries”; “consider only the first k results”
ρ Rename column “refer to X as Y”; “label this value as Y”
⊙ Column arithmetic “compute X + Y”; “use the difference between A and B”

as CHAIN-OF-TABLE (Wang et al., 2024), Re-
AcTable (Zhang et al., 2024b), and Mix-SC (Liu
et al., 2024a), improve flexibility through table
transformations or Python execution, yet remain
vulnerable to planning and validation errors in-
duced by LLMs. Intermediate representations
such as structured embeddings, pseudo-programs,
or rationales (Yin et al., 2020; Liu et al., 2022c;
Deng et al., 2020) improve interpretability, but they
usually do not explicitly encode relational oper-
ations, making self-validation prone to assessing
linguistic plausibility rather than structural correct-
ness (Madaan et al., 2023; Shinn et al., 2023; Qi
et al., 2024).

2.3 Our Work

SIP introduces SQL Logic, a natural-language ab-
straction of SQL operators that preserves composi-
tional table semantics while avoiding the syntactic
fragility of executable SQL. Unlike prior decom-
position or rationale-based methods, SQL Logic
provides an operator-level semantic reference for
both sub-question generation and intermediate val-
idation. By integrating SQL Logic with Direct
Prompting and Python-Agent reasoning through

joint inference, SIP aligns natural-language reason-
ing with structured table operations.

3 Method

We present SIP, a logic-aligned framework for
LLM-based TableQA. SIP introduces SQL Logic,
an intermediate representation that expresses SQL-
style table operations in natural language. SQL
Logic serves as the semantic backbone of the frame-
work, guiding decomposition, reasoning, valida-
tion, and joint inference. Fig. 2 illustrates the over-
all framework.

3.1 Semantic Operators for Table SQL

We focus on single-table TableQA, which covers
most widely used benchmarks and avoids addi-
tional complications from joins or schema linking.
SIP abstracts SQL operations into a compact opera-
tor set, including projection, selection, aggregation,
ordering, limiting, renaming, and arithmetic trans-
formations, as summarized in Table 1. These opera-
tors capture the main relational operations required
by compositional table questions while decoupling
reasoning from executable SQL syntax. They also
define a finite semantic space for operator-aware
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Question: what is the total number of

points earned by the top 5 drivers?

Decomposition:
Sub-question 1.Find total points for each driver

Sub-question 2.Get the results of top 5 drivers

Sub-question 3.Count total points of top 5 drivers

610

610

610

Position Driver Car … Total

1 John Briggs Honda Prelude Chevrolet ... 168

2 Kerry Baily Toyota Supra Chevrolet ... 150

3 James Phillip Honda Prelude Chevrolet ... 112

6 Danny Osborne Mazda RX-7 ... 66

4 Mick Monterosso Ford Escort RS2000 ... 104

5 Bob Jolly Holden VS Commodore ... 76

SIP Decomposition DP/PyAgent Reasoning SIP Validation

DP-Reasoning

PyAgent-Reasoning

Joint Reasoning

Sub-question 1: 168(John), 

150(Kerry), 112(James), 

66(Osborne)

Sub-question 1: 168(John), 

150(Kerry), 112(James), 

66(Osborne)
Sub-question 2:  168, 150, 

112, 104, 76

Sub-question 2:  168, 150, 

112, 104, 76

Sub-question 3:  + 150 +

112 + 104 + 76 =168

610

Sub-question 3:  + 150 +

112 + 104 + 76 =168

610

Sub-question 1: 168(John), 

150(Kerry), 112(James), 

66(Osborne )…666666((((OOOOssssbbbboooorrrrnnnneeee ))))……

Sub-question 2:  168, 150, 

112, 104, 76

112 + 104 + 76 =168

610

+

112 + 104 + 76 168

112,, 104,, 76

Sub-question 3:  168 + 150  

+ 112 + 104 + 76 = 610

Sub-question 1: 168(John),

150(Kerry),112(James), 66….

à  select each total   √

Sub-question 1: 168(John),

150(Kerry),112(James), 66….

à  select each total   √
Sub-question 2: 168, 150, 112, 

104, 76 à get the top five  √

Sub-question 2: 168, 150, 112, 

104, 76 à get the top five  √

Sub-question 3: 168 + 150 +

112 + 104 + 76 = 610 à  

calculate the sum   √

Sub-question 3: 168 + 150 +

112 + 104 + 76 = 610 à  

calculate the sum   √

Sub-question 1: 168(John),

150(Kerry),112(James), 66….

à  select each total   √ààà   sssssssseeeeeeeelllllllleeeeeeeecccccccctttttttt  eeeeeeeeaaaaaaaacccccccchhhhhhhh ttttttttoooooooottttttttaaaaaaaallllllll   √√√√√√√
Sub-question 2: 168, 150, 112, 

104, 76 à get the top five  √

112 + 104 + 76 = 610 à  

calculate the sum   √

112 + 104 + 76 610 à

11000444,,,,  777666  àà ggggggggeeeetttt  tttthhhheeee  ttttoooopppppppp  ffffiiiivvvveeee    √√√√

Sub-question 3: 168 + 150 +

112 + 104 + 76 = 610 à  

calculate the sum   √

Sub-question 1: 

def get_values(position)

Sub-question 2: def get_values

(position).head(5)
Sub-question 3:

def get_values(position).

head(5).sum( )

Sub-question 1: 

def get_values(position)def ggggget____values(((((ppppposition)))))

Sub-question 2: def get_values

(position).head(5)
q

def get_values(position).

head(((((55))))).sum((((( )))))

SSSuuubbb qqqquuueeessstttiiiooonnn  333:::
(((((((((pppppppppooooosssssiiiiitttttiiiiiooooonnnnn))))))))).....hhhhheeeeeaaaaaddddd(((((((((55555)))))))))

Sub-question 3:
def get_values(position).

head(5).sum( )

Sub-question 1: get_value()  

à  select each total   √

Sub-question 2: head(5)

à  get the top five  √

Sub-question 3: sum( )    

à  calculate the sum  √

))))Sub-question 1: get_value()  

à  select each total   √àà  sseelleecctt eeaacchh ttoottaall   √

Sub-question 2: head(5)

à  get the top five  √

Sub-question 3: sum( )    

à  calculate the sum  √

SSSSSubbbbb questttttiiiiion 33333: sum((((( )))))

gget the topp five

Sub-question 3: sum( )    

à  calculate the sum  √

SQL:
SELECT SUM(Total) AS TotalPoints FROM(SELECT

Total FROM table ORDER BY Position ASC LIMIT 5) 

SQL logic:
Select each total and get the top five records

ordered by position in ascending order, and

then calculate the sum of the "Total" column.

Figure 2: Overview of SIP. SQL semantics are transformed into SQL Logic, which guides question decomposition.
Sub-questions and SQL Logic are then used by DP and PyAgent modules. Semantic validation checks intermediate
results, and joint inference aggregates outputs into the final answer.

decomposition and validation.

3.2 SQL Logic
Given a SQL query q over table T , SIP converts
it into a SQL Logic sequence. Unlike executable
SQL, SQL Logic is not executed; instead, it ver-
balizes relational operations while preserving their
compositional semantics.

Operator extraction. A deterministic SQL
parser extracts the ordered operator sequence:

O(q) = ⟨o1, o2, . . . , ok⟩, (1)

where each oi denotes a relational transformation,
such as filtering, ordering, or aggregation.

Natural-language abstraction. Each operator is
mapped to a natural-language logic unit:

li = NL(oi), (2)

yielding the SQL Logic sequence:

L(q) = ⟨l1, l2, . . . , lk⟩. (3)

SQL Logic thus provides an interpretable semantic
scaffold for LLM reasoning without requiring syn-
tactically valid SQL. Representative mappings are
shown in Table 2.

3.3 SIP Logic-Aligned Decomposition
Given question Q, table T , and SQL Logic L(q),
SIP generates sub-questions:

S = {S1, . . . , Sm} = fdecomp(Q,T,L(q)), (4)

where each Si is a natural-language sub-question.
To align decomposition with SQL Logic, SIP en-
forces two conditions.

Soundness. Each sub-question must correspond
to at least one logic unit:

∀Si, ∃ lj ∈ L(q) such that Si |= lj . (5)

Completeness. The sub-question set must cover
all logic units:

m⋃

i=1

Si ≡ L(q). (6)

Here, |= denotes semantic consistency between
a sub-question and a logic unit, and ≡ denotes
coverage equivalence.

3.4 DP/PyAgent Reasoning
SIP reasons over each sub-question through two
complementary paths.

Direct Prompting (DP). The LLM directly an-
swers each sub-question:

ADP
i = LLM(T, Si). (7)

Python Agent Execution (PyAgent). The LLM
generates executable code:

ci = LLMcode(T, Si), (8)

APy
i = exec(ci), (9)

where ci is a Python snippet implementing the oper-
ation required by Si. DP better captures linguistic
cues, while PyAgent provides deterministic execu-
tion for filtering, sorting, and aggregation.
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3.5 SIP Semantic Validation
For each sub-question Si, SIP validates its inter-
mediate answer Ai against the corresponding SQL
Logic unit li:

Valid(Ai, li) =

{
1, if Ai is consistent with li,

0, otherwise.
(10)

Validation is operator-aware: selection checks fil-
tering conditions, ordering checks rank consistency,
and aggregation verifies numerical correctness. If
validation fails, SIP regenerates only the failed step,
reducing error propagation without restarting the
full reasoning process.

3.6 Joint Reasoning
SIP aggregates validated DP and PyAgent outputs
by voting:

Afinal = argmax
a∈A




m∑

i=1

1(ADP
i = a) +

n∑

j=1

1(APy
j = a)


 .

(11)

This reduces variance from hallucinated reasoning
or execution failures.

3.7 Case Illustration

For the question in Fig. 2, “What is the total num-
ber of points earned by the top five drivers?”, a cor-
responding SQL query is: SELECT SUM(Total) FROM

(SELECT Total FROM T ORDER BY Position ASC LIMIT 5)

SIP extracts O(q) = ⟨π, τ, λ,Σ⟩, where π retrieves
Total, τ orders rows by Position, λ keeps the top
five rows, and Σ computes their sum. These oper-
ators are verbalized into SQL Logic units, which
guide decomposition into aligned sub-questions.
DP and PyAgent answer them independently, vali-
dation checks projection, ordering, and aggregation
semantics, and joint inference returns the final an-
swer: 610.

The complete algorithm is provided in Ap-
pendix A.

4 Experimental Setup

4.1 Datasets

Following prior TableQA studies (Wang et al.,
2024; Liu et al., 2024b; Zhang et al., 2024b; Liu
et al., 2024a), we evaluate SIP on three bench-
marks: WikiTableQuestions (WTQ) (Pasupat and
Liang, 2015), which contains 4,344 compositional
questions involving filtering, ordering, and aggre-
gation; TabFact (Chen et al., 2020a), which in-
cludes 2,024 table-based fact verification claims;

Table 3: Results on WTQ with GPT-3.5. SIP-DP means
SIP use DP alone and SIP-PyAgent use PyAgent alone.
SIP-DP&PyAgent shows the joint result.

Methods Acc.

ReasTAP (22’ EMNLP) 58.30
TaCube (22’ EMNLP) 60.90
OmniTab (22’ NAACL) 61.30
Codex SQL (23’ ICLR) 61.10
BINDER (23’ ICLR) 64.60
DATER (23’ SIGIR) 65.90
DTE (23’ ACL) 54.20
TACR (23’ arXiv) 60.20
ITR (23’ ACL) 63.40
StructGPT (23’ EMNLP) 57.00
Liu et al. (24’ arXiv) 55.80
Cabinet (24’ ICLR) 69.10
CHAIN-OF-TABLE (24’ ICLR) 59.94
ReAcTable (24’ VLDB) 68.00
SYNTQA (24’ EMNLP) 70.40
Mix-SC(DP&Agent) (24’ NAACL) 73.65
Table-Critic (25’ ACL) 72.70
REFOCUS (25’ ICLR) 72.20
TIDE (DP&Agent) (25’ ICLR) 75.00
DataFactory (26’ IPM) 65.30

SIP-DP 71.39
SIP-PyAgent 73.65
SIP-DP&PyAgent 75.35

and FetaQA (Nan et al., 2022), which contains
2,003 free-form questions requiring reasoning over
non-contiguous table segments.

4.2 Evaluation Metrics and Implementation
Details

Following prior work (Cheng et al., 2023; Ye et al.,
2023), we report exact match accuracy for WTQ
and TabFact, and BLEU (Papineni et al., 2002)
for FetaQA. GPT-3.5 is used as the default LLM
with temperature 0.8 for comparability with exist-
ing studies (Cheng et al., 2023; Ye et al., 2023; Liu
et al., 2024a). To evaluate generality, we further
test SIP with open-source LLaMA 2 models and
closed-source LLMs, including GPT-4, GLM-4,
Gemini 1.5, and Claude 3.5, all using temperature
0.8. SIP is implemented with HuggingFace Trans-
formers and vLLM; open-source models are run
on RTX 4090 GPUs with FP16 precision, while
closed-source models are accessed via official APIs.
Prompts for decomposition, reasoning, and valida-
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tion are kept consistent across LLMs.
Due to dataset-specific prompting and reporting

protocols, some baselines cannot be reliably repro-
duced across all benchmarks. Therefore, compared
methods vary by dataset following their original
evaluation settings.

Table 4: Results on TabFact with GPT-3.5. SIP-DP
means SIP use DP alone and SIP-PyAgent use PyAgent
alone. SIP-DP&PyAgent shows the joint reasoning
result.

Methods Acc.

SaMoE (22’ ACL) 86.70
SASP (22’ ACL) 77.00
T5-3B (22’ EMNLP) 83.68
Codex SQL (23’ ICLR) 80.70
BINDER (23’ ICLR) 85.10
DATER (23’ SIGIR) 85.60
StructGPT (23’ EMNLP) 87.30
CHAIN-OF-TABLE (24’ ICLR) 80.20
ReAcTable (24’ VLDB) 86.10
Mix-SC(DP&PyAgent) (24’ ACL) 88.50
TIDE (DP&Agent) (25’ ICLR) 89.82
Table-Critic (25’ ACL) 88.30
REFOCUS (25’ ICLR) 87.10
DataFactory (26’ IPM) 80.10

SIP-DP 78.51
SIP-PyAgent 87.90
SIP-DP&PyAgent 89.33

4.3 Baselines

To evaluate SIP, we compare it with two groups of
baselines: pre-training methods and LLM-based
serialized methods.

Pre-training Methods. We compare with
SASP (Ou and Liu, 2022), T5-3B (Xie et al., 2022),
OmniTab (Jiang et al., 2022), PeasTAP (Zhao
et al., 2022), TaCube (Zhou et al., 2022a),
SaMoE (Zhou et al., 2022b), Task Configs (Chen
et al., 2023), TARGET (Ji et al., 2025), Tab-
Cot (Chen, 2023), TAG-QA (Zhao et al., 2023a),
and UniTabPT (Sarkar and Lausen, 2023).

LLM-based Serialized Methods. We com-
pare with Codex SQL (Cheng et al., 2023),
BINDER (Cheng et al., 2023), DTE (Wang et al.,
2023), TACR (Wu et al., 2023), ITR (Lin et al.,
2023), Cabinet (Patnaik et al., 2024), DATER (Ye
et al., 2023), StructGPT (Jiang et al., 2023), Liu et
al. (Liu et al., 2024b), CHAIN-OF-TABLE (Wang

Table 5: Results on FetaQA dataset.

Methods Acc.

Task Configs (23’ ACL) 27.80
T5-large (23’ SIGIR) 30.54
TARGET (24’ NeurIPS) 24.13
Codex (23’ SIGIR) 27.96
DATER (23’ SIGIR) 30.92
TabCot (23’ EACL) 29.36
ReAcTable (24’ VLDB) 30.43
DataFactory (26’ IPM) 30.64

SIP-DP 31.11
SIP-PyAgent 23.92
SIP-DP&PyAgent 31.33

et al., 2024), ReAcTable (Zhang et al., 2024b),
SYNTQA (Zhang et al., 2024a), Mix-SC (Liu et al.,
2024a), TIDE (Yang et al., 2025), Table-Critic (Yu
et al., 2025a), REFOCUS (Fu et al.) and DataFac-
tory (Wang et al., 2026).

5 Experimental Results

5.1 Main Results

Table 6: Number of Answer Selections in SIP Joint
Reasoning.

PyAgent DP WTQ TabFact FetaQA

1 1 64.99 84.34 27.15
3 3 71.82 87.99 29.55
5 5 73.30 87.25 31.07

1 5 67.03 79.74 28.46
5 1 74.24 88.78 29.84

3 5 70.35 80.63 30.77
5 3 75.35 89.33 31.33

Tables 3–5 report the main results. Baseline
results are taken from the original papers, while
SIP results are averaged over multiple runs. On
WikiTableQuestions, SIP achieves 75.35% ac-
curacy, outperforming strong baselines such as
TIDE (Yang et al., 2025) and Mix-SC (Liu et al.,
2024a). Both SIP-DP and SIP-PyAgent obtain com-
petitive performance, showing that SQL Logic pro-
vides effective structural grounding for different
reasoning modes, while joint inference further im-
proves performance by combining DP’s linguistic
reasoning with PyAgent’s executable computation.
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Table 7: Ablation results on datasets.

Methods WTQ TabFact FetaQA

SIP-DP 71.39 78.51 31.11
w/o Decomposition 60.74 (↓ 10.65) 73.27 (↓ 5.24) 29.47 (↓ 1.64)
w/o Validation 63.33 (↓ 8.06) 75.46 (↓ 3.05) 30.15 (↓ 0.96)

SIP-PyAgent 73.65 87.90 23.92
w/o Decomposition 61.41 (↓ 12.24) 83.63 (↓ 4.27) 21.01 (↓ 2.91)
w/o Validation 65.47 (↓ 8.18) 84.78 (↓ 3.12) 22.42 (↓ 1.50)

SIP-DP&PyAgent 75.35 89.33 31.33
w/o Decomposition 63.43 (↓ 11.92) 84.51 (↓ 4.82) 29.88 (↓ 1.45)
w/o Validation 68.29 (↓ 7.06) 86.93 (↓ 2.40) 31.18 (↓ 0.15)

On TabFact, SIP reaches 89.33% accuracy, out-
performing most baselines and ranking second only
to TIDE. This suggests that SQL Logic is effective
for fact verification, although TIDE’s triple-based
representation may better capture some implicit
comparisons or fine-grained inter-row relations. On
FetaQA, SIP achieves the best performance among
all compared methods, indicating that SQL Logic-
aligned decomposition and validation help main-
tain consistency in long-form table reasoning.

5.2 Effect of Answer Selection Frequency

Table 6 shows that increasing the number of sam-
pled answers generally improves performance, as
voting reduces the impact of occasional reasoning
failures. The best results are obtained with five
PyAgent and three DP selections, suggesting that
joint inference benefits from a PyAgent-skewed
balance: PyAgent provides stable execution for nu-
merical and structural operations, while DP helps
resolve linguistic ambiguity. Configurations domi-
nated by a single reasoning mode are less effective,
confirming the complementarity of the two path-
ways.

5.3 Ablation Study

We ablate SIP’s two core components: SQL
logic–guided decomposition and semantic valida-
tion. Results are shown in Table 7.

Removing SIP decomposition. We replace
logic-guided decomposition with standard Chain-
of-Thought decomposition, allowing the LLM to
generate sub-questions without SQL Logic. This
variant leads to the largest performance drops
across all settings, showing that unguided decompo-
sition often fails to capture the true operator struc-
ture and causes cascading reasoning errors.

Removing SIP validation. Following (Huang
et al., 2024), we replace logic-based validation with
self-validation. Removing validation also reduces
accuracy, confirming its role in correcting interme-
diate reasoning drift. The drop is generally larger
for DP than PyAgent, since executable code already
imposes partial structural constraints.

5.4 Experiment Analysis
Comparison with direct SQL execution. Ta-
ble 8 compares SIP with direct SQL execution
methods. SQL-oriented models are sensitive to
syntax errors, column-name mismatches, and for-
matting variations, which can cause execution fail-
ures even when the intended operation is correct.
SIP avoids this issue by abstracting SQL intent
into SQL Logic, preserving relational semantics
without requiring executable SQL. As a result,
SIP achieves 75.35% accuracy, outperforming the
strongest SQL baseline by over 15 points.

Table 8: Comparison of direct SQL execution.

Models Accuracy(%)
WizardCoder 50.60
SQLCoder 52.30
Codex-SQL 60.20
SIP 75.35

Generalization across models. Table 9 shows
that SIP improves both open-source and proprietary
LLMs, indicating that its gains are model-agnostic.
The improvements also hold for strong models such
as GPT-4, Claude 3.5, and DeepSeek R1, suggest-
ing that SQL Logic remains useful beyond base
model reasoning ability. Larger or stronger models
often obtain larger gains, implying that they can
better exploit SIP’s operator-level structure.
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Table 9: Comparison of LLMs with and without SIP.

Models Accuracy(%)

Open-source LLMs Methods
Llama 2-7b 41.85
Llama 2-7b + SIP 44.16 (2.31 ↑)
Llama 2-13b 50.78
Llama 2-13b + SIP 53.37(1.59 ↑)
DeepSeek R1 78.18
DeepSeek R1 + SIP 80.23 (2.05 ↑)

Close-source LLMs Methods
GLM 4 65.43
GLM 4 + SIP 72.23(6.80 ↑)
GPT 4 67.84
GPT 4 + SIP 75.33(7.49 ↑)
Gemini 1.5 61.94
Gemini 1.5 + SIP 65.84 (3.90 ↑)
Claude 3.5 71.47
Claude 3.5 + SIP 75.80 (4.33 ↑)

API call efficiency. Table 10 compares SIP with
Chain-of-Table in API call complexity. Chain-of-
Table repeatedly invokes the LLM for step predic-
tion, argument generation, and table transforma-
tion, leading to 3N calls. SIP performs SQL Logic
extraction and decomposition once, and then reuses
the logic units for validation, resulting in N + 2
calls. This reduces API cost and limits error accu-
mulation from repeated serialized interactions.

Table 10: Comparison of API Call Complexity

Methods API Call Operations

Chain-of-
Table

(Next step + Argument + Trans-
form) × Iterations N = 3N

SIP (SQL logic + Decompose) +
Valid × Iterations N = N + 2

Impact of question complexity. Fig. 3 shows
that decomposition granularity affects DP and PyA-
gent differently. SIP-DP benefits more from ques-
tions with five or more sub-questions, where lin-
guistic scaffolding helps capture multi-hop depen-
dencies. SIP-PyAgent performs better on questions
with fewer but more functional operations, such as
filtering or aggregation. Joint inference combines
these strengths across different complexity levels.

Impact of table size. Fig. 4 shows that SIP-
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Figure 3: Impact of the number of decomposition Sub-
questions on TableQA.

PyAgent becomes more effective as table size in-
creases. For small tables, DP and PyAgent perform
similarly, but DP degrades on larger tables due to
context truncation and attention dilution. PyAgent
remains more stable by executing filtering, sorting,
and aggregation over full table contents.
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Figure 4: Impact of table size on TableQA performance.

Data contamination and Error Analysis. We
further report data-contamination checks and sam-
pled error analysis in Appendix B and C.

6 Conclusion

We presented SIP, a SQL Logic-aligned framework
that bridges natural-language reasoning and struc-
tured table semantics for LLM-based TableQA. By
using compositional natural-language logic units to
guide decomposition and validation, SIP avoids
executable SQL’s syntactic fragility and consis-
tently improves performance and robustness across
datasets and LLMs.

Limitations

SIP depends on the quality of the SQL used to de-
rive SQL Logic. Although SQL Logic mitigates
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the brittleness of direct SQL execution, seman-
tic errors in generated SQL, such as missing con-
straints, incorrect operators, or mismatched column
semantics, may propagate into SQL Logic and mis-
guide decomposition or validation. Moreover, SQL
Logic abstracts explicit relational operations but
may overlook implicit constraints or nuanced in-
terpretations in natural-language questions. Future
work will explore more robust SQL generation and
hybrid symbolic-neural refinement to improve the
reliability of SQL Logic.
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Algorithm 1 SIP: Logic-Aligned Joint Reasoning

Require: Question Q, Table T , DP iterations n,
PyAgent iterations m

Ensure: Final answer Afinal

Generate SQL Logic L(q) using Eq. (1)–(3)
Generate sub-questions S = {S1, . . . , Sk} using
Eq. (4)
for i = 1 to n do

Compute and validate DP outputs using
Eq. (7) and Eq. (10)

end for
for i = 1 to m do

Compute and validate PyAgent outputs using
Eq. (8)–(9) and Eq. (10)

end for
Compute Afinal using Eq. (11)

return Afinal

B Data contamination

Data contamination. Table 11 compares SIP with
direct QA prompting. Direct QA achieves only
48.70%, while SIP reaches 75.35%, suggesting that
SIP’s gains are unlikely to come from memoriza-
tion alone. Instead, SQL Logic guides the model
to derive answers from the given table context.

Table 11: Comparison of direct QA for data contamina-
tion.

Models Accuracy(%)
Direct QA (Cheng et al., 2023) 48.70
SIP 75.35

C Error Analysis

Error Analysis under Explainability. SIP ex-
poses sub-questions, reasoning traces, and valida-
tion results, enabling fine-grained error analysis.
We sample 50 erroneous cases from DP and PyA-
gent, respectively. DP errors mainly involve miss-
ing or incorrect records, misunderstanding special
rows, counting mistakes, and answer-format mis-
matches. PyAgent errors mainly come from incor-
rect function generation, execution failures, and
special-row handling. These findings suggest that
future improvements should target record selection,
special-row recognition, and more reliable function
generation.
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