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Abstract

Complex table question answering (TQA) re-
mains challenging, as real-world table, usually
designed for human readability with multi-level
headers and fragmented hierarchical seman-
tics, largely hindering large language models
(LLMs) from accurately aligning conditions,
attributes, and values during reasoning. Exist-
ing approaches typically rely on handcrafted
table linearization or prompts, forcing LLMs
to infer header hierarchies, which frequently
leads to brittle reasoning and hallucinations.
To this end, we propose SMART, a unified
framework that explicitly decouples table struc-
ture understanding from reasoning execution.
SMART consists of three components: Seman-
tic Header Flattening for converting multi-level
headers into explicit single-level descriptors,
Global Understanding for capturing holistic
table-question semantics, and Pseudo-Code-
Style Reasoning for structured, step-by-step
inference with external validation. Extensive
experiments on multiple benchmarks demon-
strate that SMART substantially improves both
the accuracy and robustness of complex TQA,
achieving state-of-the-art performance.

1 Introduction

Table question answering (TQA) has increasingly
become a core natural language processing (NLP)
task (Zhao et al., 2023; Zheng et al., 2023; Zhang
et al., 2024c), enabling various applications such
as data analytics, decision support, and information
retrieval. In real-world scenarios, tables frequently
contain multi-level headers with hierarchical and
layered semantics, posing significant challenges
beyond flat-table reasoning (Wang et al., 2021;
Cheng et al., 2022). These latent structures are
inherently difficult to interpret, as large language
models predominantly operate on linearized rep-
resentations and lack explicit inductive biases for
modeling hierarchical dependencies, which often
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Figure 1: Comparison of complex table representation
methods and TQA reasoning paradigms: (a) existing
approaches; (b) SMART.

results in inconsistent or erroneous reasoning out-
comes.Consequently, explicitly modeling hierarchi-
cal header semantics is crucial for enabling reliable
reasoning in complex TQA.

With the rapid advancement of large language
models (LLMs) (Brown et al., 2020; Chung et al.,
2024; Rozière et al., 2023; Achiam et al., 2023),
most studies in table question answering primar-
ily focus on prompt strategies to guide LLMs to-
ward reliable reasoning. Indeed, prior TQA works
mostly process flat-tables, with limited work ded-
icated to complex tables containing multi-level
headers. As illustrated in Figure 1(a), these ap-
proaches merely convert hierarchical header struc-
tures into tuples (Zhao et al., 2023), HTML (Zhang
et al., 2024c) or graphs (Li et al., 2025) for repre-
sentation, yet leave implicit semantics and residual
hierarchy that impede reasoning.

Beyond representation, the reasoning paradigm
introduces further complexities, posing additional
challenges for TQA. For example, (1) Chain-of-
Thought (CoT) methods (Wei et al., 2022; Zhao
et al., 2023) yields nature-language intermediate
steps for LLMs synergy, but lack structural con-
straints and verifiability, easily causing unstable or
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hallucinated reasoning; (2) Program-of-Thought
(PoT) methods (Chen et al., 2022; Zhang et al.,
2024c) translate reasoning into programmatic form
(e.g., Python or SQL), enabling deterministic com-
putation and step-level validation. Yet this transla-
tion is fragile: minor errors often cause total fail-
ure, even disadvantaging models if with limited
code-generation ability; and (3) Hybrid CoT-PoT
approaches (Yang et al., 2025; Liu et al., 2024)
attempt to combine both paradigms, but rely on
multi-path cross-modal reasoning, easily causing
high substantial computational overhead and insta-
bility due to cross-mode inconsistencies.

Thereby, an effective and widely-adopted solu-
tion is to explicitly model hierarchical header se-
mantics while enabling reliable and verifiable rea-
soning. To this end, we introduce SeMantic header
flAttening and pseudo-code-style Reasoning for
LLM-based complex Table question answering
(SMART). SMART addresses challenges through
three complementary steps. First, Semantic Header
Flattening systematically transforms hierarchical
headers into single-level natural language descrip-
tors optimized for reasoning tasks. Next, Global
Understanding generates a concise semantic sum-
mary of the table and question, providing high-
level guidance for downstream reasoning. Fi-
nally, Pseudo-Code-Style Reasoning enables in-
terpretable multi-step inference by composing a
restricted set of atomic operations in pseudo-code
format, with each step externally validated for in-
termediate computations and sorting, helping to
mitigate numerical hallucinations. In summary, our
contributions are as follows:

• We propose Semantic Header Flattening and
Global Understanding to transform complex ta-
bles into a reasoning-friendly format and provide
guidance for multi-step reasoning.

• We introduce a Pseudo-Code-Style Reasoning
paradigm and incorporate external verification to
mitigate numerical and sorting hallucinations.

• Extensive experiments on HiTab, AIT-QA, and
WikiTableQA demonstrate that SMART consis-
tently achieves state-of-the-art performance in
complex table question answering.

2 Related work

2.1 Complex Table Representation
Representing complex tables with multi-level head-
ers has been widely studied as a prerequisite for

structured table understanding (Cheng et al., 2022;
Katsis et al., 2021). TableParser (Zhao et al., 2023)
represents header and non-header cells using five-
tuples and four-tuples, respectively, incorporating
hierarchical and positional information. E5 (Zhang
et al., 2024c) serializes complex tables into HTML
and prompts the LLM to generate a textual expla-
nation of the header hierarchy, providing structural
cues for interpreting multi-level headers. GraphOT-
TER (Li et al., 2025) models table as an undirected
cell graph with edges connecting cells in the same
row or column, and serializes this graph into a
prompt to expose structural relations without dif-
ferentiating headers from data cells explicitly. De-
spite their effectiveness, these approaches still fail
to fully expose the structural semantics inherent
in multi-level headers, limiting their suitability for
subsequent reasoning.

2.2 Reasoning for Table QA

Driven by recent advances in LLM-based reason-
ing techniques (Zhang et al., 2024a; Sahoo et al.,
2024), current approaches to TQA predominantly
follow several representative reasoning paradigms.
Chain-of-Thought (CoT) (Wei et al., 2022) rea-
soning leverages LLMs to generate intermedi-
ate natural-language steps, providing strong inter-
pretability and flexibility. For instance, TableParser
(Zhao et al., 2023) performs step-wise reasoning
over tuple-represented cells, while Table-Critic (Yu
et al., 2025) employs a multi-agent framework to
refine and correct step-by-step CoT reasoning for
TQA. However, purely textual CoT lacks explicit
structural grounding, making it prone to numerical
hallucinations and insufficient for complex reason-
ing tasks. Program-of-Thought (PoT) (Chen et al.,
2022) reasoning formulates the reasoning process
as a sequence of executable programs (e.g., SQL
or Python) that implement structured, deterministic
multi-step operations over table data (Ye et al.,
2023; Cheng et al., 2023; Zhang et al., 2024c,b;
Mao et al., 2024). This approach ensures high pre-
cision and verifiable reasoning, but it depends on
strict schema alignment and is fragile to errors in
program generation. Hybrid reasoning combines
CoT and PoT paradigms to balance flexibility and
reliability. MIX-SC (Liu et al., 2024) fuses outputs
from Python agents and textual chains via self-
consistency, whereas TIDE (Yang et al., 2025) exe-
cutes both CoT-based Direct-Prompting and PoT-
based Agent modes before merging results. While
hybrid reasoning improves accuracy, it incurs ad-
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Figure 2: Overview of the proposed SMART framework. The framework flattens hierarchical table headers into
single-level headers, constructs a global guidance text, and performs Pseudo-Code-Style Reasoning with external
validation of intermediate computations and sorting.

ditional reasoning overhead. These observations
suggest the need for a reasoning framework that
strikes a balance between the flexibility of CoT and
the reliability of PoT, enabling both interpretable
and verifiable multi-step inference over complex
tables.

3 Method

3.1 Overview

As mentioned in Figure 2, we introduce SMART,
an efficient framework for TQA designed for com-
plex tables. First, Semantic Header Flattening
leverages the linguistic capacity of LLMs to con-
vert hierarchical headers into a coherent layer of
natural-language descriptors, producing a seman-
tically normalized table with a single-level header.
Based on the flattened headers and the question,
the Global Understanding module generates a con-
cise table question semantic summary to guide
reasoning. Finally, Pseudo-Code-Style Reasoning
performs structured multi-step inference, with a
lightweight external calculator and sorter verify-
ing computations and sorting to mitigate numerical
hallucinations.

3.2 Task Description

The complex table question answering task in-
volves answering a question Q over a table T using
a model M , guided by a prompt P . The table may
contain hierarchical headers, merged cells, and di-

verse data types, while the question may require
multi-step reasoning, aggregation, or comparison.
Formally, the task is defined as:

A = M(T,Q, P ) (1)

where A denotes the answer predicted by the
model.

3.3 Semantic Header Flattening
The Semantic Header Flattening module converts
each multi-level row or column header into a single
natural-language descriptor. We first identify the
global column headers, defined as any header that
spans all columns (e.g., Score Statistics in Fig. 2).
Each global header is transformed into a column-
level description—“The column is about score
statistics.”—which is incorporated as part of
the table caption for downstream reasoning.

For the remaining multi-level column head-
ers, we perform semantic flattening by prompt-
ing an LLM to map each hierarchical header
path {h(1), h(2), . . . , h(k)} into a single natural lan-
guage descriptor:

hflat = LLM(h(1), h(2), . . . , h(k)) (2)

The prompts are explicitly designed to guide the
model in interpreting the hierarchical relationships
among the headers, thereby capturing their under-
lying structural semantics and converting them into
explicit natural language descriptions. Row head-
ers are processed analogously.
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After semantic flattening, all hierarchical row
and column headers are replaced with their cor-
responding single-level descriptors, resulting in a
semantically normalized table representation, de-
noted as Tflat. This flattened table serves as the
input to the subsequent Pseudo-Code-Style Rea-
soning module, ensuring that multi-step inference
is performed over explicitly represented header se-
mantics on a table with simple, single-level head-
ers. Detailed prompt templates are provided in
Appendix A.1.

3.4 Global Understanding

Motivated by the human habit of first forming a
holistic understanding of a table before answering,
we design a Global Understanding module that
generates a concise textual summary of high-level
cues based on both the table and question. The
summary contains four components:

(1) Table Overview. A brief summary of the
table’s thematic content derived from the caption
and global headers.

(2) Header Analysis. A short interpretation of
the column and row headers, including their se-
mantic roles, measurement meanings, and inherent
logical relations. Aggregated or summative head-
ers are highlighted, as they may directly imply or
simplify reasoning.

(3) Question Analysis. An interpretation of the
question intent and its linkage to the table data.

(4) Expected Answer Type. A concise indi-
cation of the expected answer type to guide the
formatting of the downstream reasoning output.

By providing high-level semantic cues, this de-
scription strengthens the LLM’s understanding of
the QA scenario and lowers the complexity of the
following step-wise reasoning. Detailed prompt
templates are provided in Appendix A.2.

3.5 Pseudo-Code-Style Reasoning

To ensure both interpretability and reliability in
multi-step table reasoning, we design a Pseudo-
Code-Style Reasoning paradigm that integrates the
complementary strengths of natural language and
programmatic reasoning. This paradigm allows
the model to articulate intermediate steps in natu-
ral language, preserving flexibility and expressive-
ness, while structuring the inference process in a
pseudo-code format that supports stepwise verifica-
tion. Formally, given a semantically flattened table
Tflat and a question Q, a single reasoning instance

STEP <number>: <Function>(<parameter if any>)

    description: <Natural language explanation>

    formula: <List of formulas, [] if none>

    output: <Result>

Pseudo Function Template:

Figure 3: Template of pseudo operation functions for
each step in the reasoning process.

is modeled as a sequence of pseudo-code-style op-
eration functions:

Reasoning = fn◦· · ·◦f1(Q,Tflat), fi ∈ F (3)

whereF = {Select,Compute, Sort, Infer,Answer}
denotes the set of allowed operations. The internal
structure of each operation function is shown in
Figure 3 and consists of three components: a
textual description, a formula, and an output. This
design preserves interpretability while imposing
structural constraints to enable controlled and
verifiable multi-step inference.

Leveraging this structured pseudo-code design,
we address a key challenge in LLM-based reason-
ing: numerical hallucinations. Formally, a pseudo-
code-style reasoning trace is represented as an or-
dered sequenceR = ⟨s1, s2, . . . , sN ⟩, where each
step si corresponds to an atomic operation selected
from the predefined operation set. The LLM first
generates a complete reasoning trace, in which the
Compute and Sort operations produce arithmetic
expressions and ordered lists in a standardized for-
mat. The Compute function supports basic arith-
metic operations, including addition, subtraction,
multiplication, and division, and also allows the
len function for counting elements. The Sort func-
tion specifies the generation of numerically ordered
lists according to the reasoning requirements. Af-
ter a full reasoning trace is generated, the inter-
mediate formulas and outputs from all Compute
and Sort steps are extracted using pattern-matching
procedures and subsequently verified by external
validator. We formalize the verification process as
follows: V (R) → {0, 1}, which returns 1 if and
only if all Compute and Sort steps inR are consis-
tent with the external validator. If V (R) = 0, the
validator identifies the earliest failing step:

sj = argmin
i

I[si fails verification] (4)

Then validator generates a concise repair hint local-
ized to that step (e.g., “Step 2: [3,1,2] sorting
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Algorithm 1 Pseudo-Code-Style Reasoning

1: Input: Flattened table Tflat, Question Q,
Global Understanding G, LLM M , Max cor-
rections K

2: Output: Answer A, Reasoning traceR
3: R ←M.reason(Tflat, Q,G) ▷ Generate

initial reasoning trace
4: attempts← 0
5: (error, hint)← V (R) ▷ Validate and locate

first failing step
6: while error ̸= None ∧ attempts < K do
7: R ←M.revise(R, hint)
8: (error, hint)← V (R)
9: attempts← attempts+ 1

10: end while
11: A← ExtractAnswer(R)
12: return A,R

error, correct ascending is [1,2,3]”). This
hint is then fed back to the LLM, which performs
a local correction starting from sj and regenerates
all subsequent steps. The resulting check-revision
loop iterates until V (R) = 1 or a predefined max-
imum number of correction attempts is reached.
Once validated, the final reasoning traceR and the
corresponding answer A are returned.

It is worth clarifying that this design adopts post-
hoc verification rather than step-wise tool invo-
cation. Since numerical hallucinations are rela-
tively infrequent, invoking tools during reasoning
would introduce unnecessary overhead with mul-
tiple LLM calls. In contrast, our approach per-
forms a single-pass reasoning and only triggers ad-
ditional corrections when verification fails, thereby
reducing redundant LLM invocations and improv-
ing overall efficiency.

The overall reasoning process is summarized in
Algorithm 1, with additional prompt and implemen-
tation details provided in Appendix A.3.

4 Experiments

4.1 Setup

Benchmarks,Baselines,and Metrics We eval-
uate our framework on two complex table ques-
tion answering benchmarks, HiTab (Cheng et al.,
2022) and AIT-QA (Katsis et al., 2021), which
feature heterogeneous layouts and multi-level ta-
ble headers. To isolate and assess the effective-
ness of the proposed Pseudo-Code-Style Reason-
ing paradigm, we additionally conduct experiments

Dataset Tables QA Pairs Domain

HiTab 538 1,584 Open domain
AIT-QA 116 515 Airline industry

WikiTableQA 421 4,344 Wikipedia

Table 1: Statistics of benchmark datasets used for TQA.

on WikiTableQA (Pasupat and Liang, 2015), a flat-
tened table question answering benchmark that fo-
cuses on complex questions. Dataset statistics are
provided in Table 1.

We compare our method against three categories
of baselines. The first category consists of com-
plex table question answering approaches (Zhao
et al., 2023; Zhang et al., 2024c; Li et al., 2025),
which are designed to reason directly over multi-
level and hierarchical tables. These baselines eval-
uate the overall effectiveness of our framework.
The second category includes different reasoning-
paradigm-based methods, covering COT-Based,
POT-Based, and Hybrid approaches (Chen, 2022;
Zhao et al., 2023; Li et al., 2025; Zhang et al.,
2024c; Wang et al., 2024; Liu et al., 2024). This
allows us to assess the advantages of the Pseudo-
Code-Style Reasoning paradigm over alternative
reasoning approaches. The third category consists
of methods (Cheng et al., 2023; Ye et al., 2023;
Nahid and Rafiei, 2024; Wang et al., 2024; Mao
et al., 2024) designed to tackle complex questions
over flattened tables, enabling an evaluation of our
Pseudo-Code-Style paradigm’s ability to reason
over complex queries.

Following prior work (Chen, 2022; Zhao et al.,
2023; Zhang et al., 2024c; Li et al., 2025), we adopt
Exact Match (EM) and an LLM-based Evaluator
(LLM Eval) to assess prediction accuracy. Imple-
mentation details are provided in Appendix B.1.

Implementations Considering computational
cost, we select two widely adopted LLM back-
bones for experiments, Qwen21 and LLaMA3.12.
To ensure fair and reproducible comparisons, we
adopt consistent experimental settings, including
a temperature of 0.1, a maximum of 3 Pseudo-
Code-Style Reasoning iterations, and a maximum
output token length of 4096 to accommodate com-
plete multi-step Pseudo-Code-Style Reasoning. All
other model parameters are kept at their default val-
ues. Baseline methods are implemented following
their official repositories and the prompt designs

1Qwen2-72B-Instruct
2LLaMA3.1-70B-Instruct
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Methods
Qwen2 LLaMA3.1

HiTab AIT-QA HiTab AIT-QA
EM LLM Eval EM LLM Eval EM LLM Eval EM LLM Eval

TableParser (Zhao et al., 2023) 44.57 69.76 59.26 78.75 52.46 64.20 74.07 75.44
E5 (Zhang et al., 2024c) 43.56 47.16 62.96 64.91 65.53 67.23 79.53 81.29
GraphOTTER (Li et al., 2025) 73.74 77.37 87.37 87.57 75.18 77.71 86.38 86.77

Ours 73.78 82.84 89.13 89.51 76.76 83.53 89.30 89.49

Table 2: Overall evaluation on complex table QA. Our stands out as the most effective method for this task across
two benchmark datasets and LLM backbones.

described in the original papers. Detailed parame-
ter settings and additional analysis are provided in
Appendix B.2.

5 Experiment Results

5.1 Main Results

Table 2 compares the performance of Qwen2 and
LLaMA3.1 backbones on HiTab and AIT-QA.
SMART consistently outperforms all baselines
across both EM and LLM Eval metrics. On Qwen2,
it achieves a 5.47% gain in LLM Eval on HiTab and
1.76%/1.94% improvements on AIT-QA for EM
and LLM Eval, respectively. Results on LLaMA
further demonstrate SMART’s robustness, with
gains of 1.58% (EM) and 5.82% (LLM Eval) on
HiTab, and 2.92%/2.72% on AIT-QA, showing its
effectiveness on complex tables.

A detailed analysis reveals a divergence between
EM and LLM Eval metrics. On HiTab, the im-
provements in LLM Eval are more pronounced, re-
flecting that SMART’s multi-step reasoning often
yields semantically correct answers that do not ex-
actly match the reference labels. This discrepancy
arises naturally from the QA process, where inter-
mediate reasoning steps, aggregations, or computa-
tions can lead to minor variations in the final out-
put. In contrast, on AIT-QA, performance gains are
more consistent across EM and LLM Eval, suggest-
ing that SMART effectively produces both exact
matches and semantically accurate answers within
the structured context of airline tables.

As shown in Figure 4, we evaluate SMART on
the four official subsets of the AIT-QA dataset:
Table-driven, KPI-driven, Row header hierarchy,
and No row header hierarchy. SMART consistently
outperforms all baselines across these subsets. Per-
formance on Table-driven and KPI-driven ques-
tions demonstrates its ability to handle diverse ques-
tion types, while results on Row header hierarchy
questions indicate that it effectively handles ques-

tions requiring hierarchical row header reasoning.
Overall, these results confirm SMART’s robust-
ness across varying question types and reasoning
requirements in tables.

Table 3 presents the performance of different rea-
soning paradigms on HiTab using the Qwen2 back-
bone. Compared with other reasoning paradigms,
our Pseudo-Code-Style approach substantially out-
performs these baselines. This improvement arises
from its structured reasoning paradigm: complex
table reasoning is decomposed into explicit, step-
by-step operations, and the reasoning actions and
output format are strictly constrained. By guiding
the model to follow a well-defined reasoning flow,
this approach mitigates errors caused by ambiguous
or uncoordinated inference steps, while preserv-
ing the large language model’s strength in natural-
language reasoning. Consequently, Pseudo-Code-
Style Reasoning enables more accurate and seman-
tically consistent answers, effectively addressing
the challenges posed by complex questions.

Table 4 reports the performance of SMART on
the WikiTableQA benchmark using the LLaMA3.1
backbone. Our method achieves an EM score of
71.69%, showing consistent improvements over
representative mainstream methods. This result
shows that Pseudo-Code-Style Reasoning is effec-
tive for complex multi-step table question answer-
ing. By structuring the reasoning process, it enables
more accurate answers to complex queries.

Overall, these observations indicate that SMART
provides a robust reasoning framework capable of
handling complex tables and complex question an-
swering scenarios.

5.2 Ablation Study

To assess the contributions of individual compo-
nents, we conduct ablation studies on three mod-
ules.

As shown in Table 5, the full SMART model
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Figure 4: Comparison of EM performance across differ-
ent subsets of the AIT-QA dataset.

Reasoning Type Methods EM LLM Eval

COT-Based
TableReasoner (2022) 56.41 75.68

TableParser (2023) 44.57 69.76
GraphOTTER (2025) 73.74 77.37

POT-Based E5 (2024c) 43.56 47.16

Hybrid-Based
Chain-of-Table (2024) 44.26 62.69

MIX-SC (2024) 73.42 77.08

Pseudo-Code-Style Ours 73.78 82.84

Table 3: Performance comparison of different reasoning
methods on HiTab using the Qwen2.

achieves the best performance on both EM and
LLM-based evaluation metrics, demonstrating the
effectiveness of the complete system. Replacing
Semantic Header Flattening with HTML-based rep-
resentations for hierarchical headers leads to a no-
ticeable performance drop, suggesting that explicit
flattening provides a more effective structure for
downstream reasoning. Removing the Global Un-
derstanding module results in a substantial drop
in performance, indicating that pre-comprehending
high-level table cues and question context is crucial
for accurate reasoning. Excluding numerical val-
idation in the Pseudo-Code-Style Reasoning step
also degrades both EM and LLM Eval scores, con-
firming that external verification of arithmetic and
sorting operations significantly enhances reasoning
reliability. These results highlight the complemen-
tary contributions of each component and validate
the design choices of SMART.

5.3 Case Study

To qualitatively analyze why our approach is better
suited for TQA, we conduct a case study comparing
our method with the strong baseline GraphOTTER.
Based on the question and table shown in Figure 2,
the reasoning processes of GraphOTTER and our
method are illustrated in Figure 5.

As shown in Figure 5, GraphOTTER answers
questions by constructing a task-specific subgraph

Method EM
Binder (Cheng et al., 2023) 50.51
Dater (Ye et al., 2023) 43.53
TabSQLify (Nahid and Rafiei, 2024) 55.78
Chain-of-Table (Wang et al., 2024) 62.22
PoTable (Mao et al., 2024) 65.56
Ours 71.69

Table 4: Performance comparison of SMART and main-
stream TQA methods on the flattened-table dataset Wik-
iTableQA.

Method EM LLM Eval

SMART 73.78 82.84

w/o SHF 67.89 75.29
w/o GU 69.03 76.31
w/o NV 72.97 82.07

Table 5: Ablation results on the HiTab dataset using
Qwen2. SHF: Semantic Header Flattening; GU: Global
Understanding; NV: Numerical Validation.

that aggregates relevant information. This approach
can omit critical evidence and struggles with multi-
hop or compositional reasoning, where intermedi-
ate dependencies must be explicitly modeled, often
leading to incomplete reasoning paths and unstable
performance on complex TQA instances.

In contrast, our Pseudo-Code-Style Reasoning
paradigm defines task-aligned reasoning actions
executed in a structured and stepwise format, en-
abling systematic and interpretable multi-step in-
ference. Each reasoning step is accompanied by
a natural-language description, allowing LLMs to
fully leverage their strengths in textual and logical
reasoning. All generated computations and sort-
ing expressions are then extracted and verified (red
box), effectively mitigating errors from numerical,
sorting, or intermediate reasoning hallucinations
and enhancing the reliability and accuracy of the
final answer. Overall, this case study illustrates that
our method provides a more robust, TQA-oriented
reasoning framework. Additional qualitative exam-
ples are provided in Appendix D.

5.4 Efficiency Analysis
We evaluate the reasoning efficiency of our method
on the HiTab dataset by comparing it with sev-
eral mainstream iterative reasoning approaches. In
our framework, one iteration is defined as a com-
plete reasoning cycle consisting of a Pseudo-Code-
Style Reasoning, followed by formula extraction
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Initial subgraph:

[(2, 5, 'total'), (0, 3, 'score statistics')] has the following shared neighbors: [(0, 5, 'score statistics'), (2, 3, 'avg goals')].

[(1, 5, 'count'), (0, 3, 'score statistics')] has the following shared neighbors: [(0, 5, 'score statistics'), (1, 3, 'count')].

[(6, 5, '37'), (0, 3, 'score statistics')] has the following shared neighbors: [(0, 5, 'score statistics'), (6, 3, '26')].

[(7, 5, '27'), (0, 3, 'score statistics')] has the following shared neighbors: [(0, 5, 'score statistics'), (7, 3, '12')].

[(1, 5, 'count'),SAME COLUMN,(2, 5, 'total'),SAME COLUMN,(6, 5, '37'),SAME COLUMN,(7, 5, '27')]

Thought step 1: The existing information is sufficient to answer the question.

Action step 1:{

                              "Function": {"function_name": "Answer", "parameters": []},

                              "Explanation": "The highest total score is 37 and the lowest total score is 27, so the difference between the highest and lowest total scores can be calculated     

                                                            directly."

                        }

Answer:{

                   "cells": ["(6, 5, '37')", "(7, 5, '27')"], 

                   "operation": "Subtraction", 

                   "explanation": "The difference between the highest and lowest total scores can be calculated by subtracting the lowest total score from the highest total score.",      

                   "answer": ["10"]

               }

Step 1: SELECT(rows=["Guard John from the Northern ", "Guard Mike from the Northern ", "Forward David from the Northern ", "Guard Thomas from the 
                              Southern ",  "Forward James from the Southern"], cols=["Total count"])
                 description: Get total counts of all players
                 formula: []
                 output: {"Guard John from the Northern":38, "Guard Mike from the Northern ":19, "Forward David from the Northern":30, "Guard Thomas from 
                                   the Southern":37, "Forward James from the Southern":27}

Step 2: SORT(list_of_numbers=[38, 19, 30, 37, 27])
                 description: Sort the total counts to find the minimum and maximum
                 formula: [19,27,30,37,38]
                 output: [19,27,30,37,38]

Step 3: INFER(inputs=[STEP_1, STEP_2])
                 description: Identify the minimum and maximum total counts
                 formula: []
                 output: min=19, max=38

Step 4: COMPUTE(expression="38 - 19")
                 description: Calculate the difference between the highest and lowest total scores
                 formula: 38 - 19 = 19
                 output: 19

Step 5: ANSWER(value=19)
                 description: Difference between the highest and lowest total scores
                 formula: []
                 output: 19

GraphOTTER

Ours

Figure 5: Case Study. The first one is the reasoning process of the baseline method GraphOTTER, and the second
one is our Pseudo-Code-Style Reasoning process.
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Figure 6: Average number of iterations for various main-
stream iterative reasoning methods, evaluated using the
Qwen2 model on the HiTab dataset.

and verification, and a single correction reasoning
if necessary. In our experiments, we empirically
set the maximum number of iterations to 3; de-
tailed analyses are provided in the Appendix B.2.
For fair comparison, other methods follows the set-
tings used in GraphOTTER (Li et al., 2025). As
shown in Figure 6, our method achieves an aver-
age iteration count close to one, indicating sub-

stantially higher efficiency than existing iterative
reasoning methods. This efficiency gain primarily
stems from the design of our Pseudo-Code-Style
Reasoning paradigm, which is able to complete
most reasoning processes within a single iteration.
Additional iterations are only triggered when nu-
merical computation or sorting hallucinations are
detected during verification, and such cases occur
with relatively low frequency. As a result, our ap-
proach significantly reduces redundant reasoning
iterations while maintaining reliable performance
on complex TQA.

6 Conclusion and Future work

We propose SMART, a framework for complex
table question answering that integrates Seman-
tic Header Flattening, Global Understanding, and
Pseudo-Code-Style Reasoning. By converting hier-
archical headers into explicit natural-language de-
scriptors and structuring multi-step inference with
external validation, SMART enhances both the re-
liability and effectiveness of TQA. Experiments
across multiple datasets and metrics confirm its gen-
eralizability and compatibility with large language
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models, establishing SMART as a novel paradigm
for complex table question answering.

Future work will explore structured reasoning
paradigms for broader error detection and correc-
tion, aiming to mitigate numerical, logical, and
multi-step inference errors while improving relia-
bility and interpretability in complex table question
answering.

Limitations

While SMART demonstrates strong performance
on benchmark datasets, it has several limitations.
First, the current verification mechanism mainly
focuses on numerical and sorting errors, and does
not directly address higher-level logical or textual
reasoning mistakes. Second, SMART does not
incorporate a dedicated mechanism for filtering
potentially irrelevant table content. Extending the
framework to handle these scenarios could further
improve the reliability and generality of structured
reasoning over complex tables.
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A Prompt

For all baselines, we used the official code from the
original paper’s GitHub repository or the official
prompt from the original paper for implementation.
The prompt design for SMART is as follows.

A.1 Header Flattening Prompt
We design a prompt to guide the LLM in capturing
the hierarchical semantics of multi-level table head-
ers and converting them into a single, reasoning-
friendly natural language sentence. This ensures
that the flattened output preserves the essential
structural and semantic information required for
downstream reasoning. The prompt is illustrated in
Figure 7.

A.2 Global Understanding Prompt
We design a prompt to guide the LLM in producing
a structured, high-level summary of a table and
its associated question. By generating this textual
summary, the model is provided with reasoning
cues that facilitate stable and interpretable multi-
step reasoning over complex tables (Prompt shown
in Figure 8).

The Global Understanding is derived solely from
the input table and question, serving as a summary-
level reasoning guide without introducing external
information.

A.3 Pseudo-Code-Style Reasoning Prompt
As illustrated in Figure 9, the prompt for Pseudo-
Code-Style Reasoning is designed to provide de-
tailed guidance for each operation, including its
purpose, input and output format, and execution
rules. This structured prompt ensures that the
model generates consistent and interpretable rea-
soning steps for complex table question answering.

A.4 Reasoning Revise Prompt
When the external calculator or sorter detects an
error in the reasoning process, it automatically gen-
erates a correction feedback to guide the model to
revise its reasoning. Based on this feedback, the
large language model is prompted to re-perform the
reasoning with the identified mistakes explicitly ad-
dressed. The prompt used for reasoning correction
is illustrated in the Figure 10.

A.5 LLM Eval
As shown in Figure 11, we adopt the LLM Eval
prompt template from GraphOTTER to conduct
our evaluation.

B Experimental Details

B.1 Metrics
While Exact Match is commonly used for evalua-
tion, the flexible and open-ended nature of LLM
outputs makes direct string matching or similarity-
based metrics insufficient for reliably assessing
both our method and the baselines (Zhao et al.,
2023). Following prior work (Zhao et al., 2023;
Li et al., 2025), we therefore adopt an LLM-based
evaluator to verify the correctness of predictions
generated by all methods. Specifically, we use
the GPT-4.1 API as the evaluation backbone. The
prompt template for LLM-based evaluation is pro-
vided in Appendix A.5.

B.2 Implementation Details
Model We locally deploy two LLM backbones,
Qwen2-72B-Instruct and LLaMA3.1-70B-Instruct.
For all experiments, the temperature is set to 0.1
to reduce randomness during generation, and the
maximum number of output tokens is fixed at 4096.
All models are executed in bfloat16 precision.
Unless otherwise specified, all remaining hyperpa-
rameters follow the default settings provided by the
corresponding model implementations.

Dataset All datasets used in our experiments fol-
low the original official splits and settings. A sum-
mary of dataset statistics is provided in Table 1.

Iteration Analysis We analyze the effect of
the maximum number of reasoning iterations in
SMART. Experimental results indicate that en-
abling a single iteration already brings a substantial
performance improvement over the non-iterative
setting. Increasing the iteration number to two
yields a marginal additional gain, while further in-
creasing the number of iterations does not lead to
noticeable improvements. This phenomenon can
be explained by the error characteristics observed
in Pseudo-Code-Style Reasoning. In most cases,
the reasoning process involves one numerical hal-
lucination, which can be effectively identified and
corrected within a single repair iteration. When
multiple iterations are triggered, they are typically
caused by malformed computation expressions that
violate predefined format constraints. In such cases,
additional iterations fail to provide meaningful cor-
rections and thus do not contribute to further per-
formance gains. Based on this observation, we
empirically set the maximum number of iterations
to three, which is sufficient to cover rare corner
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Number of LLM calls per QA
Binder 50
Dater 100
TabSQLify 2
Chain-of-Table ≤ 25
PoTable ≤ 6

Ours ≤ 5

Table 6: Comparison of the number of LLM calls for
SMART and mainstream TQA methods.

cases while avoiding unnecessary computation and
potential over-correction.

Moreover, we compare the number of LLM calls
with other methods in Table 6. SMART achieves
better performance with substantially fewer model
invocations, demonstrating its practical effective-
ness.

C Pseudo-Program Reasoning Actions

To facilitate structured, interpretable, and verifiable
reasoning in complex table question answering, we
introduce a set of five atomic reasoning actions
that together form a Pseudo-Code-Style Reasoning
chain. Each reasoning step invokes exactly one
predefined action and strictly adheres to a fixed
syntax, enabling deterministic parsing and external
validation. The five actions are detailed below. The
detailed prompt definition is illustrated in Figure 9.

C.1 SELECT

SELECT is responsible for retrieving relevant in-
formation from the table.

Purpose. This action grounds the reasoning pro-
cess in explicit table evidence by selecting rows,
columns, or individual cells prior to any inference
or computation.

Arguments.

• rows=<row_list>: identifiers or indices of
selected rows;

• cols=<col_list>: identifiers or indices of
selected columns.

Behavior. The action extracts the values corre-
sponding to the specified rows and columns. Selec-
tion may operate at different granularities, includ-
ing entire rows, entire columns, or specific cells.

Output. A numeric value, a list of values, or a
dictionary of selected values.

Constraints. No arithmetic or logical reasoning
is allowed in this step. The formula field must be
empty.

C.2 COMPUTE

COMPUTE performs explicit arithmetic opera-
tions over numeric values obtained from previous
steps.

Purpose. This action ensures that numerical
reasoning is executed in a fully constrained and
machine-verifiable manner.

Arguments.

• expression="<arithmetic_expression>
= <result>".

Behavior. The left-hand side must be a machine-
parseable arithmetic expression, and the right-hand
side must be its computed result.

Allowed Operators. +, -, *, /. Mixed opera-
tions and parentheses are permitted. As well as the
len function for counting elements. The format is
specified as len([...]) = <result>.

Constraints. The expression must not contain
text, units, commas, or explanations. Only numeric
literals and arithmetic operators are allowed.

Output. A single numeric value corresponding
to the computed result.

C.3 SORT

SORT orders a list of numeric values.
Purpose. This action supports comparison and

ranking-based reasoning by providing a determin-
istic sorting operation.

Arguments.

• list_of_numbers=[...].

Behavior. The input list is sorted in strict as-
cending order.

Constraints. The input must be a pure list of
numeric values. No filtering, aggregation, or infer-
ence is allowed.

Output. A list of numbers in ascending order.

C.4 INFER

INFER performs logical reasoning or summarizes
intermediate results.

Purpose. This action enables high-level reason-
ing that cannot be reduced to simple selection or
arithmetic, such as comparisons, condition check-
ing, or intermediate conclusions.

Arguments.
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• inputs=[STEP_n, STEP_m, ...]: refer-
ences to previous reasoning steps.

Behavior. The action derives an intermediate
conclusion or inferred value based on the outputs
of prior steps.

Flexibility. INFER may be invoked at any point
in the reasoning chain and can integrate multiple
preceding steps.

Constraints. No new numerical computation
should be introduced unless supported by prior
COMPUTE steps. The formula field must be
empty.

Output. An inferred value or intermediate con-
clusion.

C.5 ANSWER
ANSWER outputs the final result of the question.

Purpose. This action terminates the reasoning
chain and returns the final answer.

Arguments.

• value=<final_value>.

Behavior. The action outputs the final value
derived from all previous reasoning steps.

Constraints. No additional explanation, units,
or symbols are allowed.

Output. The final answer only.

D Case Study

We present a complete reasoning example in Fig-
ure 12. First, the Semantic Header Flattening mod-
ule converts the multi-level table headers into a
markdown table with single-level row and column
headers. Next, the Global Understanding module
generates a textual summary that guides the subse-
quent Pseudo-Code-Style Reasoning. After the first
reasoning, pattern matching identifies the formula
in the Compute step and performs a verification,
revealing a calculation error. A repair hint is then
constructed to prompt the model to correct the rea-
soning. As illustrated in the Figure 12, the model
successfully revises the erroneous computation and
subsequent reasoning steps, ultimately producing
the correct answer.
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You are an expert in table understanding.

1.Task:
- Convert multi -level headers into concise , natural -language single -level header
phrases that capture the full hierarchical meaning. Each multi -level header is provided
as a list of hierarchical strings.

2.Input Format: multi_level_headers: List[List[str]]
- Each inner list represents a multi -level header with hierarchical segments.
- Example: [['Demographics ', 'Age ', '18-25'],['Income ', 'Total ', 'Median ']]

3. Processing Rules:
- Transform each multi -level header into a single , streamlined phrase that preserves
all hierarchical meaning.
- Identify key entities in the headers. Don 't paraphrase or replace them unless
necessary. You may insert prepositions or conjunctions to improve fluency.
- Ensure every header is processed. Do not omit any header.

4. Output Format:
- Do NOT include explanations.
- Output a single line starting with "Headers :" followed by a list of phrases.
- Example: Headers: ['Demographics age 18-25', 'Median total income ']

Begin!
**Input **:
Headers: {Headers}

** Output **:
Headers: []

Figure 7: Prompt for Header Flattening

You are an expert in table understanding.
Given a table caption , top_headers ,left_headers and a question , you must complete the
following analysis strictly following the specified format.

Task: Write a coherent text ,describe the table structure as if explaining it to a reader.
1.Table Overview: Summarize what the table is about based on the caption.
2. Header Analysis:

- For headers in top_headers and left_headers , briefly describe their meaning. If
numerical measures appear (e.g., percent ,population , rate , growth), indicate their meaning
. Pay attention to headers that indicate total , all , entire region , etc.
- Describe any natural logical relationships (e.g., time order , category groupings , region
-subregion , measure vs. dimension) between headers.
- Pay special attention to some summative or aggregated nodes(e.g., "all", "combine", "
total", "sum", "average", "mean", "percent", "percentage", "proportion", "%", "probability
", "likelihood", etc.), as these headers help skip a lot of operations.

3. Question Analysis:
- Carefully analyze what the question is asking (percentage , name , growth , decline , etc.),
describe the relationship between it and the table data.

- When the question asks about proportion or percentage , if data type in the table is
already proportion or percentage , and does not need to be calculated.

4. Expected Answer Type:
- Identify the type of expected answer , reminder the answer type so that a downstream
reasoning module knows how to format its final answer .(e.g., A percent , A national name)

Begin!
**Input **:
1) Caption: {caption}
2) Top Headers: {top_headers}
3) Left Headers: {left_headers}
4) Question: {question}

** Output **: (a text)

Figure 8: Prompt for Global Understanding
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You are an expert in Table Question Answering(TQA).
You will receive:

Question
TQA guidance
Table - Markdown , first row = column headers , first column = row headers

Task:
Follow TQA guidance , reason **step by step using a pseudo -program**, in which each step
is a single action chosen from the following allowed actions:
1. SELECT(rows=<row_list >, cols=<col_list >)

- Select rows , columns , or cells from the table
- formula: []
- output: number , list , or dictionary of selected values

2. COMPUTE(expression ="< arithmetic_expression > = <result >")
- Perform arithmetic computation in this step
- The left side <arithmetic_expression > MUST be a **machine -parseable expression **
- Allowed operators: +, -, *, /
- Allowed function: len ([...]) used for counting
- MUST NOT contain text , commas , units , or explanations
- Mixed operations ARE allowed: valid: "(12 - 2) * 3 / 2 = 15"
- output MUST be the computed numeric result only

3. SORT(list_of_numbers =[...])
- Sort a list of numbers in ** strict ascending order**
- formula must be a pure list of numbers in ascending order
- output: the sorted list

4. INFER(inputs =[STEP_n , STEP_m , ...])
- Perform logical inference or summarize previous steps
- Can be used anywhere in the chain
- formula: []
- output: intermediate conclusion or inferred value

5. ANSWER(value=<final_value >)
- Output the final answer
- formula: []
- output: the final value only (no units , symbols , extra text)

Template: Each step must strictly follow this syntax:
STEP <number >: <ACTION >(<arguments if any >)

description: <one -line natural language explanation >
formula: <list of formulas , [] if none >
output: <result >

Rules:
1. Each step must perform ** exactly one action **.
2. COMPUTE must contain exactly one equation of the form (no commas , units , or text): <
arithmetic_expression > = <numeric_result >
3. SORT formula must contain strictly ascending numbers list: [num1 ,num2 ,num3 ...]
4. ANSWER output must be the final value only

Begin!
**Input **:

Question: {question}
TQA guidance :{ global_understanding}
Table: {table}

** Output **:(Do not output any other text)
Step 1: SELECT(rows =..., cols =...)
...
Step N: ANSWER(value =...)

Figure 9: Prompt for Pseudo-Code-Style Reasoning
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You are an expert reasoning corrector for Table Question Answering (TQA).
You will receive:

1. Question
2. Table - Markdown table (first row = column headers , first column = row headers)
3. Previous_Reasoning - a step -by-step pseudo -program using the specified STEP format
4. Revise_Suggestions - natural -language comments describing what needs to be corrected .(
formatting error|wrong sorting|arithmetic errors)

Reasoning format:
Reason **step by step using a pseudo -program**, in which each step is a single action
chosen from the following allowed actions:
1. SELECT(rows=<row_list >, cols=<col_list >)

- Select rows , columns , or cells from the table
- formula: []
- output: number , list , or dictionary of selected values

2. COMPUTE(expression ="< arithmetic_expression > = <result >")
- Perform arithmetic computation in this step
- The left side <arithmetic_expression > MUST be a **machine -parseable expression **
- Allowed operators: +, -, *, /
- Allowed function: len ([...]) used for counting
- MUST NOT contain text , commas , units , or explanations
- Mixed operations ARE allowed: valid: "(12 - 2) * 3 / 2 = 15"
- output MUST be the computed numeric result only

3. SORT(list_of_numbers =[...])
- Sort a list of numbers in ** strict ascending order**
- formula must be a pure list of numbers in ascending order
- output: the sorted list

4. INFER(inputs =[STEP_n , STEP_m , ...])
- Perform logical inference or summarize previous steps
- Can be used anywhere in the chain
- formula: []
- output: intermediate conclusion or inferred value

5. ANSWER(value=<final_value >)
- Output the final answer
- formula: []
- output: the final value only (no units , symbols , extra text)

Each step must strictly follow this syntax:
STEP <number >: <ACTION >(<arguments if any >)

description: <one -line natural language explanation >
formula: <list of formulas , [] if none >
output: <result >

Rules:
1. Each step must perform ** exactly one action **.
2. COMPUTE must contain exactly one equation of the form (no commas , units , or text): <
arithmetic_expression > = <numeric_result >
3. SORT formula must contain strictly ascending numbers list: [num1 ,num2 ,num3 ...]
4. ANSWER output must be the final value only

Task:
You must verify and correct the given pseudo -program based on the Revise_Suggestions.

Begin!
**Input **:

Question: {question}
Table: {caption}
{table}
Previous_Reasoning: {reason}
Revise_Suggestions: {amend}

** Output **:
Step 1: SELECT(rows =..., cols =...)
...
Step N: ANSWER(value =...)

Figure 10: Prompt for Reasoning Revise29498



Instruction: You are CompareGPT , a machine to verify the correctness of predictions. Answer
with only yes/no.

You are given a question , the corresponding ground -truth answer and a prediction from a
model. Compare the "Ground -truth Answer" and the "Prediction" to determine whether the
prediction correctly answers the question.
All information in the Ground -truth Answer must be present in the Prediction , including
numbers and dates.
You must answer "no" if there are any specific details in the Ground -truth Answer that are
not mentioned in the Prediction.
There should be no contradicting statements in the Prediction. The Prediction may contain
extra information. If the Prediction states something as a possibility , treat it as a
definitive answer.

Question: {question}
Ground -truth Answer: {ground_truth}
Prediction: {response}

CompareGPT response:

Figure 11: LLM Evaluation Prompt

Question: What is the percentage change in the median employment income of high school graduates versus non-completers among women working full year and full time?

Global Understanding: 

1. Table Overview: 

The table presents data on the median employment income of men and women in Canada, categorized by their level of education, in 2014 dollars. It provides various income metrics, including 

employment income for those employed some time, all year, or full year full time, as well as individual and family income before and after taxes.

2. Header Analysis: The top headers represent different levels of education, including "less than a high school diploma," "high school diploma/some postsecondary," "trade certificate or college 

diploma," and "university degree." These categories serve as the primary dimension for comparing income metrics. The left headers list various income metrics, including median employment 

income and individual and family income before and after taxes, each providing a distinct measure of income. The headers "Men" and "Women" serve as sub-dimensions, allowing for gender-based 

comparisons. The table does not contain any explicit summative or aggregated nodes beyond the individual income metrics.

3. Question Analysis: The question requires comparing the values in the "Women employment income for those employed full year full time in reference year" column between the "high school 

diploma/some postsecondary" and "less than a high school diploma" rows. To answer this question, we need to calculate the percentage change between these two values.

4. Expected Answer Type: A percentage

Flattened Table:
|                                                                                       | less than a high school diploma | high school diploma/some postsecondary | trade certificate or college diploma | university degree |
| ------------------------------------------------------------------------------------- | ------------------------------- | -------------------------------------- | ------------------------------------ | ----------------- |
| Men median employment income for those employed some time in reference year           | 30400                           | 34500                                  | 43700                                | 47100             |
| Men median employment income for those employed all year                              | 36200                           | 41200                                  | 49800                                | 56200             |
| Men median employment income for those employed full year full time in reference year | 36300                           | 43200                                  | 51200                                | 58400             |
| Men median individual income total before taxes                                       | 26600                           | 34400                                  | 44700                                | 46300             |
| Men median individual income total after taxes                                        | 24700                           | 30400                                  | 38500                                | 40500             |
| Men median family income total economic before taxes                                  | 35200                           | 45200                                  | 52200                                | 54000             |
| Men median family income total economic after taxes                                   | 31700                           | 39500                                  | 44900                                | 47200             |
| Women employment income for those employed some time in reference year                | 13000                           | 20600                                  | 28900                                | 37800             |
| Women employment income for those employed all year                                   | 18400                           | 26400                                  | 33700                                | 46300             |
| Women employment income for those employed full year full time in reference year      | 21100                           | 30200                                  | 36000                                | 50000             |
| Women median individual income total before taxes                                     | 19100                           | 21700                                  | 31400                                | 37600             |
| Women median individual income total after taxes                                      | 18800                           | 20800                                  | 28900                                | 34200             |
| Women median family income total economic before taxes                                | 25400                           | 36600                                  | 46300                                | 56100             |
| Women median family income total economic after taxes                                 | 24400                           | 32800                                  | 40300                                | 48400             |

First Reasoning：
STEP 1: SELECT(rows=["less than a high school diploma", "high school diploma/some postsecondary"], cols=["Women employment income for those employed full year full time in reference year"])

        description: Get median employment income of high school graduates and non-completers among women working full year and full time

        formula: []

        output: {"less than a high school diploma":21100, "high school diploma/some postsecondary":30200}

STEP 2: COMPUTE(expression="(30200 - 21100) / 21100 * 100")

        description: Compute percentage change in median employment income between high school graduates and non-completers among women working full year and full time

        formula: (30200 - 21100) / 21100 * 100 = 43.36

        output: 43.36

STEP 3: ANSWER(value=43.36%)

        description: The percentage change in median employment income of high school graduates versus non-completers among women working full year and full time

        formula: []

        output: 43.36%

Corrective Reasoning：
Step 1: SELECT(rows=["less than a high school diploma", "high school diploma/some postsecondary"], cols=["Women employment income for those employed full year full time in reference year"])

    description: Get median employment income of high school graduates and non-completers among women working full year and full time

    formula: []

    output: {"less than a high school diploma":21100, "high school diploma/some postsecondary":30200}

Step 2: COMPUTE(expression="(30200 - 21100) / 21100 * 100")

    description: Compute percentage change in median employment income between high school graduates and non-completers among women working full year and full time

    formula: (30200 - 21100) / 21100 * 100 = 43.13

    output: 43.13

Step 3: ANSWER(value=43.13%)

    description: The percentage change in median employment income of high school graduates versus non-completers among women working full year and full time

    formula: []

    output: 43.13%

Repair Hint: Step 2 incorrect calculation (30200 - 21100) / 21100 * 100 = 43.36 (Correct result is 43.13)

Figure 12: A complete example illustrating Qwen2’s reasoning process on a HiTab table.
29499


