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Abstract

Recent progress in Large Language Model
(LLM) based Table Question Answering
(TableQA) has demonstrated strong perfor-
mance on standard benchmarks. However,
existing benchmarks mainly focus on well-
structured tables and fail to reflect the irregular
structures and complex reasoning commonly
encountered in real-world scenarios. We pro-
pose CompTab, a benchmark designed to eval-
uate TableQA under complex reasoning and
irregular table conditions. CompTab covers six
representative types, including semantic ambi-
guity, multi-hop reasoning, transposed tables,
merged cells, missing values, and outliers. It is
constructed from real-world seed tables across
multiple domains using controlled LLM based
generation and human verification to ensure
realism and diversity. In addition, to improve
the generalization of LLMs under complex and
irregular table settings, we propose a two-stage
training framework that progressively aligns
models with textual reasoning and executable
decision signals, instantiated as CompTabLLM.
Evaluations on 38 representative LLMs and
CompTabLLM show clear limitations of exist-
ing LLMs under realistic conditions, while the
proposed framework improves generalization.
CompTab thus provides a challenging bench-
mark for advancing TableQA in real-world.
The dataset will be released here.

1 Introduction

Large Language Models (LLMs) have achieved
substantial progress in natural language processing
and reasoning, extending from unstructured text to
structured and semi-structured data (Wang et al.,
2024b; Zhang et al., 2025b; Han et al., 2025; Huang

et al., 2024; Wu et al., 2025b; Wang et al., 2024a).

As a pervasive carrier of structured information
in real-world applications, tables play a central
role across domains such as finance, healthcare,

*Corresponding authors. zhaoshuzs2002 @hotmail.com

education, and industrial analytics. Consequently,
Table Question Answering (TableQA) has emerged
as a key application scenario for LLMs (Yang et al.,
2025b,c; Zhang et al., 2024; Patnaik et al., 2024;
Liu et al., 2024; Zeng et al., 2025; Belmehdi et al.,
2024). Recent advances in in-context learning and
instruction tuning have enabled LL.Ms to achieve
strong performance on several benchmarks (Wang
et al., 2025c; Wu et al., 2025d; Ahmad et al., 2025;
Wu et al., 2025a; Wang et al., 2025b).

Despite these advances, most existing TableQA
benchmarks (Wang et al., 2025¢; Qiu et al., 2024;
Zhong et al., 2017; Zhang et al., 2023) still rely
on well-structured tables with clean layouts, which
differ substantially from real-world data. In prac-
tice, real tables often exhibit structural irregularities
(e.g., transposed layouts and merged cells), content
imperfections (e.g., missing values and outliers),
and require complex reasoning such as multi-hop
queries and ambiguity resolution. Works (Wang
et al., 2025c¢; Li et al., 2025; Qiu et al., 2024) show
that even LLMs experience notable performance
degradation under such conditions. This gap is fur-
ther reflected in our empirical observations: while
GPT-40 achieves strong performance on regular
benchmarks such as WTQ and TabFact (83% and
93%) (Wang et al., 2025a), its accuracy drops to
34% on the irregular and complex tables used in
our evaluation. A key reason is that conventional
benchmarks tend to focus on isolated challenge set-
tings and fail to provide comprehensive coverage of
the diverse structural, content-level, and reasoning
difficulties observed in real-world tables.

Recent efforts have begun to construct more real-
istic TableQA benchmarks by introducing specific
forms of structural irregularity or reasoning com-
plexity (He et al., 2024; Wu et al., 2025d; Zhang
et al., 2025a; Wu et al., 2025¢). While these bench-
marks shed light on several important challenge
types, the coverage of table phenomena and rea-
soning demands observed in real-world settings
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https://github.com/ICKE-AHU/LLM-Reasoning-Group/tree/main/CompTab

remains incomplete. Therefore, there remains a
strong need for a benchmark that more compre-
hensively evaluates LLMs on real-world complex
reasoning and irregular tables.

Motivated by this need, we propose CompTab, a
comprehensive benchmark for systematically eval-
uating LLM based TableQA under complex rea-
soning and irregular table scenarios commonly en-
countered in real-world applications. In Figure 1,
CompTab explicitly targets six representative types:
ambiguity, multi-hop reasoning, transposed tables,
merged cells, missing values, and outliers, cover-
ing diverse structural, content-level, and reasoning
difficulties. To ground the benchmark in realis-
tic settings, we collect seed tables from multiple
domains and scale data diversity through a con-
trolled LLM-based generation pipeline, coupled
with rigorous human verification to ensure struc-
tural validity, answerability, and type fidelity.

Beyond benchmarking, we propose a two-stage
training framework to improve LLM generaliza-
tion in such settings. We construct CompTabln-
struct, an instruction corpus integrating textual Di-
rect Prompting (DP) reasoning (Liu et al., 2024)
and executable Python Agent (PyAgent) traces
(Liu et al., 2024). Models are first adapted via
supervised fine-tuning on DP trajectories and then
aligned with agent-level decisions through direct
preference optimization, resulting in a model we
refer to as CompTabLLM.

Extensive evaluations on CompTab across a wide
range of open-source and closed-source LLMs
reveal clear limitations, while CompTabLLM
achieves consistent improvements, validating the
effectiveness of the proposed framework.

Our contributions are summarized as follows:

* A Realistic and Challenging TableQA Bench-
mark: We introduce CompTab, a comprehen-
sive benchmark that systematically covers six
real-world challenge types, including ambi-
guity, multi-hop reasoning, transposed tables,
merged cells, missing values, and outliers. It
enables systematic evaluation of LLM perfor-
mance on complex and irregular tables.

* Training Framework for Improved Generaliza-
tion: We propose a framework that improves
LLM generalization in challenging TableQA
scenarios by combining Direct Prompting su-
pervision and PyAgent-level preference align-
ment, resulting in CompTabLLLM.

* Comprehensive Evaluation: We evaluate 38
representative open-source and closed-source
LLMs and CompTabLLM on CompTab. The
results reveal clear limitations on irregular
and complex tables and validate the proposed
training framework.

2 Construction of CompTab

This section describes the data construction
pipeline of CompTab. As illustrated in Figure 2, the
benchmark is built through three stages: seed col-
lection, controlled table—question generation, and
human-verified answer annotation. Each stage is
designed to ensure realistic table structures, diverse
reasoning patterns, and reliable evaluation signals.

2.1 Formal Definitions of Data Types

Ambiguity. A sample is labeled as Ambiguity
if there exist multiple valid interpretation paths
{m1, m} over (T, Q) such that:

A, # Ary, )

and both interpretations are semantically consistent
with the table and question. In this case, the an-
swer is not uniquely identifiable without external
information.

U 7& T2,

Multi-hop Reasoning. A question is labeled as
Multi-hop if solving it requires more than three
interdependent reasoning steps. Let a reasoning
chain be represented as a sequence of operations:

-5 0n), 2

where each operation o; depends on the output of
previous steps. The sample is classified as Multi-
hop if n > 3. These operations may include fil-
tering, aggregation, comparison, and cross-row or
cross-column interactions.

R = (01,09, ..

Transposed. A table is Transposed if its schema
deviates from the standard row-entity and column-
attribute layout, entities appearing as columns.

Merged Cells. Tables containing visually or
structurally merged cells, where semantic informa-
tion spans multiple rows or columns and requires
reconstruction of implicit hierarchical structure be-
fore correct reasoning.

Missing Values. Tables containing explicit miss-
ing entries (e.g., blanks or placeholders), where
the question requires reasoning or filtering under
incomplete information.
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Ambiguity

Transposed Table

Missing Values

Farm | Location Date Quantity Attribute P001

P002

P003 P004 Account [Card_Type| Annual_Fee | Limit |Status

F001 | Springfield | 03/04/2024 | 2.5K Name Sarah

Johnson

CC-4401
CC-4402

15000 Active

Active

Premium
Standard

300.00
0.00

Anna David

F002 | Lincoln | 05/06/2024 | 150 ind_Speed| 1.2

12

08 12 CC-4403 | Premium | 300.00 Active

F003 | Springfield | 04/03/2024 | 3000 Team  |Lightning

Thunder

Storm |Lightning CC-4404 | Business 180.00 Active

F004 Delta 01/10/2024 1.2K

Points 10

6

CC-4406
CC-4407

300.00
180.00

Active
Active

10 8

Business

Q: How many kilograms of fertilizer were applied at Springfield

farms in March 2024? If the information is ambiguous or cannot be

Lightning?
determined, answer 'Not answerable'.

Q: What is the total championship points earned by Team

: How many Premium credit card accounts are currently active?

Multi-hop

Merge Cells

Qutliers

Farm | Crop |Yield PerAcre

Prgani]
Yes

Irrigation

F001 |Wheat 45 Drip Student [Department

Course Code

Credits |Grade D Daily Consultation Fee

F004 |Wheat 38 Drip No

CS101

01 3 $150

3

F008_|Wheat 52

41

Sprinkler | No

Flood

Computer

STUO001 3
Science

CS201

% | 5r 02 7 $200

Yes

F012 |Wheat
F016 |Wheat 41 Drip No

CS301

03 5 $175

3 A-

F017_| Rice 91 Flood | No

MATH101

04 2 $125

4

STU002

Q: Among farms that use either drip or pivot iffigation but are not organic

MATH201

05 158 $180

3 B+

certified, and have fertilizer costs above the average fertilizer cost of all

\wheat farms, what is the total Jield per acre for corn farms only?

Q: Which department has the highest average number of credits per

student enrolled?

Q: How many patients are taking more than 5 medications daily?

Figure 1: Six Types from realistic TableQA (Ambiguity, Transposed Table, Missing Values, Multi-hop reasoning,

Merge Cells, and Outliers) in CompTab.

QOutliers. Tables containing values that signifi-
cantly deviate from the local statistical distribution,
where the question involves reasoning based on
distributional properties or threshold judgments.

Category Overlap. The six data types are not
mutually exclusive, and a sample may exhibit mul-
tiple challenges. We adopt a primary-type annota-
tion principle, assigning each sample a dominant
category based on its primary source of difficulty.
For instance, Multi-hop emphasizes reasoning com-
plexity, while other categories focus on structural or
data irregularities. This design is motivated by the
observation that most existing benchmarks focus
on well-structured tables, where reasoning com-
plexity (e.g., multi-hop) is the dominant difficulty.
In contrast, real-world tables often involve irregular
structures and imperfect data.

2.2 Seed Collection

To ground the benchmark in realistic scenarios,
we curate a collection of seed table—question pairs
spanning 12 domains, as illustrated in Figure 4.
The tables are sourced from public reports, web
pages, and internal documents, and often exhibit
non-standard structures such as missing entries,
merged cells, transposed layouts, or extreme val-
ues. All tables are anonymized, with personal iden-
tifiers and sensitive information removed to ensure
privacy compliance. The accompanying questions
are derived from real user needs or practical analy-
sis scenarios, involving aggregation, comparison,

multi-step reasoning, and semantic ambiguity.

Each seed pair is manually annotated with a sin-
gle category to align with a targeted complexity or
irregularity type, with emphasis on structural valid-
ity, semantic clarity, and answer correctness. For
each category, we additionally prepare a small set
of canonical seed questions to guide the subsequent
controlled generation process.

2.3 Table and Question Generation

To scale the dataset while preserving type-specific
characteristics, we adopt a controlled LLM-based
generation strategy. Starting from the seeds, we de-
sign category-specific prompts and employ Claude-
sonnet-4-2025051 to generate table—question pairs.
Each prompt specifies the target challenge type and
includes annotated examples, guiding the model
to produce tables and questions with the desired
structural properties. Each generation round yields
one table with three associated questions.

The generation process follows two constraints.
Domain consistency requires generated tables to
remain within the semantic scope of the original
domain, preserving realistic entities and numeri-
cal patterns. Type fidelity enforces that each table
exhibits the defining characteristics of its assigned
complexity or irregularity type, such as inferable
missing values, identifiable outliers, or plausible
matches in ambiguous cases.

For quality control, we randomly sample 10%
of the generated data for manual inspection and
remove instances with structural errors, unanswer-
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Figure 2: An overview of the CompTab benchmark construction and the CompTabLLM training framework.

able questions, or incorrect type labels. This pro-
cess results in a curated benchmark that balances
diversity, realism, and annotation reliability.

2.4 Answer Generation

To ensure reliable evaluation, we adopt a rigorous
expert annotation protocol. Answers are provided
by 36 graduate-level annotators with domain ex-
pertise. Each question is independently solved by
two annotators, and disagreements are resolved
through discussion with a third annotator. This
process is iterated over multiple rounds until con-
sensus is reached, resulting in a high-confidence
ground-truth set.

Overall, five rounds of cross-validation and re-
finement are conducted to ensure correctness and
consistency. By combining LLM-based genera-
tion with multi-stage human verification, CompTab
scales while maintaining fidelity to real-world com-
plexity and annotation reliability.

2.5 Dataset Statistics

Compare with other datasets. The final dataset
contains 614 tables and 1,517 question—answer
pairs. As shown in Table 1, most prior benchmarks
focus on clean or mildly structured tables (Pasupat
and Liang, 2015; Iyyer et al., 2017; Chen et al.,
2019; Nan et al., 2022; Chen et al., 2021; Katsis
et al., 2022; Zhong et al., 2017; Yu et al., 2018;
Li et al., 2023) and cover only a limited subset of
real-world types (He et al., 2024; Wu et al., 2025d;

Datasets AM TT MV MH MC OU
WTQ X X X X X X
SQA X X X X X X
TabFact X X X X X X
FeTaQA X X X v X X
FinQA X X X v X X
AIT-QA X X X v X X
WikiSQL X X X v X X
Spider X X X v X X
Bird X X X v X X
Text2 Analysis X X X v X v
TableBench X X X v X v
T2R-bench X v X v v X
RealHiTBench X X X v v v
CompTab v v v v 4 v

Table 1: Comparison with existing datasets in categories.
AM denotes Ambiguity, TT denotes Transposed Table,
MV denotes Missing Value, MH denotes Multi-hop,
MC denotes Merge Cells, and OU denotes Outliers.

Zhang et al., 2025a; Wu et al., 2025c¢). In contrast,
CompTab provides a more comprehensive coverage
of six major types of table irregularities, enabling
systematic evaluation of LLM performance under
diverse structural distortions.

Types and Complexity. Figure 3 presents the
type distribution and average reasoning steps in
CompTab. Although the generation pipeline targets
balanced coverage, the final distribution is mildly
skewed by quality control, with Ambiguity and
Missing Value less frequent due to stricter filtering.
The average reasoning steps reflect the intrinsic
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Figure 3: Types and Complexity across CompTab.

complexity of each type, with Multi-hop and Merge
Cell involving longer reasoning chains due to multi-
step aggregation and structural inference. Overall,
CompTab covers diverse table phenomena with
varying levels of reasoning complexity.

Domains. Figure 4 presents the domain distri-
bution. Manual inspection filters out samples with
domain mismatch or unrealistic numerical patterns.
As a result, domains such as healthcare, agricul-
ture, science, transportation, education, and finance
each occupy roughly 8% of the dataset, with minor
variation. This distribution preserves broad domain
coverage while maintaining strict quality standards.

8.79%  7.50%
0 Healthcare
8.63% 8.14% Agricultural Production
B Scientific Research
8.14% Transportation

Education Courses
Financial Services
Retail E-commerce
Competitive Sports
Environmental Monitoring
Government Affairs
8.31% Human Resources

Cultural Entertainment

8.14%
8.47%

8.47%
8.47% | 8:47%

Figure 4: Domain distribution across CompTab.

3 Training Framework and
CompTabLLM

To improve LLM generalization under complex
and irregular TableQA settings, we propose a two-
stage training framework based on CompTabln-
struct. We refer to the resulting adapted model as
CompTabLLM, as illustrated in Figure 2.

3.1 Instruction Corpus CompTabInstruct

We construct an instruction corpus to provide the
two complementary supervision signals required by

the framework. The underlying table-question pairs
follow the same seed collection and controlled gen-
eration pipeline as CompTab, ensuring coverage
across the six categories and diverse table struc-
tures. Instead of relying on human annotation, we
automatically generate instruction trajectories us-
ing two reasoning paradigms.

Direct Prompting (DP). DP prompts the LLM
to generate a natural-language reasoning trajectory
followed by a final answer:

DP: M(T,Q) — {ri,ro,...,ri, APTY (3)

where 1" denotes the input table, () the question,
{r;} the intermediate reasoning steps, and APF
the final textual answer.

Python Agent (PyAgent). PyAgent prompts the
LLM to generate an executable Python program
operating on the table:

PyAgent: M(T,Q) — P =5 ATV (4)

where P consists of table-access and computation
operations (e.g., lookup and aggregation), and A”Y
is the execution result. The generated code assumes
the table is represented as a pandas DataFrame and
is executed in a sandboxed environment with a
fixed setup to ensure safety and reproducibility.

Together, these paradigms provide complemen-
tary supervision for linguistic reasoning and exe-
cutable table operations.

For each table—question pair (7,Q), both
paradigms are executed independently.  DP
and PyAgent are each run six times, yielding
{(RPP, APP)}S_ | and {(P;, A]")}%,, respec-
tively. To reduce noise from stochastic generation
and execution errors, we retain only instances for
which at least four out of six runs produce consis-
tent outputs. While this filtering does not guarantee
perfect correctness, prior work shows that struc-
tured reasoning traces can still improve accuracy
and generalization even with imperfect answers
(Gandhi et al., 2025). The resulting DP and PyA-
gent together constitute CompTablnstruct, which
is used in the two-stage training framework.

3.2 Two-Stage Training Framework

Building on CompTablnstruct, we propose a two-
stage training framework to obtain CompTabLLM.
The framework progressively aligns LLMs with
textual DP reasoning patterns and executable PyA-
gent decision processes, as illustrated in Fig-
ure 2. We instantiate this framework on two
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representative base models, Llama3.1-8B and
Qwen3-8B, yielding CompTabLLM jama3.1-g8 and
CompTabLLMqwen3-gg- These models are chosen
as they represent two widely used and architec-
turally distinct open-source LLM families.

Stage I: Supervised Fine-Tuning on DP Data.
We first perform supervised fine-tuning using the
DP subset of CompTablnstruct. The training ob-
jective maximizes the likelihood of the generated
reasoning trajectory and the final answer:

Lopr=— Y.

(T7Q7RDP 7A)

lOg P@(RDva | T? Q)

&)
This stage encourages LLM to acquire stable and
interpretable natural-language reasoning behaviors.

Stage II: Direct Preference Optimization on
PyAgent Data. While supervised fine-tuning pro-
motes coherent reasoning, it does not explicitly
discourage reasoning paths that lead to incorrect
computations. To further align the model with
verifiable outcomes, we apply Direct Preference
Optimization (DPO) on the PyAgent subset. For
each question, preferred and rejected traces are
constructed based on execution correctness:

st =1log Pg(R}‘fy | T,Q)
s~ =log Py(Rp, | T, Q) (6)
Lopo = —E[logo(B(s™ —s7))]

where o(-) denotes the sigmoid function and
controls the preference margin. This stage further
guides the model toward reasoning trajectories that
lead to correct and executable solutions.

4 Experiments

4.1 Evaluation Metrics

Following the classical setting in WikiTableQues-
tions (Pasupat and Liang, 2015), TabFact(Chen
et al., 2019) and prior LLM-based TableQA works
(Yang et al., 2025b,c; Zhang et al., 2024), we de-
sign the evaluation to locate answers either in table
or as the result of a numerical computation. There-
fore, we adopt exact match, which is judged correct
if and only if it exactly matches the gold answer.

4.2 LLMs

We evaluate 38 LLMs with different sizes, in-
cluding general/code LLMs, open-source/closed-
source LLMs. For open-source LL.Ms, we eval-
uate on Qwen2s (Team et al., 2024), Qwen3s

(Yang et al., 2025a), QwQ-32B I Llama2s (Tou-
vron et al., 2023), Llama3s (Dubey et al., 2024),
Llama3.1s, CodeLlamas (Roziere et al., 2023),
Deepseek-Coders (Guo et al., 2024), Deepseek
LLMs (Bi et al., 2024), Kimi-K2 (Team et al.,
2025), MiniMax-M1 (Chen et al., 2025), Wiz-
ardLM (Xu et al., 2023), Gemma 2 Mistral (Bres-
sand et al., 2023) and StructLMs (Zhuang et al.,
2024). For closed-source LLLMs, we choose GPTs
(Brown et al., 2020; Achiam et al., 2023) (GPT4,
GPT5, o1), GLMs (GLM et al., 2024) (GLM 4.6,
GLM 4.7) , Claude-4 3, ERNIE-4.5-Turbo * and
Geminis (Team et al., 2023) (Gemini 2.5, Gemini
3). Furthermore, we finetune CompTabLLM based
on Llama3.1-8B and Qwen3-8B to further explore
the TableQA capabilities of LLMs.

4.3 Experimental Setup

All LLMs are evaluated using unified DP and PyA-
gent templates to ensure fair comparison. Exper-
iments on open-source LLMs are conducted on
eight NVIDIA RTX 4090 GPUs, while closed-
source LLMs are accessed via their official APIs.

For supervised fine-tuning on CompTablnstruct,
we use the Adam optimizer with a batch size of 512
and a maximum sequence length of 4096. Training
follows a cosine annealing schedule with an initial
learning rate of 3 x 10~° for 5 epochs. For DPO,
we set the learning rate to 1 x 1075 with 8 = 0.3
and train for 5 epochs. These hyperparameters are
applied consistently across all LLMs.

4.4 Main Results

Closed-source LLMs. In Table 2, we observe
consistent performance gaps between DP and PyA-
gent, with DP achieving higher accuracy on struc-
turally difficult tables. Closed-source LLMs exhibit
the strongest overall performance. Gemini-3-pro-
preview attains the highest average accuracy and
remains stable across categories, followed closely
by GLM4.7, GPT-4, and GPT-5.

Open-source LLMs. Open-source LLMs show
substantially larger performance variance. Mod-
els such as DeepSeek-V3, DeepSeek-R1, Qwen3-
32B, and QwQ-32B achieve the strongest results,
while smaller models (e.g., Qwen2-7B and Llama3-
8B) perform poorly, highlighting the importance
of model scale. PyAgent reasoning is notably un-

"huggingface.co/Qwen/QwQ-32B-Preview

Zai.google.dev/gemma

3www-cdn.anthropic.com
*yiyan.baidu.com
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Table 2: Exact match (%) of different LLMs on CompTab across six categories.

Ambiguity  Transposed

Outliers

Merge Missing Multi-hop

Model DP PyAgent DP PyAgent DP PyAgent DP PyAgent DP PyAgent DP PyAgent Avg.
Human Performance |  99.34 92.11 75.43 74.12 94.08 6034 | 8257
Close-source In Context Learning Methods
GPT-4 32.16 29.59 35.99 30.76 16.14 14.20 42.84 54.15 39.47 22.37 50.62 42.36 34.22
GPT-5 33.36 42.22 38.60 11.30 54.96 18.92 63.82 18.39 44.74 11.92 58.89 14.15 34.27
GPT-ol 36.18 46.05 39.18 9.65 57.51 11.54 63.82 11.47 44.74 9.21 55.12 15.35 33.32
GLM 4.6 42.11 26.97 38.39 11.70 49.58 21.25 62.94 3.82 4474 7.89 52.36 22.44 32.02
GLM 4.7 27.63 36.84 33.92 28.07 49.86 37.96 62.94 3.33 47.37 22.37 42.13 24.49 34.74
Claude-4 25.66 3.61 36.84 6.64 4448 821 52.65 2041 42.11 991 50.39 9.93 25.90
ERNIE-4.5-Turbo 30.26 29.61 28.36 4.97 28.33 8.78 3147 0.88 26.32 14.47 30.31 23.23 21.42
Gemini-2.5 49.34 29.27 39.18 12.10 52.41 14.86 62.94 19.75 40.79 11.00 43.31 13.46 32.37
Gemini-3-pro-preview [13.82 21.05 33.92 25.44 50.00 41.64 63.53 16.18 46.05 51.32 42.68 22.05 35.64
Open-source In Context Learning Methods
Qwen2-7B 511 274 850 495 484 956 646 0.00 5.18 580 2.00 6.03 5.10
Qwen2.5-7B 26.61 199 11.83 848 3.01 1097 4.12 0.00 4.63 658 094 3.32 8.37
Qwen3-8B 22.37 34.87 3275 731 49.01 12.75 56.76 10.71 35.53 6.58 47.24 10.53 27.20
Qwen3-14B 30.87 35.36 38.89 6.43 47.58 13.17 55.88 14.72 39.47 5.88 57.45 10.84 29.71
Qwen3-32B 34.79 36.86 39.77 8.06 55.12 13.88 61.04 14.55 46.05 6.58 57.06 14.15 32.33
QwQ-32B 43.24 3829 51.17 7.02 55.82 14.58 65.88 14.55 46.05 6.58 49.03 12.89 33.76
Qwen3-Coder-480B  [31.58 33.04 44.48 55.00 32.89 23.62 34.87 10.82 14.16 19.41 6.58 8.27 26.23
Llama2-7B 855 395 029 000 1.13 057 1.18 0.00 0.00 263 0.79 0.00 1.59
Llama3-8B 1195 287 269 060 1.67 213 529 3.64 4.66 488 1.13 0.00 3.59
Llama3.1-8B 11.02 2.87 329 060 3.57 425 579 364 6.12 3.09 115 292 4.03
Llama3.1-70B 395 1579 6.14 146 453 425 1324 3.64 132 658 157 3.15 547
CodeLlama-7B 921 7.24 146 000 057 345 324 364 132 263 1.10 0.00 2.82
CodeLlama-13B 1513 11.18 1.75 193 255 3.12 559 0.00 263 263 0.00 1.30 3.98
CodeLlama-34B 724 14.12 234 208 142 213 412 000 526 921 0.00 1.57 4.12
Deepseek-Coder-1.3B |8.55 8.70 0.29 0.00 1.70 340 324 6.18 132 132 079 1.18 3.06
Deepseek-Coder-6.7B |8.55 4.61 234 058 227 170 735 219 395 395 197 197 3.45
Deepseek-Coder-33B  |17.11 19.74 9.94 322 4.53 8.78 1324 941 1579 921 197 394 9.74
DeepSeek-Coder-V2  [6.58 395 6.14 3.22 1048 10.76 1559 941 6.58 658 354 5.12 7.33
Deepseek V3 35.53 32.24 39.77 14.33 45.04 27.76 60.88 49.41 36.84 25.00 44.49 37.80 37.42
Deepseek R1 44.08 46.05 38.30 9.36 53.82 1530 61.76 6.47 44.74 9.21 6220 12.20 33.62
Kimi-K2 23.03 24.34 33.33 10.53 44.19 15.30 59.12 17.06 42.11 9.21 46.06 11.02 27.94
MiniMax-M1 27.63 23.03 33.04 9.06 50.71 17.85 60.88 6.18 46.05 11.84 55.12 10.24 29.30
WizardLM-13B 11.18 724 175 058 255 028 4.12 0.00 526 1.32 0.39 0.00 2.89
Gemma-7B 23.03 329 1.75 029 170 198 235 0.00 132 395 0.00 1.57 3.44
Gemma2-9B 11.18 855 146 146 085 283 206 0.00 395 263 039 0.79 3.01
Gemma2-27B 855 724 146 1.17 227 255 6.18 0.00 263 0.00 0.00 3.28 2.94
Mistral-7B 1.97 461 4.09 146 1.70 425 1324 824 263 658 157 236 4.39
StructLM-13B 329 0.00 0.58 029 000 397 1.18 0.00 132 7.89 0.00 2.36 1.74
StructLM-34B 0.66 1.32 0.00 0.58 0.00 3.68 0.29 0.00 0.00 395 0.00 7.09 1.46
Open-Source Fine-Tuning Methods
CompTabLLM jama3.1-88/19.74 19.08 29.82 6.73 25.78 13.60 50.59 12.65 30.26 6.58 22.44 7.09 [20.36(116.33)
CompTabLLMquwen3-sg 44.74 44.74 32775 8.19 47.88 16.43 60.29 8.82 40.79 5.26 56.30 18.11 |32.03(14.83)

stable: even capable models suffer large drops on
Missing and Transposed tables, primarily due to
code generation errors, including syntax and log-
ical mistakes when handling irregular table struc-
tures. DeepSeek models exhibit the largest DP—
PyAgent divergence: despite strong DP accuracy
comparable to closed-source LLMs, their PyAgent
performance degrades sharply on several categories.
Overall, robust Python-based table reasoning re-
mains a key challenge for open-source LLMs.

CompTabLLM. CompTabLLLM consistently im-

proves over its base models across all challenge
types, with particularly strong gains on Transposed,
Missing, and Multi-hop categories. These results
indicate that training on structurally diverse and ir-
regular examples effectively enhances performance
and mitigates the fragility of PyAgent execution.

4.5 Ablation Experiment

SFT Bridges the Distribution Gap, DPO Refines
Decision Alignment. The ablation results in Ta-
ble 3 confirm the complementary roles of SFT and
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Table 3: Ablation results on CompTab.

Model Ambiguity  Transposed Outliers Merge Missing Multi-hop A
DP PyAgent DP PyAgent DP PyAgent DP PyAgent DP PyAgent DP PyAgent Ve
CompTabLLMj jama31-88/19.74 19.08 29.82 6.73 2578 13.60 50.59 12.65 3026 6.58 2244 7.09 |20.36
w/o SFT 658 461 0.88 000 198 255 147 265 263 263 039 157 |233
w/o DPO 15.13 19.08 26.61 4.09 23.80 11.33 49.12 11.47 2632 7.89 18.50 7.87 |18.43
CompTabLLMquyenssg (4474 44.74 32775 8.19 47.88 1643 6029 882 40.79 526 5630 18.11 |32.03
w/o SFT 21.71 19.08 1491 8.07 23.51 1275 3324 7.74 1447 6.58 591 542 |1445
w/o DPO 42.11 40.79 3392 7.02 47.88 1558 61.76 7.65 40.79 5.26 53.54 12.60 |30.74

DPO in the two-stage framework. Removing SFT
causes substantial performance degradation across
all categories, reflecting a pronounced distribution
shift introduced by CompTab. In contrast, remov-
ing DPO results in smaller but consistent drops,
with average accuracy decreasing by 1.3—1.9 points
(1.6 points on average) across the two backbones.
This pattern aligns with the role of DPO as an agent-
level alignment stage that refines decision quality
after SFT-based distribution adaptation.

4.6 Fine-Tuning analysis

Figure 5 presents the training dynamics of our two-
stage, where the LLM is first SFT on DP data and
then optimized with DPO on PyAgent data.

SFT Stage. Across the 3k/6k/10k settings, all
curves show rapid loss reduction and stable con-
vergence. Larger SFT datasets lead to smoother
trajectories: the 10k run is the most stable, while
3k exhibits mid-stage oscillations, indicating that
scaling SFT data improves both fitting and initial-
ization for preference optimization.

DPO Stage. All settings demonstrate consistent
loss decreases, with the 3k run dropping fastest
due to its smaller size. Reward accuracy quickly
approaches 1.0 across all settings, whereas reward
margin distinguishes dataset scales more clearly.
The 10k setting achieves the highest and most sta-
ble margins, followed by 6k and 3k, suggesting that
larger preference datasets help the LLM internalize
preference intensity rather than merely separating
chosen from rejected responses.

Overall, smaller datasets converge faster, while
larger datasets produce smoother curves and
stronger reward margins, underscoring the impor-
tance of data scale for stable optimization.

4.7 Performance on Question Type

Analysis by Question Type. Figure 6 groups ques-
tions by type for the two CompTabLLM variants
and reveals several patterns. First, the base capa-

bility of each variant strongly influences its behav-
ior across types, indicating that underlying LLM
strength remains a primary factor. Second, DP per-
forms better on total/sum and how many questions,
as these tasks require global aggregation and bene-
fit from holistic, context-driven reasoning over the
entire table. Third, PyAgent achieves higher accu-
racy on conditional and what questions, since these
tasks often reduce to condition filtering or record
selection that Python execution handles precisely.
Thus, DP favors global reasoning, while PyAgent
excels at condition-based selection, and combining
the two can further improve overall performance.

5 Related Work

Early TableQA datasets such as WTQ (Pasupat and
Liang, 2015), TabFact (Chen et al., 2019) and re-
lated work (Zhong et al., 2017; Yu et al., 2018;
Li et al., 2023; He et al., 2024; Iyyer et al., 2017;
Zhang et al., 2023) have been widely studied, but
their reasoning requirements remain relatively sim-
ple and do not reflect the complexity of real-world
analytical tasks. Subsequent studies such as Fe-
TaQA (Nan et al., 2022), AIT-QA (Katsis et al.,
2022), and others (Wang et al., 2025c; Li et al.,
2025; Qiu et al., 2024) have taken meaningful
steps toward closing this gap by increasing rea-
soning complexity (Pramanick et al., 2024; Wu
et al., 2025a; Zhou et al., 2024; Tang et al., 2024)
and better approximating real analytical workflows
(Ahmad et al., 2025; Ji et al.; Roychowdhury et al.,
2024; Deng et al., 2024). However, most datasets
still rely on clean and standardized tables and there-
fore fail to capture the irregular structures com-
monly found in practice. Recent benchmarks in-
troduce 2-4 structures (He et al., 2024; Wu et al.,
2025d; Zhang et al., 2025a; Wu et al., 2025c¢), but
they do not cover other irregularities such as miss-
ing values, value outliers, or ambiguous entries. As
a result, the gap between benchmark settings and
real-world TableQA remains significant.
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Figure 6: Accuracy of CompTabLLLM on question types.

To address this gap, CompTab integrates six rep-
resentative real-world TableQA types and provides
a benchmark that jointly targets complex reasoning
and irregular table structures.

6 Conclusion

We propose CompTab, a benchmark for TableQA
under complex reasoning and irregular table, cov-
ering six representative real-world types. We fur-
ther construct instruction data with textual and exe-
cutable reasoning traces and propose a two-stage
training framework to improve generalization in re-
alistic scenarios. Evaluations show that LLMs still
struggle with structural noise and complex reason-
ing, while CompTab provides a unified benchmark
to support future research on robust TableQA.

7 Limitations

While CompTab provides a comprehensive bench-
mark for complex and irregular TableQA, several
limitations remain. Although it covers six repre-
sentative types, other challenges such as OCR arti-
facts, layout misalignment, and multi-table linking

are not considered. In addition, our evaluation
focuses on single-table, leaving multi-table and hy-
brid structured—unstructured reasoning for future
work.

8 Ethical Considerations

All tables used in CompTab are collected from pub-
licly available sources, authorized industry data,
or produced through controlled LLM-based gen-
eration. All data are de-identified and manually
reviewed to remove sensitive or proprietary infor-
mation and ensure compliance with copyright and
privacy requirements. Instruction data derived from
LLM outputs may contain minor biases or inaccura-
cies; we apply systematic filtering and human veri-
fication to mitigate such issues. CompTabLLM is
intended solely for academic research on table rea-
soning and should not be deployed in high-stakes
decision-making scenarios. We encourage respon-
sible use of the dataset and models.
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A Dataset Case

We provide representative cases for each data
type to illustrate the diversity and realism of the
CompTab dataset.

arm Machinery Operation Logs

0
TRC-001 125 52 No
TRC-002 183 1428 Yes 92
TRC-003 98 7.4 No 79
TRC-008 152 s Yes 81
TRC-005 21 1563 No 95
TRC-006 147 105 Yes 8
TRC-007 na %9 No 4
TRC-008 168 124 No 76
TRC-009 194 07 Yes 89
TRC-010 196 1352 No 01
TRC-011 23 1784 Yos 93
TRC-012 89 621 No 78
TRC.013 7.4 1258 Yes 86
TRC-014 107 na No 82
TRC-015 212 1489 Yes 94
TRC-016 205 1437 No 89
TRC-017 Foriizing 28 a5 Yos 83
TRC-018 Ploving 11 %2 No 77
Questi
conditions), foriigation, what for machin
that operated more than 15 hours?
Reasoning:
1) Based on the conditi bovess. both
conditions)" the machines that qualiy are TRC-001, TRC-004, TRC-005, TRC-010, TRC-016, and TRC-017.
2) for iigation’, TRC-005 and

3) Next, applying “operated more than 15 hours” removes TRC-001 and TRC-017.Therefore, the machines.
that satisty all criteria are TRC-004 and TRC-010.

4)For TRC-004, the fuel consumption per houris calculated as 98.6 / 15.2 = 6.49, and for TRC-010, itis
135.2/19.6 = 6.90.The final average fuel consumption per hour is (6.49 + 6.90) /2= 6.695.

Gold Answer: 6.695

Figure 7: Multi-hop case from the CompTab dataset.

Titte: Credit Card Account Details

Cordholder Name  SorahChen  MarcusRivera  ElenaVolkoy  DavidKim  Cardholder_Neme
Card_Type Platinum Gola Standarg Platinum Cord Type
Gredit_Limit 15000 8500 3000 12000 Gredit_Limit
Gurrent Balance 425075 2180.40 890.25 765030 Gurrent Balance
Payment Due_Date  2024:0215 20200218 20200212 20240220 Payment_Due_Date
Minimum_Payment 127.52 65.41 267 22951 Minimum_Payment
Interest Roto 1899 2149 2099 1799 Interest_ Rate
Last_Payment Amount 50000 150,00 75.00 80000 Last Payment Amount
Last Payment Date 20240118 20200122 20240115 20240125 Last Payment Date
Avallable_Gredit 10749.25 6319.60 210075 434970 Avalable_Credit
Account Status Active Active Active Active Account Status
Annual_Feo 195 o o 195 Annual_Fee
Rewards Points 8120 250 1180 12750 Rewards_Points
Cash_Advance_Limit 7500 4250 1500 6000 Cash Advance Limit
Account 1D cc-as91 ce7623 cc-2845 cc-9017 Account_ID
Gordholder Name  SorahChen  MarcusRivera  ElenaVokov  DavidKim  Cardholder_Name
Gord Typo Platinum Gold Standard Platinum Cord Type
Crdit Limit 15000 8500 3000 12000 Grdit_Limit
Question: 1
Reasoning:
1) We need to compare the values in the Annual_Fee row.
by identical annual fees yields the following: Annual Fee =

(GC-4891) and David Kim (CC-8017), Annual Fee = 95: Marcus Rivera (CC-7623), Annual Fee = 0: Elena
Volkov (CC-2845)
3) Therefore, Sarah Chen and David Kim foo $195).
‘Gold Answer: Sarah Chen, David Kim

Figure 8: Transposed case from the CompTab dataset.

ly Weather Station Readings

Ws001 Downtown 25 66 123 21
Ws002 Harbor District 241 7 158 00
Ws003 Industrial Zone 218 65 97 15
Ws004 Residentiol Area 22 1) 12 32
Ws005 Airport 256 56 18.4 05
Ws006 University Campus 229 69 134 28
Ws007 Gty Park 215 7 89 a1
Ws008 Shopping Mall 247 66 146 12
Ws009 Hospital District 28 7 108 27
Ws010 Sports Complex 221 7 162 08
wso11 Beach Front 263 7 21 00
wso12 Mountain Base 184 8 73 56
Wso13 Business District 249 63 12.8 19
w014 Suburban Mal 226 69 "7 24
Wso1s Train Station 25.1 65 179 11
Wso16 Fire Station 227 7 9.4 35
wso17 Library 219 66 126 20
wso18 Factory District 4568 64 143 17

Question: What is the average temps across tations?

Reasoning:

1) The temperature recorded at WS018 is 456.8°C, which and

the calculation,
) Sum all valid temperature values:22.5 + 24.1+21.8 +23.2+ 25,6 +22.9+ 21.5+ 24.7+ 23.84 221+ 26.3
+18.4+24.9+23.6+25.1422.7+21.9=442.7
3) Compute the average:442.7/17 = 23.3
Gold Answer: 23.3

Figure 9: Outliers case from the CompTab dataset.

Titte: Farmland Weather Monitoring Data

D
03/04/2024 25 152 12 Springfield
04/03/2024 187 89 15 Detta
FMo03 05/042024 251 o 8 Franklin
FM004 ow/0ar2024 198 27 1 Lincoln
FMO0S 061042024 213 125 10 Springfield
FM00S 04/03/2024 172 318 2 Center
FM007 0710412024 26 54 14 Detta
FMo0s 03/0412024 209 183 16 Frankiin
FMO0S 08/042024 237 21 o Lincoln
FMOT0 04/03/2024 165 284 2 Zone A
FMOT1 09/04/2024 262 08 " Springfield
FMo12 03/04/2024 27 146 18 Detta
FMO13 1010472024 194 259 19 Franklin
FMO14 04032024 181 32 2 Lincoln
FMOTS 1170472024 28 73 2 Center
FMOT6 03/042024 203 167 ” Zone A
FMOT7 1210412024 259 32 8 Springfield
FMOTe 04/03/2024 7.8 201 2 Detta

n: 2024 If the date format is ambiguous and
cannot be determined, please answer 'Not answerable'.

v 4/03/2024 repr Aprit3rd. the

Gold Answer: 17

Figure 10: Ambuguity case from the CompTab dataset.

Titte: Regional Livestock Production Summary

Farm Region t
Holstein 18500 3200
Cattle
Jorsey 12600 2400
Northern Valiey
Merino o 1600
Sheep
Romney o 1280
o Holstein 24000 4100
Angus o 3500
Central Plains
ot Nubian 150 2250 900
Boer 120 1800 720
an Holstein 200 15000 2800
Soutmem i e Hereford 240 o 3000
uihem il . Dorset 350 o 1400
eep Sutfolk 290 o 1160
unt Jersey 160 11200 2100
Easten Coast Holstein 190 14250 2600
Goats Alpine. 10 1650 660
Cattle Angus 300 o 750
Western Ridge . Corriedale 380 o 1520
° Leicester 220 o 880
Question: total head count of U breeds?
Reasoning:
include C: 3 milk

production values are 0 in the table).

) farm region gives the
Northern Valley: 250 + 180 = 430, Central Plains: 320 + 150 + 120 = 590, Southern Hills: 200, Eastern
Coast: 160+ 190 + 110 = 460, Western Ridge: 0.
3) The highest total is achieved by Central Plains.
Gold Answer: Central Plains

Figure 11: Merged cell case from the CompTab dataset.

Titte: E-commerce Product Reviews Dataset

Po01 Wireless Bluetooth Headphones  Electronics a5 1250 89.99
Po02 Organic Cotton T-Shirt Clothing a2 340 2480
Po03 ‘Smart Fitness Watch Electronics a7 2100 199.99
Po04 Yoga Mat Premium Sports 680 4599
P005 Coffee Maker Delure Home & Kitchen a1 890 12099
P00S Running Shoes Pro sports a8 1560 11999
Po07 Wireless Phone Charger Etectonics a3 420 29.99
Poos Ceramic Dinner Set a4 310 7998
P009 Blustooth Speaker Portable Electronics a8 1890 69.99
Po10 Memory Foam Pillow Home & Kitchen 40 520 39.99
po11 Gaming Mouse RGB Etectronics as 780 4999
pot2 Stainless Steel Water Bottle sports a3 1999
P13 LED Desk Lamp. Home &Kitchen a2 290 3499
Po14 Wireless Earbuds Pro. Electronics a5 1420 14999
Po15 Bamboo Cutting Board Home & Kitchen a1 180 2299
Po16 Fitness Resistance Bands sports a4 650 1699
po17 Smart Home Hub Electronics a2 a0 s0.98
Pot8 Organic Face Cream Beauty a3 240 3250

Question: What s the total number of reviews for all Home & Kitchen products?

Reasoning:

1) Identify the products whose category is “Home & Kitchen”: P00S, PO10, P013, and PO15. In addition,

PO can be inferred to belong to *Home & Kitchen” based on its product name Ceramic Dinner Set.
Review_Count: 180=21%0.

2
Gold Answer: 2190

Figure 12: Missing value case from the CompTab
dataset.

B Joint Reasoning

Joint Reasoning via DP and PyAgent. As shown
in Figure 13, voting exhibits consistent trends
across LLMs. Larger models benefit most from
DP-dominant configurations (5,3), while Agent-
heavy voting (3,5) leads to sharp drops on Miss-
ing and Transposed tables due to execution sen-
sitivity, especially for DeepSeek-R1/V3. Overall,
balanced or DP-dominant voting improves perfor-
mance, whereas over-reliance on Agent outputs
amplifies errors under structural noise.
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Figure 13: Performance of open-source and closed-source LLMs under different DP-PyAgent voting configurations.




