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Abstract

We introduce TableVista, a comprehensive
benchmark for evaluating foundation models
in multimodal table reasoning under visual and
structural complexity. TableVista consists of
3,000 high-quality table reasoning problems,
where each instance is expanded into 10 distinct
visual variants through our multi-style render-
ing and transformation pipeline. This process
encompasses diverse scenario styles, robust-
ness perturbations, and vision-only configura-
tions, culminating in 30,000 multimodal sam-
ples for a multi-dimensional evaluation. We
conduct an extensive evaluation of 29 state-of-
the-art open-source and proprietary foundation
models on TableVista. Through comprehen-
sive quantitative and qualitative analysis, we
find that while evaluated models remain largely
stable across diverse rendering styles, they ex-
hibit pronounced performance degradation on
complex structural layouts and vision-only set-
tings, revealing that current models struggle to
maintain reasoning consistency when structural
complexity combines with visually integrated
presentations. These findings highlight critical
gaps in current multimodal capabilities, pro-
viding insights for advancing more robust and
reliable table understanding models.

Data TableVista
Code FlowRays/TableVista

1 Introduction

Tables serve as the bedrock of structured data
across diverse professional domains, yet the op-
timal way for foundation models to perceive and
reason over them remains an open question (Deng
et al., 2024; Zhou et al., 2025b; Zhao et al., 2024b).
Traditionally, table reasoning has relied on text-
based serialization (e.g., Markdown or HTML),

*Equal contributions. †Correspondence to: Yaoru Sun
(yaoru@tongji.edu.cn)

but this approach often collapses the rich, spatial-
structural information inherent in complex lay-
outs (Zhang et al., 2023; Yang et al., 2025b). In
contrast, multimodal table reasoning (i.e., treating
tables as visual artifacts) naturally preserves intri-
cate features such as multi-level headers, merged
cells, and multi-table alignments that are frequently
mangled in raw text strings (Zheng et al., 2024;
Zhao et al., 2024a; Zhou et al., 2025a). This visual
framing also better reflects real user interactions, in
which tables are typically encountered as rendered
documents or interface elements rather than as lin-
earized data. However, the extent to which current
multimodal foundation models can sustain consis-
tent reasoning across diverse visual presentations
remains underexplored, especially under structural
complexity and real-world perturbations.

To bridge this gap and provide a rigorous assess-
ment of multimodal table reasoning, we introduce
TableVista, a comprehensive benchmark designed
to evaluate foundation models under conditions
of high visual and structural complexity. Unlike
existing datasets that often rely on simplistic or uni-
form table renderings, TableVista comprises 3,000
high-quality reasoning problems, each expanded
into 10 distinct visual variants through a sophis-
ticated multi-style rendering and transformation
pipeline. This pipeline systematically introduces
diverse scenario styles, robustness perturbations,
and real-world environmental perturbations, result-
ing in a large-scale collection of 30,000 multimodal
samples. By providing such a multi-dimensional
evaluation suite, TableVista forces models to go
beyond basic OCR-like recognition and demands
a deeper synthesis of visual perception and logical
reasoning across heterogeneous presentations.

We conduct an extensive evaluation of 29 state-
of-the-art foundation models, including both pro-
prietary and open-source models. We find that
performance degrades sharply as structural com-
plexity and reasoning depth increase, with open-
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Benchmark Multimodal Structural Complexity Visual Diversity & Robustness

Hierarch. Long Multi Scenario Transformation Vision-Only

HiTab (Cheng et al., 2021) ✗ ✓ ✗ ✗ – – –
NeedleInATable (Wang et al., 2025a) ✗ ✓ ✓ ✗ – – –
MMQA (Wu et al., 2025) ✗ ✗ ✓ ✓ – – –
TableVQA-Bench (Kim et al., 2024) ✓ ✗ ✗ ✗ ✗ ✗ ✗

MMTabQA (Mathur et al., 2024) ✓ ✗ ✗ ✗ ✗ ✗ ✗

MMTab (Zheng et al., 2024) ✓ ✓ ✓ ✗ ✗ ✗ ✗

MMTBench (Titiya et al., 2025) ✓ ✓ ✓ ✗ ✗ ✗ ✗

TableVista (ours) ✓ ✓ ✓ ✓ ✓ ✓ ✓

Table 1: Comparison of TableVista with representative table understanding benchmarks. TableVista is the first
benchmark to integrate diverse structural complexities with a rigorous multi-style visual robustness pipeline.

source models exhibiting more severe collapse. Be-
yond reasoning, visual conditions introduce an ad-
ditional failure mode: while models remain stable
across rendering themes, they are brittle under re-
alistic perturbations such as fragmented layouts
and phone-captured tables, where errors are driven
more by spatial misalignment than text recognition.
Prompting further reveals a stark contrast—chain-
of-thought largely narrows the gap between open-
source and proprietary models, yet substantial dis-
parities re-emerge under direct-output prompting,
indicating limited internalization of multi-step tab-
ular reasoning. These findings highlight critical
bottlenecks in current multimodal models, particu-
larly in their ability to robustly anchor structured
reasoning in visual space.

2 Related Work

Table Reasoning Evaluation. Early evaluation
benchmarks for table reasoning primarily focused
on text-only serialization, addressing tasks like
question answering (Pasupat and Liang, 2015; Nan
et al., 2021; Zhao et al., 2023a,b) and fact veri-
fication (Chen et al., 2019). However, these uni-
modal benchmarks overlook the rich spatial struc-
ture inherent in visual layouts. Recent bench-
marks have begun to incorporate visual modali-
ties. For instance, TableVQA-Bench (Kim et al.,
2024) and MMTab (Zheng et al., 2024) utilize syn-
thetic rendering pipelines to evaluate visual rea-
soning capabilities. To account for richer table
content and visual elements, MMTabQA (Mathur
et al., 2024) introduces knowledge-aware reason-
ing over tables containing symbols and icons, while
MMTBench (Titiya et al., 2025) incorporates in-
terleaved charts and images. In specific domains,
MMSci (Yang et al., 2025a) targets numerical rea-
soning within scientific tables. Most recently,

TABLET (Alonso et al., 2025) has emphasized
large-scale robust evaluation on tables rendered
from original web sources. However, as shown
in Table 1, existing benchmarks typically present
tables in a fixed, ideal, or single original visual
state. They neglect the critical dimension of reason-
ing consistency under visual perturbations, where
a model should yield identical answers despite
changes in layout, style, or orientation.

Multimodal Table Reasoning. Recent progress
in multimodal table understanding has been driven
by MLLMs, which enable direct reasoning over
rendered tables and other visually grounded doc-
ument elements. Pioneering generalist models
such as Table-LLaVA (Zheng et al., 2024) and
TabPedia (Zhao et al., 2024a) enhance perfor-
mance through table-specific instruction tuning
and concept synergy mechanisms. To address spe-
cific limitations in data and resolution, SynTab-
LLaVA (Zhou et al., 2025a) introduces a decou-
pled synthesis pipeline to scale up training data
efficiently, while MMSci (Yang et al., 2025a) em-
ploys dynamic input resolution to capture fine-
grained details in scientific tables. More recently,
research has pivoted toward advanced architectures
and reasoning strategies. TableMoE (Zhang et al.,
2025) proposes a neuro-symbolic routing mecha-
nism within a Mixture-of-Experts (MoE) frame-
work to handle structurally degraded “WildStruct”
tables. To bridge the modality gap, Turbo (Jiang
et al., 2025) leverages privileged structured in-
formation during training to distill reasoning ca-
pabilities from strong reasoning models such as
DeepSeek-R1 (DeepSeek-AI et al., 2025).

3 TableVista Evaluation Benchmark

This section details the construction process of the
TableVista benchmark. The pipeline is designed to
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<table>
  <tr> 
<td>35</td>
  </tr>
</table>

\begin
{tabular}
\hline
35 \\
\hline
\end{tabular}

[{ 
    “B”: “35”,
  “A”: “42”,
    “D”: “39”,
“C”: “17” 

}]

| a | b | c |
| --- | --- | --- |
| 35 | 42 | 39 |
| x | y | z |
| … | … | … | 

Multi-Scenario

Refine & Regenerate
Multi-dimensional Check

Figure 1: An overview of the TableVista benchmark construction pipeline.

establish a rigorous benchmark for evaluating the
table reasoning capabilities of MLLMs by integrat-
ing diverse table structural complexities with chal-
lenging visual transformations. Figure 1 provides
an overview of benchmark construction workflow.

3.1 Base Set Construction

We first construct a textual Base Set by collecting
and re-annotating samples from public table rea-
soning datasets. We engage 12 expert annotators
(detailed information provided in Appendix A) to
re-annotate these samples with the assistance of
state-of-the-art LLMs1. The Base Set construction
process is as follows:

Data Standardization and Attribute Labeling.
We first aggregate raw records from 14 promi-
nent public datasets (e.g., WTQ (Pasupat and
Liang, 2015), HiTab (Cheng et al., 2021), Tab-
Fact (Chen et al., 2019), MMQA (Wu et al., 2025),
FinQA (Chen et al., 2021), etc.), standardizing
them into a canonical format comprising the ta-
ble, textual context, question, and answer. For each
record, we perform structured attribute labeling
consisting of four tasks: (1) identifying table layout
attributes (e.g., multi-level headers, merged cells,
composite structures) and recording dimensional
information, (2) assigning an information richness
score (1–5) based on data diversity, relation den-

1Unless otherwise specified, we use GPT-5 by default
throughout the data construction process.

sity, and numerical computability, (3) characteriz-
ing the reasoning requirements of each QA pair
by assigning skill scores across four dimensions—
lookup, aggregation, numerical, and logical—and
(4) counting the total reasoning steps required to de-
rive the answer. These labels are initially produced
by GPT-5, and the annotators then verify each re-
sult by inspecting the model’s chain-of-thought,
re-annotating any cases they find incorrect.

Taxonomic Categorization and Multidimen-
sional Filtering. Based on the labeled attributes,
we perform rigorous filtering across two dimen-
sions: table structural complexity and QA reason-
ing difficulty. First, we categorize records into five
structural types with explicit quotas: Simple Struc-
ture (standard grid), Text-Mixed (with associated
textual context), Complex Structure (with hierar-
chical headers or merged cells), Long Tables (with
large row or column dimensions), and Multi-Table
scenarios (involving 2–5 associated tables). Within
each structural quota, we prioritize samples with
the highest reasoning potential. The selection cri-
teria emphasize higher table information richness
scores, higher aggregate skill scores, and larger
numbers of reasoning steps. Through this hier-
archical selection procedure, we ultimately retain
3,000 highly representative and reasoning-intensive
records, yielding a benchmark that balances struc-
tural diversity and reasoning capability.
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(b) Transformation

(a) Multi-Scenario

(c) Vision-Only

(9) Screenshot
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Between the season with the highest Yds/Att and the season 
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Question
Answer

2020

Figure 2: Samples of TableVista. The central box illustrates a standard question–answer pair requiring calculation
and reasoning over the table. (a) Multi-Scenario: four rendering styles—Web, LaTeX, Excel, and Custom. (b)
Transformation: four robustness perturbations—Noise, Structural, Partial, and Missing. (c) Vision-Only: two
settings simulating real-world capture—Screenshot and Photo.

QA Enhancement. For the filtered samples, an-
notators further enhance QA pairs using a dual-
track strategy: (1) Question Rephrasing: if the orig-
inal QA already meets the target reasoning com-
plexity, annotators rewrite the question to increase
linguistic diversity and reduce potential contamina-
tion while preserving the answer; and (2) Deep Syn-
thesis: if the original QA is trivial, annotators au-
thor a new multi-step reasoning question grounded
in the table and textual context, requiring at least
two core skills and multiple logical hops. To ensure
evaluative precision, all answers are standardized
as unique short phrases or numbers.

3.2 Multi-Style Visual Pipeline
The primary contribution of TableVista is its so-
phisticated visual rendering pipeline, which sys-
tematically maps textual foundations onto a broad
spectrum of visual representations, spanning di-
verse stylistic scenarios, structural and environmen-
tal perturbations, and unified vision-only configu-
rations. This multi-faceted framework enables a
rigorous evaluation of model robustness by sim-
ulating the complex interplay between structural
layout, aesthetic variation, and simulated visual
degradation, as illustrated in Figure 2.

Multi-Scenario Rendering. To capture the di-
versity of table formats encountered in practice, we
simulate four authentic scenarios that reflect dis-

tinct data ecosystems. The Web scenario replicates
the standard HTML layouts common in Wikipedia,
while LaTeX mimics the professional typography
found in academic literature. The Excel scenario
reproduces the dense, grid-centric interfaces char-
acteristic of spreadsheet applications. Finally, the
Customized scenario introduces high-variance vi-
sual noise by sampling from ten predefined the-
matic styles featuring diverse font families and
color palettes. All scenarios are instantiated via
a headless browser where viewports are dynami-
cally optimized using localized bounding box meta-
data. This ensures that the resulting high-resolution
captures maintain structural integrity without unin-
tended cropping.

Robustness Transformations. Beyond stylistic
variation, we introduce a suite of transformations
to simulate the degraded or complex conditions of-
ten found in “in-the-wild” capture environments.
Using the Web scenario as a baseline, we apply
four distinct perturbations. Noise transformations
incorporate stochastic combinations of Gaussian
speckle, resolution downsampling, rotational tilt,
and translucent watermarks. Structural Noise trans-
formations introduce structure-specific degrada-
tions, such as faded gridlines and geometric warp-
ing, that disrupt the table’s visual skeleton while
preserving its textual content. The Partial trans-
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Metric Count / Value

Dataset Size
Tables 4,449
QA Pairs 3,000
Visual Samples 30,000

Structural Distribution
Simple Structure 300
Text-Mixed 300
Complex Structure 1,000
Long Table 700
Multi-Table 700

Content Statistics
Avg. Question Words 26.2
Avg. Answer Words 1.4
Avg. Table Rows 15.3
Avg. Table Columns 6.6

Reasoning Complexity (Steps / Skill Score)
Easy 3.7 / 11.2
Medium 5.2 / 13.8
Hard 6.9 / 15.1

Table 2: TableVista data statistics.

formation segments the table into disjoint visual
blocks along structural boundaries to test long-
range spatial reasoning. Lastly, Missing transforma-
tions mask arbitrary cell contents without row- or
column-level restrictions, while annotators verify
that the remaining cells retain sufficient informa-
tion to answer the target query.

Vision-Only Setting and Realism Artifacts. To
align the evaluation with naturalistic user inter-
actions, we propose a Vision-Only configuration
where the model processes a single image without
separate text input. This setting is operationalized
through two distinct modalities. The Screen Cap-
ture mode renders the question, context, and table
into a single unified interface, while the Simulated
Photo mode applies synthetic camera artifacts, such
as moiré patterns and perspective distortion, di-
rectly on top of the Screen Capture images to emu-
late the visual degradation of mobile photography.
These challenges necessitate a synergistic capabil-
ity to extract questions and interpret tabular data
within a purely visual domain.

3.3 Quality Control and Human Audit

We conduct a human-in-the-loop audit throughout
the pipeline, covering both the 3,000 textual base
samples and the 30,000 rendered images produced
by the visual pipeline. Expert reviewers perform
a multi-dimensional check across consistency, an-
swerability, difficulty, and other quality attributes,

with particular attention to ensuring answerability
even after severe visual transformations such as
masking or splitting. Samples that fail any dimen-
sion are refined or regenerated until they meet the
required standard. The resulting benchmark, Table-
Vista, demonstrates high logical rigor and scenario
diversity, providing a superior quality benchmark
for multimodal table understanding. Detailed re-
jection and revision statistics at each stage of the
pipeline are reported in Appendix B.

4 Experiments

In this section, we first describe the experimental
setup and then provide a detailed analysis of the
experimental results.

4.1 Experimental Setup

Evaluated Models. We evaluate the performance
of state-of-the-art foundation models on our bench-
mark, including both proprietary and open-source
models spanning a wide range of scales and rea-
soning capabilities. Proprietary models evalu-
ated are GPT-5.4 (OpenAI, 2026a) and GPT-5.4-
mini (OpenAI, 2026b). Open-source models in-
clude Qwen2.5-VL (Bai et al., 2025b), Qwen3-
VL (Bai et al., 2025a), Qwen3.5 (Team, 2026),
Qwen3.6 (Qwen Team, 2026), InternVL3.5 (Wang
et al., 2025b), Llama-4 (Meta, 2025), Gemma-
3 (Kamath et al., 2025), Gemma-4 (DeepMind,
2026), Molmo2-8B (for AI, 2025), MiniCPM-
V-4.5 (Yu et al., 2025), LLaVA-v1.5 (Liu et al.,
2023), LLaVA-v1.6 (Liu et al., 2024), and Table-
LLaVA (Zheng et al., 2024). Detailed model speci-
fications and inference configurations are provided
in Appendix C.1.

Evaluation Metrics. We employ a hybrid eval-
uation strategy combining Exact Match (EM) and
an LLM-based Judge. We primarily assess correct-
ness via normalized string matching. To mitigate
penalties from minor formatting deviations, we uti-
lize GPT-5-mini to verify semantic consistency for
samples failing the EM criterion.

Evaluation Prompts. For the analyses in §4.2
and §4.3, we evaluate all models under a direct-
output prompt without enabling thinking mode
(for GPT-5.4 and GPT-5.4-mini, we correspond-
ingly set reasoning_effort to none). We
adopt this protocol because our preliminary exper-
iments reveal that explicit reasoning compresses
the performance landscape: under a CoT prompt
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Model Structural Type Reasoning Difficulty Overall
Simple Text-Mixed Complex Long Multi Easy Medium Hard

Proprietary Models
GPT-5.4 73.0 86.7 81.7 68.9 61.3 93.6 80.1 47.0 73.6
GPT-5.4-mini 52.0 61.0 59.3 48.7 40.0 64.0 56.1 35.2 51.8

Open-Source Models
Qwen2.5-VL-72B 52.3 58.3 59.7 52.1 53.1 90.2 54.3 22.1 55.5
Gemma-4-31B-it 57.3 54.0 57.6 54.4 52.3 88.2 55.6 21.9 55.2
Llama-4-Maverick 55.3 55.7 55.9 52.3 52.4 84.4 53.7 24.4 54.2
Qwen2.5-VL-32B 51.0 49.7 54.5 48.3 49.1 84.5 49.0 19.4 51.0
Qwen3.5-27B 50.3 45.3 53.0 50.9 48.6 84.2 47.5 19.6 50.4
Llama-4-Scout 50.7 47.7 49.6 49.7 48.1 81.8 47.0 18.8 49.2
Qwen3.5-122B-A10B 45.0 48.3 52.2 49.4 46.3 82.6 45.7 18.9 49.1
InternVL3.5-14B 44.3 48.0 48.9 46.4 41.7 83.0 42.1 13.2 46.1
Gemma-4-26B-A4B-it 45.3 45.7 50.1 44.1 42.0 79.7 41.4 16.6 45.9
InternVL3.5-30B-A3B 46.7 49.0 47.7 43.3 43.3 81.6 41.3 14.1 45.7
Qwen3-VL-30B-A3B 44.3 48.7 46.8 42.4 41.0 78.9 39.4 14.8 44.4
Qwen2.5-VL-7B 43.0 41.3 47.5 41.9 42.4 79.0 38.6 14.2 43.9
Gemma-3-27B-it 46.7 44.0 44.6 43.7 39.6 76.5 39.5 14.1 43.4
Qwen3-VL-8B 40.7 44.0 44.1 41.9 39.9 76.7 37.3 12.7 42.2
Molmo2-8B 39.0 40.7 45.2 38.9 39.4 75.9 36.0 12.0 41.3
Qwen3.6-35B-A3B 41.3 38.0 42.5 40.3 41.0 70.9 35.9 16.4 41.1
Qwen3.5-35B-A3B 44.0 38.0 42.9 38.6 38.3 70.6 37.1 13.6 40.4
Qwen3.5-9B 42.3 41.3 40.3 39.1 39.4 72.6 33.7 14.1 40.1
InternVL3.5-8B 35.7 43.0 40.4 38.4 39.1 73.9 34.5 9.9 39.4
Gemma-3-12B-it 39.7 37.3 42.0 36.7 34.4 70.6 32.8 11.5 38.3
MiniCPM-V-4.5 33.3 34.3 37.4 33.3 33.1 63.5 28.3 12.4 34.7
Gemma-4-E4B-it 30.3 23.7 31.0 26.3 26.1 53.1 23.2 7.6 28.0
LLaVA-v1.6-Vicuna-13B 16.0 17.0 18.6 15.1 14.9 30.8 12.8 5.9 16.5
LLaVA-v1.6-Vicuna-7B 14.0 16.3 16.9 13.4 14.6 27.1 13.2 5.3 15.2
Table-LLaVA-v1.5-13B 13.3 11.0 11.9 12.7 11.7 20.6 10.4 5.3 12.1
Table-LLaVA-v1.5-7B 11.0 11.0 7.8 9.4 9.3 16.7 6.8 4.0 9.2
LLaVA-v1.5-7B 6.0 5.7 6.6 6.4 6.7 10.6 4.7 4.0 6.4

Table 3: Model performance in the Web scenario, stratified by structural complexity and reasoning difficulty.

with thinking mode enabled, even Qwen3-VL-8B-
Thinking reaches 86.0% on TableVista, narrowing
its gap with both proprietary SOTA and substan-
tially larger open-source SOTA models to a few
percentage points. In contrast, under the direct-
output setting Qwen3-VL-8B-Instruct attains only
43.8%, and pronounced gaps re-emerge across pro-
prietary SOTA, open-source SOTA, and smaller
open-source models. We therefore first analyze
model performance along structural, reasoning,
and visual-robustness dimensions under the direct-
output setting, and subsequently provide a dedi-
cated analysis of CoT-versus-direct-output behav-
ior in §4.4. The full prompt templates for both
settings are provided in Appendix C.2.

4.2 Evaluation on Table Structural and
Reasoning Complexity

Table 3 reports the performance breakdown across
five structural categories and three reasoning diffi-
culty levels. Our primary findings are as follows:

Structural Complexity Challenges. Complex
structural layouts pose substantial challenges for
current MLLMs, though the pattern diverges from
simple intuition. For the frontier model GPT-5.4,
accuracy follows the expected structural hierar-
chy, peaking on Text-Mixed (86.7%) and Com-
plex (81.7%) tables and dropping sharply on Long
(68.9%) and Multi-table (61.3%) scenarios. For
weaker models, however, even Simple grids remain
challenging (e.g., Qwen2.5-VL-72B at 52.3%),
since our QA pairs demand intensive reasoning
that a simple layout alone cannot offset. The Multi-
table scenario proves uniquely difficult across the
board, with most open-source models failing to
exceed 50%, suggesting that TableVista requires
spatial reasoning capabilities that remain difficult
for current models, especially when context must
be maintained across disjoint regions.

Reasoning Intensity and Table Skills. Perfor-
mance varies considerably across reasoning diffi-
culties mirroring the skill stratification defined in
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Model Scenario Style Visual Transformation Vision-Only Avg.
Web LaTeX Excel Custom Noise Structural Partial Missing Screenshot Photo

Proprietary Models
GPT-5.4 73.6 72.2 71.9 72.0 70.8 70.4 68.8 84.8 69.4 67.3 72.1
GPT-5.4-mini 51.8 49.9 50.1 51.1 49.5 48.4 46.8 66.9 42.0 37.7 49.4

Open-Source Models
Qwen2.5-VL-72B 55.5 54.5 54.5 55.0 51.1 54.4 50.5 71.3 57.4 54.0 55.8
Llama-4-Maverick 54.2 53.2 53.9 52.7 53.5 54.4 52.9 66.9 53.4 51.8 54.7
Gemma-4-31B-it 55.2 56.5 55.9 54.4 54.3 53.3 51.2 75.7 42.2 44.2 54.3
Qwen2.5-VL-32B 51.0 50.7 50.7 51.9 49.3 49.1 48.1 67.3 51.1 49.8 51.9
Qwen3.5-27B 50.4 49.4 48.3 50.2 49.2 47.3 46.7 63.8 55.1 53.5 51.4
Qwen3.5-122B-A10B 49.1 48.5 48.6 48.9 49.0 48.7 47.3 63.3 54.3 53.5 51.1
Llama-4-Scout 49.2 48.6 47.7 48.1 47.5 48.3 46.0 64.9 46.7 47.2 49.4
InternVL3.5-14B 46.1 45.5 45.1 45.4 45.3 45.2 43.2 63.0 42.7 41.6 46.3
InternVL3.5-30B-A3B 45.7 44.4 44.4 45.6 45.6 44.9 43.5 65.1 40.1 35.5 45.5
Qwen2.5-VL-7B 43.9 44.3 44.4 44.1 42.5 42.1 41.0 61.8 41.6 40.0 44.6
Qwen3-VL-30B-A3B 44.4 42.7 42.7 45.4 43.0 41.8 40.4 60.2 41.1 42.4 44.4
Qwen3-VL-8B 42.2 41.8 41.7 42.0 41.4 41.9 39.2 57.7 45.3 44.6 43.8
Qwen3.6-35B-A3B 41.1 41.5 41.6 42.1 41.6 39.9 38.9 56.6 46.1 44.5 43.4
Gemma-3-27B-it 43.4 42.7 42.2 40.9 40.1 41.0 39.0 61.1 40.1 37.5 42.8
Gemma-4-26B-A4B-it 45.9 46.8 44.4 46.0 43.2 43.4 39.9 65.6 29.4 20.7 42.5
Qwen3.5-9B 40.1 39.2 39.1 39.4 39.5 39.3 37.6 55.2 39.7 37.9 40.7
InternVL3.5-8B 39.4 40.6 39.4 39.8 39.2 39.0 37.1 58.5 37.1 36.5 40.7
Qwen3.5-35B-A3B 40.4 38.9 38.1 38.3 38.4 37.9 36.8 54.9 39.7 37.0 40.0
Molmo2-8B 41.3 40.8 42.2 41.7 37.0 38.8 37.0 57.5 33.2 29.7 39.9
Gemma-3-12B-it 38.3 38.5 38.6 38.7 36.2 37.2 35.7 55.0 33.9 32.9 38.5
MiniCPM-V-4.5 34.7 31.8 33.3 34.9 34.0 32.8 32.4 52.7 28.0 27.5 34.2
Gemma-4-E4B-it 28.0 29.9 27.0 26.4 26.7 27.8 24.8 47.6 16.9 15.3 27.0
LLaVA-v1.6-Vicuna-13B 16.5 16.1 16.2 16.2 16.3 16.2 15.0 31.4 2.9 2.8 14.9
LLaVA-v1.6-Vicuna-7B 15.2 15.3 15.0 14.5 14.7 14.9 14.1 28.2 3.8 3.0 13.9
Table-LLaVA-v1.5-13B 12.1 12.2 11.0 12.5 12.1 12.6 11.6 16.8 1.6 1.8 10.4
Table-LLaVA-v1.5-7B 9.2 9.1 7.5 10.1 9.2 9.4 8.8 13.8 0.9 1.1 7.9
LLaVA-v1.5-7B 6.4 6.2 6.2 7.0 6.9 6.7 6.4 10.4 0.5 0.4 5.7

Table 4: Model performance under different real-world scenarios, visual transformations, and vision-only settings.

§3. GPT-5.4 achieves 93.6% on Easy tasks but
attains just 47.0% on Hard tasks requiring multi-
hop aggregation. The gap widens further for open-
source models, with even the strongest Qwen2.5-
VL-72B collapsing from 90.2% to 22.1%. This
uneven performance confirms that solving visual
grounding does not automatically equate to solving
complex tabular logic and highlights the need for
future models to improve reasoning depth.

Proprietary vs. Open-source Models. Open-
source foundation models remain notably behind
proprietary models, with a substantial gap that per-
sists across evaluations. Across all evaluated tasks,
proprietary models consistently outperform open-
source models with GPT-5.4 achieving 73.6% over-
all accuracy. The top open-source model Qwen2.5-
VL-72B achieves 55.5% and trails GPT-5.4 by
roughly 18 percentage points. However, this model
significantly outperforms older architectures like
LLaVA-v1.5-7B which fails to reach 7% accuracy.
This highlights continued progress in open-source
development yet also points to substantial remain-

ing challenges in achieving robust multimodal table
reasoning.

4.3 Evaluation on Real-World Scenario and
Visual Transformation

To assess the robustness of MLLMs against dis-
tribution shifts, we evaluate performance under di-
verse rendering styles and visual perturbations. The
experiment results are presented in Table 4.

Scenario-Specific Analysis. Models exhibit re-
markable consistency across different table sce-
narios. Contrary to the structural sensitivity ob-
served in previous sections, performance remains
surprisingly stable across Web, LaTeX, Excel, and
Customized themes. For instance, GPT-5.4 main-
tains an accuracy around 72% across all four styles,
and the leading open-source model Qwen2.5-VL-
72B shows similar stability with scores hovering
around 55%. This uniformity suggests that current
foundation models have successfully generalized
to diverse visual aesthetics and font variations.

34973



Visual Transformation Sensitivity. Visual per-
turbations reveal distinct vulnerability patterns in
model robustness. Counter-intuitively, the Missing
setting, which masks arbitrary cells while preserv-
ing answer-sufficient content, yields the highest
scores across nearly all models—GPT-5.4 rises to
84.8% and Qwen2.5-VL-72B reaches 71.3%. This
indicates that reducing visible clutter can actually
concentrate model attention onto reasoning-critical
cells. In contrast, the Partial setting, which frag-
ments the table into disjoint visual blocks, proves
the most challenging overall, with GPT-5.4 drop-
ping to 68.8% and most open-source models falling
below 50%. Noise and Structural Noise perturba-
tions cause moderate and comparable degradation,
suggesting that current models tolerate low-level
visual noise reasonably well but struggle to main-
tain spatial coherence once the table’s structural
continuity is broken.

Vision-Only Setting Analysis. The Vision-Only
setting reveals how models cope when ques-
tions and table content must be jointly parsed
from a single image. Under the Screen Capture
mode, capable models largely retain their baseline
competence—GPT-5.4 scores 69.4% and Qwen2.5-
VL-72B reaches 57.4%, comparable to their perfor-
mance with separately provided inputs. The Simu-
lated Photo mode, which overlays synthetic moiré
patterns and perspective distortion on the rendered
interface, induces further degradation: GPT-5.4
drops modestly to 67.3%, while mid-sized mod-
els deteriorate more sharply (e.g., Gemma-4-26B-
A4B-it falls from 29.4% to 20.7%). A distinct
failure mode emerges for legacy architectures such
as the LLaVA family, whose accuracy collapses
to near-zero under both vision-only modes, indi-
cating an inability to extract questions and tabular
content simultaneously from a unified visual input.
Together, these results expose two separate bot-
tlenecks: robustness to camera-style artifacts for
capable models, and the more fundamental chal-
lenge of synergistic visual perception for weaker
ones.

4.4 CoT vs. Direct-Output Prompting

Building on the DO-based analyses in §4.2 and
§4.3, we now quantify the landscape-compression
effect noted in §4.1. Table 5 contrasts direct-output
(DO) and chain-of-thought (CoT) prompting for
five representative models. All models gain from
explicit reasoning, but the gains are inversely tied

Model DO CoT ∆

GPT-5.4 72.1 95.6 +23.5
GPT-5.4-mini 49.4 91.5 +42.1
Qwen3.5-27B 51.4 96.2 +44.8
Gemma-4-31B-it 54.3 86.1 +31.8
Qwen3-VL-8B† 43.8 86.0 +42.2

Table 5: Overall accuracy (%) under direct-output (DO)
and CoT prompting. †: Direct output uses Qwen3-VL-
8B-Instruct; CoT uses Qwen3-VL-8B-Thinking.

to DO strength: GPT-5.4 rises only +23.5 points
(72.1 to 95.6), while weaker DO performers close
most of the gap (GPT-5.4-mini +42.1, Qwen3.5-
27B +44.8, Gemma-4-31B-it +31.8). The effect is
most striking at small scale: Qwen3-VL-8B jumps
from 43.8 to 86.0 (+42.2), nearly erasing the gap to
far larger models under CoT. The DO bottleneck on
TableVista thus lies less in visual perception, which
§4.3 shows to be handled well across rendering
styles, than in packing multi-step tabular computa-
tion into a single forward pass. CoT also reshuffles
the leaderboard: Qwen3.5-27B overtakes GPT-5.4
at the top, and the Gemma-Qwen ordering flips by
over ten points. These contrasts position DO and
CoT as complementary rather than redundant: CoT
approaches the ceiling and reveals whether the re-
quired capabilities are present when reasoning is
externalized, while DO stresses whether they can
be internalized end-to-end and still leaves substan-
tial headroom across all evaluated models.

4.5 Qualitative Analysis

We conduct a comprehensive qualitative audit to
gain deeper insight into failure modes that aggre-
gate metrics do not capture. Specifically, we ran-
domly sample 100 examples from the error cases
produced by GPT-5.4 and Qwen3.5-27B. We then
manually analyze these examples to characterize
the underlying failures and identify three primary
failure modes:

Visual Brittleness. This case highlights incom-
plete visual recognition under noisy input as the
primary failure mode. As shown in Figure 7, GPT-
5.4 under clean rendering correctly executes a Fil-
ter → Discriminate → Select pipeline and identi-
fies Product-differentiated (∆=−17 pp vs. Scale-
based’s −12 pp). Under simulated photo, however,
degradation in the upper image region leads to
partial question understanding: while the model
correctly extracts all relevant numerical values, it
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fails to recognize the superlative qualifier largest.
This selective omission causes the model to oper-
ate on incomplete information—after identifying
sectors satisfying the base condition, its internal
objective is effectively reduced from Filter-and-
Argmax to Filter-and-Verify, resulting in the output
{Scale-based, Product-differentiated}. The error
thus reflects localized visual brittleness: missing
fine-grained textual cues leads to answers that are
internally consistent with perceived inputs, yet in-
complete with respect to the full query, without any
calibration signal to indicate the mismatch.

Spatial Alignment Failures. Structural complex-
ity places substantial demands on spatial reasoning,
especially in dense tables with multi-level head-
ers. As shown in Figure 8, a representative cross-
row argmin error arises at the filtering stage. Un-
der clean rendering, GPT-5.4 correctly compares
Men = 15.2 and Women = 11.8, selects Women, and
returns 22.9. Under simulated photo conditions,
however, the reasoning trace remains logically con-
sistent while perception fails: 11.8 is misread as
15.8 due to a 1→5 substitution influenced by the
nearby 15.2. This misperception flips the com-
parison, leading the model to select Men and re-
trieve 16.3 pp, a valid but incorrect cell. Notably,
row alignment remains intact; the failure originates
from fine-grained digit confusion, which propa-
gates to the decision stage while remaining unde-
tected in the CoT. This highlights a key limitation:
coarse structural grounding is insufficient, as mod-
els struggle to distinguish visually similar digits
within correctly localized cells without stronger
sub-cell disambiguation.

Error Distribution. To pinpoint failure causes,
we analyzed the error distribution, as shown in Fig-
ure 3. Table Understanding dominates the error
distribution (54%), significantly surpassing Rea-
soning & Calculation (29%) and Visual Percep-
tion (12%). Within table understanding, Spatial
Alignment (32%) and Structure Parsing (22%) are
the primary bottlenecks. Notably, errors stemming
solely from text recognition are rare (4%), confirm-
ing that the challenge lies in maintaining spatial
structure rather than basic perception.

5 Conclusion

We present TableVista, a comprehensive bench-
mark designed to rigorously evaluate the multi-
modal table reasoning capabilities of foundation

Spatial Alignment 
32%

Structure Parsing 
22%

Reasoning & Calculation 
29%

Visual Noise
8%

Text Recognition
4% Others

5%

Table Understanding
54%

Visual Perception
12%

Figure 3: Error distribution analysis on TableVista. The
majority of failures stem from Table Understanding
(54%), followed by Reasoning & Calculation (29%)
and Visual Perception (12%).

models under visual and structural complexity.
Each instance in TableVista is expanded into dis-
tinct visual variants through a rigorous multi-style
rendering pipeline and audited by human experts.
Our evaluation of 29 frontier foundation models
reveals that even the most advanced proprietary
models degrade sharply as structural and reasoning
complexity grow, remain brittle under realistic vi-
sual conditions, and show pronounced open-source
to proprietary gaps under direct-output prompt-
ing. These findings expose critical limits in an-
choring structured reasoning in visual space, pro-
viding valuable insights for advancing the robust
and structure-aware reasoning abilities of future
foundation models.

Limitations

This work focuses on evaluating frontier models for
robust multimodal table understanding. We do not
explore or propose new training methods to directly
mitigate the structural alignment failures identified
in our tasks. Future research could build upon our
analyses to investigate effective visual instruction
tuning strategies that enhance spatial grounding
in complex document layouts. Moreover, beyond
the tabular data covered in our benchmark, real-
world documents often involve interleaved modali-
ties such as charts and natural images. We therefore
encourage future work to extend our study by in-
corporating a broader range of visual document
elements and heterogeneous information sources.
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ID Education Major Assigned Task

1 PhD Student (Yr 3) Computer Science Attribute Labeling, QA Enhancement, Visual Rendering Audit,
Quality Audit

2 Master (Yr 2) Computer Science Attribute Labeling, QA Enhancement
3 PhD Student (Yr 2) Computer Science Attribute Labeling, QA Enhancement, Visual Rendering Audit
4 PhD Student (Yr 4) Computer Science Attribute Labeling, QA Enhancement, Quality Audit
5 PhD Student (Yr 2) Computer Science Attribute Labeling, QA Enhancement, Visual Rendering Audit
6 Master (Yr 2) Computer Science Attribute Labeling, QA Enhancement
7 PhD Student (Yr 1) Data Science Attribute Labeling, QA Enhancement
8 Master (Yr 2) Data Science Attribute Labeling, QA Enhancement, Visual Rendering Audit
9 PhD Student (Yr 3) Statistics Attribute Labeling, QA Enhancement, Quality Audit

10 PhD Student (Yr 2) Information Systems Attribute Labeling, QA Enhancement
11 Master (Yr 2) Economics Attribute Labeling, QA Enhancement
12 PhD Student (Yr 1) Mathematics Attribute Labeling, QA Enhancement

Table 6: Profile of the 12 expert annotators recruited for TableVista. All annotators participated in Attribute Labeling
(table layout, information richness, skill scores, and reasoning steps) and QA Enhancement (question rephrasing and
deep synthesis) over the base set. Four annotators additionally conducted the Visual Rendering Audit, verifying
answerability under structural and visual perturbations (e.g., Missing transformations). Three senior annotators
further performed the final Quality Audit, reviewing the full benchmark for consistency, answerability, and difficulty
calibration.

A Annotator Information

To ensure the high quality of TableVista, we re-
cruited 12 expert annotators. All annotators are
graduate students (Master’s or PhD) in quantitative
or technical fields such as computer science, data
science, statistics, and mathematics. Prior to the
main annotation, each annotator completed a stan-
dardized 1-hour tutorial on our protocols and a 30-
sample pilot annotation, which was reviewed and
approved by the project leads before proceeding.
Table 6 provides detailed profiles of the annotation
team.

For quality assurance, every sample was re-
viewed by at least one annotator during the main
annotation pass, and 10% of samples were inde-
pendently cross-validated by a second annotator,
with disagreements resolved through consensus dis-
cussion. Finally, all samples were passed through
automated checks for answer uniqueness and for-
mat consistency before final approval.

B Quality Control Statistics

To provide full transparency regarding the rigor of
our data construction pipeline, we report the rejec-
tion and revision statistics at every stage, based on
our original annotation and audit logs. The pipeline
proceeds in two phases—Base Set Construction
and Visual Rendering Pipeline—each subject to
multiple rounds of filtering, verification, and cross-

validation. Table 7 summarizes the quantitative
outcomes of each stage.

Base Set Construction. We first aggregated
raw records from the 14 public datasets and per-
formed AI-assisted preliminary cleaning to re-
move low-quality samples while maintaining a bal-
anced source distribution, retaining approximately
100,000 candidate samples. All 100,000 samples
then underwent AI-assisted Attribute Labeling with
manual verification as described in §3.1, covering
table layout attributes and dimensions, information
richness scores, skill scores across the four rea-
soning dimensions, and the number of reasoning
steps. Based on these labeled attributes, we applied
Taxonomic Categorization and Multidimensional
Filtering to select 3,000 samples that jointly exhibit
strong structural diversity and high reasoning com-
plexity, corresponding to a 97.0% rejection rate.
For the retained 3,000 samples, QA Enhancement
was performed under the dual-track strategy de-
scribed in §3.1: 2,264 samples were rephrased to
increase linguistic diversity and reduce potential
contamination, while the remaining 736 samples
were authored from scratch as new multi-step rea-
soning questions grounded in the table and textual
context.

Visual Rendering Pipeline. The 3,000 textual
samples were rendered into the 10 visual settings
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Phase Stage Initial Removed / Revised Rate

Taxonomic Categorization and Multidimensional Filter-
ing

100,000 97,000 removed 97.00%

QA Enhancement – Question Rephrasing 3,000 2,264 rephrased 75.47%Base Set

QA Enhancement – Deep Synthesis (regeneration) 3,000 736 regenerated 24.53%

Rendering Failure Handling 3,000 14 replaced 0.47%
Answerability Verification & Calibration 30,000 912 regenerated 3.04%Visual Rendering

Cross Validation (10% of base samples, double-blind) 300 6 corrected 2.00%

Table 7: Rejection and revision statistics at each stage of the TableVista construction pipeline. The Base Set phase
filters 100,000 attribute-labeled candidates down to 3,000 samples with high structural and reasoning diversity,
followed by QA Enhancement in which every sample is either rephrased or rewritten from scratch. The Visual
Rendering phase produces 30,000 images across 10 categories and applies three successive rounds of verification,
yielding a final benchmark with fully verified answerability and minimal residual annotation disagreement.

described in §3.2, yielding 30,000 images in to-
tal. Three rounds of quality control were applied.
First, in Rendering Failure Handling, 14 samples
that failed rendering due to aspect ratio or context-
length constraints were replaced to ensure com-
pleteness. Second, in Answerability Verification
and Parameter Calibration, we repeatedly sampled
100 images per setting to assess post-render answer-
ability and iteratively tuned the rendering parame-
ters until the pipeline reached 97.2% answerability;
after fixing the parameters, we manually verified
answerability for all 30,000 rendered images and
regenerated 912 images (3.04%) whose content had
been compromised by the visual transformations.
Finally, as part of the human-in-the-loop audit in-
troduced in §3.3, 10% of the base samples (300
samples together with all their rendered variants)
were subjected to double-blind cross-validation by
two independent annotators; only 6 samples re-
quired minor corrections, corresponding to a 2.0%
disagreement rate and indicating that the earlier
audit stages had already resolved the vast majority
of quality issues.

Overall, these statistics demonstrate that Table-
Vista is the product of a multi-stage, human-in-
the-loop pipeline in which every sample is filtered,
enhanced, rendered, and independently verified.

C Experiment Setup

C.1 Configuration of Evaluated Models

Table 8 lists the full inference configuration of each
evaluated model. Rather than imposing a single
uniform decoding setting, we follow the sampling
parameters (temperature, top-p, top-k, and repeti-
tion penalty) recommended by each model’s offi-

cial release, since recommended defaults vary sub-
stantially across model families; models without an
explicit sampling recommendation are evaluated
with greedy decoding. The maximum number of
generated tokens is set to 8,192 for open-source
models, except for the LLaVA family, whose na-
tive 4,096-token context window restricts gener-
ation to 2,048 tokens. For closed-source models
accessed through official API endpoints, we use the
provider’s default sampling configuration and cap
the completion length at 16,000 tokens. All open-
source models are served locally via vLLM with
tensor-parallel sizes ranging from 1 to 8 depending
on model scale. Our experiments are conducted
on a workstation equipped with multiple NVIDIA
H20 GPUs.

C.2 Prompts
We release the full set of prompts used in our eval-
uation. As discussed in §4.4, all main results in
§4.2 and §4.3 adopt the direct-output template (Fig-
ure 4), while the CoT variant (Figure 5) is used in
the CoT-vs-direct-output analysis. Each template
comes with two modalities: a general version for
the standard image+text setting, and a vision-only
version for the Screen Capture and Simulated Photo
configurations where the question is rendered into
the image. In addition, the LLM-as-Judge prompt
(Figure 6) is applied as a secondary verification
layer on predictions that fail the Exact Match crite-
rion.
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Organization Model Version Serving
Backend Temp. Max

Tokens

Proprietary Models

OpenAI GPT-5.4 gpt-5.4-0305-global API – 16,000
GPT-5.4-mini gpt-5.4-mini-0317-global API – 16,000

Open-Source Foundation Models

Qwen

Qwen3.6-35B-A3B Qwen/Qwen3.6-35B-A3B vLLM 1.0 8,192
Qwen3.5-122B-A10B Qwen/Qwen3.5-122B-A10B vLLM 1.0 8,192
Qwen3.5-35B-A3B Qwen/Qwen3.5-35B-A3B vLLM 1.0 8,192
Qwen3.5-27B Qwen/Qwen3.5-27B vLLM 1.0 8,192
Qwen3.5-9B Qwen/Qwen3.5-9B vLLM 1.0 8,192
Qwen3-VL-30B-A3B Qwen/Qwen3-VL-30B-A3B-Instruct vLLM 0.7 8,192
Qwen3-VL-8B Qwen/Qwen3-VL-8B-Instruct vLLM 0.7 8,192
Qwen2.5-VL-72B Qwen/Qwen2.5-VL-72B-Instruct vLLM 0.0 8,192
Qwen2.5-VL-32B Qwen/Qwen2.5-VL-32B-Instruct vLLM 0.0 8,192
Qwen2.5-VL-7B Qwen/Qwen2.5-VL-7B-Instruct vLLM 0.0 8,192

InternVL
InternVL3.5-30B-A3B OpenGVLab/InternVL3_5-30B-A3B vLLM 0.0 8,192
InternVL3.5-14B OpenGVLab/InternVL3_5-14B vLLM 0.0 8,192
InternVL3.5-8B OpenGVLab/InternVL3_5-8B vLLM 0.0 8,192

Meta Llama-4-Maverick meta-llama/Llama-4-Maverick-17B-128E-Instruct-FP8 vLLM 0.6 8,192
Llama-4-Scout meta-llama/Llama-4-Scout-17B-16E-Instruct vLLM 0.6 8,192

Google

Gemma-4-31B-it google/gemma-4-31B-it vLLM 1.0 8,192
Gemma-4-26B-A4B-it google/gemma-4-26B-A4B-it vLLM 1.0 8,192
Gemma-4-E4B-it google/gemma-4-E4B-it vLLM 1.0 8,192
Gemma-3-27B-it google/gemma-3-27b-it vLLM 1.0 8,192
Gemma-3-12B-it google/gemma-3-12b-it vLLM 1.0 8,192

Allen AI Molmo2-8B allenai/Molmo2-8B vLLM 0.0 8,192

OpenBMB MiniCPM-V-4.5 openbmb/MiniCPM-V-4_5 vLLM 0.6 8,192

LLaVA
LLaVA-v1.6-Vicuna-13B llava-hf/llava-v1.6-vicuna-13b-hf vLLM 0.0 2,048
LLaVA-v1.6-Vicuna-7B llava-hf/llava-v1.6-vicuna-7b-hf vLLM 0.0 2,048
LLaVA-v1.5-7B llava-hf/llava-1.5-7b-hf vLLM 0.0 2,048

Table-LLaVA Table-LLaVA-v1.5-13B SpursgoZmy/table-llava-v1.5-13b-hf vLLM 0.0 2,048
Table-LLaVA-v1.5-7B SpursgoZmy/table-llava-v1.5-7b-hf vLLM 0.0 2,048

Table 8: Details of the multimodal foundation models evaluated in TableVista and their inference configurations.
The Serving Backend indicates how the model was accessed in our experiments (API for cloud endpoints; vLLM
for local deployment on NVIDIA H20 GPUs). Temperature follows each model’s official recommendation; “–”
indicates that we use the provider’s default sampling configuration for API models. Other sampling parameters
(top-p, top-k, and repetition penalty, when applicable) also follow each model’s official recommendation. Max
Tokens is the upper bound on generated tokens per response.
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Direct-Output Evaluation Prompt

(a) General — Image+Text Mode

SYSTEM

You are a table understanding expert. Answer the question based on the given table image. Provide only the final
answer, no explanation.

USER

[Table Image]

Answer the question based on the table shown in the image.
Question: {question}
Answer directly with the answer only.

(b) Vision-Only Mode (used for Screen Capture and Simulated Photo)

SYSTEM

You are a table understanding expert. The image contains both a question and a table. Read the question from the
image and answer it based on the table. Provide only the final answer, no explanation.

USER

[Image containing both Question and Table]

The question is shown in the image above. Answer it based on the table in the image.
Answer directly with the answer only.

Figure 4: Direct-output evaluation prompt. (a) The general template supplies the table image and the textual question
as separate inputs. (b) The vision-only template is used when the question is rendered into the image together with
the table, requiring the model to jointly parse both from a single visual input.

Chain-of-Thought Evaluation Prompt

(a) General — Image+Text Mode

SYSTEM

You are a table understanding expert. Answer the question based on the given table image.

USER

[Table Image]

Answer the question based on the table shown in the image.
Question: {question}
Think step by step, then give your final answer in the format: <answer> ... </answer>

(b) Vision-Only Mode (used for Screen Capture and Simulated Photo)

SYSTEM

You are a table understanding expert. The image contains both a question and a table. Read the question from the
image and answer it based on the table.

USER

[Image containing both Question and Table]

The question is shown in the image above. Answer it based on the table in the image.
Think step by step, then give your final answer in the format: <answer> ... </answer>

Figure 5: Chain-of-Thought evaluation prompt. (a) The general template elicits step-by-step reasoning before the
final tagged answer. (b) The vision-only template applies the same CoT protocol when the question and table are
provided together as a single image. For models supporting native thinking mode (e.g., Qwen3-VL, Qwen3.5), we
additionally enable enable_thinking=True at inference.
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LLM-as-Judge Evaluation Prompt

Applied to predictions that fail Exact Match, using GPT-5-mini as the judge model.

USER

You are evaluating a table question answering system.
Question: {question}
Ground truth answer: {answer}
Predicted answer: {predicted}
Mark as CORRECT (‘yes’) if any of the following apply:
• The prediction matches the gold answer exactly or semantically (case, abbreviation, minor formatting differences are

OK).
• The prediction contains the gold answer and only adds valid supplementary information such as units or clarifying

context (e.g., gold=‘713’, pred=‘713 thousand shares’ is OK).
Mark as INCORRECT (‘no’) otherwise.
Numeric substring trap: gold=‘2’ ̸= pred=‘20’, gold=‘13’ ̸= pred=‘13.5’.
Reply with ONLY ‘yes’ or ‘no’.

Figure 6: LLM-as-Judge evaluation prompt. Applied as a secondary verification layer on predictions that fail
the Exact Match criterion, tolerating formatting variations while rejecting numeric substring collisions. We use
GPT-5-mini as the judge throughout all experiments.
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D Qualitative Analysis

To gain deeper insights into the failure modes of
multimodal foundation models beyond aggregate
metrics, we present detailed case studies in Table-
Vista. We examine the impact of visual perturba-
tions on reasoning consistency in Figure 7 and the
challenges of spatial grounding in complex layouts
in Figure 8.

E Visual Examples

To demonstrate the structural diversity and com-
plexity of the TableVista benchmark, we present
representative samples across different categories.
Figure 9 displays examples of the five table struc-
tural types defined in our taxonomy, ranging from
standard grids to hierarchical and multi-table lay-
outs, verifying the breadth of challenges covered
in our dataset.
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Standard Setting

Noisy Setting

Among the sectors where the domestic-controlled share increased by at least 
10 percentage points from 1973–1975 to 2009–2011, which sector had the 
largest decrease in foreign-controlled share over the same period? 

Question

Ground Truth
Product-differentiated

GPT-5.4 (Clean Input): 
Step 1 — Filter. Domestic-controlled Δ ≥ +10 pp holds 
for Scale-based (44 → 56, +12) and Product-
differentiated (37 → 54, +17).
Step 2 — Discriminate. Among these two, compare the 
foreign-controlled share decrease over the same period:
Scale-based: 56 → 44, Δ = −12 pp. 
Product-differentiated: 63 → 46, Δ = −17 pp.

Step 3 — Select. −17 < −12, so Product-differentiated 
has the larger decrease.
Answer: Product-differentiated

GPT-5.4 (Noisy Input): 
Step 1 — Filter. Domestic-controlled Δ ≥ +10 pp 
identified for Scale-based (44 → 56) and Product-
differentiated (37 → 54).
Step 2 — Verify. Corresponding foreign-controlled 
shares for both candidates (56 → 44 and 63 → 46) 
confirm a sustained decrease over the same period.
Step 3 — Result. Report all qualifying sectors identified 
by the domestic-growth/foreign-decline filter. 
Answer: Scale-based and Product-differentiated

Analysis
This case identifies incomplete recognition of visual data as the primary failure mode under noisy input. While the model correctly identifies 
numerical values within the table, the image degradation at the top of the frame results in the non-recognition of specific words in the question 
text. Specifically, the model identifies the visual patterns for the primary conditions (Δ Domestic > 10pp) but fails to see the word "largest". This 
selective omission means the model is operating on a partial set of facts. After identifying the qualifying sectors, the model’s internal criteria are 
met, leading to a functional downgrade from a "Filter-and-Argmax" operation to a simple "Filter-and-Verify" logic. This diagnostic shows that 
visual brittleness can cause the model to miss fine-grained details in certain areas, producing an answer that is logically consistent with what it 
saw, but incomplete relative to the full text.

Figure 7: Qualitative analysis of visual brittleness in TableVista.

Error Output

Among the sex with the lower predicted probability in 1946 under high unemployment, what was the absolute decrease from 1941 
to 1946 under high unemployment?

Question

Ground Truth
22.9

GPT-5.4: 
Step 1 — Parse the header. I identify the target column as Absolute decrease (pp) / High unemployment and the filter column as 
Predicted probability (%) / 1946 / High unemployment.
Step 2 —  Compare the two rows in the filter column. In the 1946 / High unemployment column I read Men ≈ 15.2 and Women ≈ 
15.8, so Men holds the lower predicted probability.
Step 3 — Read the target cell for Men. Looking up the Men row under Absolute decrease / High unemployment, the cell reads 16.3.
Answer: 16.3 pp (Ground Truth: 22.9 pp)

Analysis
Under the simulated photo, the true value 11.8 in the Women row is mis-perceived as 15.8 — a digit-shape hallucination seeded by the 
model's spatial expectation that the two Workers rows should yield visually similar-magnitude tokens (anchored by the adjacent 15.2). 
The digit 1 is preserved, but the 1 → 5 substitution in the ones place flips the comparison: the model now reads 15.2 < 15.8 and selects 
Men instead of Women.

Figure 8: Qualitative analysis of spatial alignment failures in TableVista.
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(e) Long Table (Excel)

(b) Simple Table (Custom)

(c) Multi Table (LaTeX)

(a) Text-Mixed Table 
(Web)

(d) Complex Table (Custom)

Figure 9: Visual examples for different table structures.
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