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Question: A person plans to experience the scenic
train ride after 5:00 PM but before 7:00 PM. How
many days fit this schedule in 2025?

Answer: 26

Gemini-3-Pro: 18

GPT-5.2: 2

Claude-Opus-4.6: 4

Image Domain: Transportation

Question Category: Color-based Counting

Required Skills: Multi-hop Reasoning Visual Parsing

(a) A benchmark example
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Figure 1: WildTableBench overview. (a) A benchmark example requiring multi-hop rea-
soning over a real-world train schedule. All three frontier models answer incorrectly. (b)
Overall accuracy of 14 representative models; most fall below 50%. (c) Category-level
comparison across four models from different providers. Performance varies markedly
across question types, with Color-related questions proving most challenging.

Abstract

Using multimodal foundation models to analyze table images is a high-
value yet challenging application in consumer and enterprise scenarios.
Despite its importance, current evaluations rely largely on structured-text
tables or clean rendered images, leaving the visual complexity of in-the-
wild table images underexplored. Such images feature varied layouts
and diverse domains that demand sophisticated structural perception and
numerical reasoning. To bridge this gap, we introduce WildTableBench,
a question-answering benchmark dedicated to naturally occurring table
images from real-world settings. WildTableBench comprises 402 high-
information-density table images collected from online forums and web-
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sites across diverse domains, together with 928 manually annotated and
verified questions spanning 17 subtypes across five categories. We evaluate
21 frontier proprietary and open-source multimodal foundation models on
this benchmark. Only one model exceeds 50% accuracy, while all remaining
models range from 4.0% to 49.8%. We further conduct diagnostic analyses
to characterize model failures and reveal persistent weaknesses in struc-
tural perception and reasoning. These results and analyses provide useful
insights into current model capabilities and establish WildTableBench as a
valuable diagnostic benchmark for table image understanding.

1 Introduction

Table image understanding has emerged as an important and increasingly studied capabil-
ity for multimodal foundation models (Kim et al., 2024; Wu et al., 2025b), particularly in
practical settings where tables are often encountered as screenshots, scans, or photographs.
Unlike clean digital tables, these real-world table images are often visually dense, struc-
turally irregular, and difficult to parse. However, existing benchmarks (Zhu et al., 2025; Wu
et al., 2025a) are largely built on structured-text tables or rendered images, creating a gap
between current evaluation settings and the challenges of practical table understanding.

To address this gap, we introduce WildTableBench, a benchmark for evaluating multi-
modal foundation models on naturally occurring table images from the real-world setting.
WildTableBench contains 402 table images collected from publicly available web sources,
covering diverse visual styles, structural patterns, and thematic domains, such as worksheets,
transportation, sports, education, finance, science, engineering, and healthcare. These images
include screenshots, scans, and photographs of tables shared in realistic contexts. As shown in
Figure 1, they exhibit visual complexity and structural irregularities that are common in
real-world table images, such as irregular cell spans, dense content, decorative formatting,
and skewed orientations. These characteristics are largely underrepresented in prior evalua-
tions. By incorporating these characteristics, WildTableBench significantly narrows the gap
between existing table evaluations and practical applications.

Beyond image collection efforts, we also design and annotate high-quality evaluation ques-
tions tailored to real-world table understanding. We first examine practical use cases from
public forums, websites, and user-shared table images, and organize them into a taxon-
omy of 17 question subtypes in five categories. This taxonomy supports a comprehensive
evaluation of model capabilities, including cell-level understanding, numerical reasoning,
fact verification, hypothetical reasoning, and color-based reasoning. For each subtype, we
use LLMs to draft seed questions, which are then refined and extended by professional
annotators to ensure that they are clear, unambiguous, and verifiable from the image alone.
Rather than emphasizing simple surface-level lookup, we prioritize questions that require
non-trivial visual grounding and reasoning over table structure and values. The final bench-
mark contains 928 high-quality questions, each paired with a manually verified reference
answer and cross-checked by annotators.

We systematically evaluate 21 frontier proprietary (e.g., Gemini, GPT, Claude, Seed-series)
and open-source (e.g., Kimi, GLM, Qwen-series) multimodal foundation models, including
their instruction-tuned and reasoning variants. The best model, Gemini-3-Pro, answers only
68.2% of questions correctly. All other models score below 50.0%, in some cases less than
5%, with substantial variations across model families and parameter sizes. These results
suggest that the diversity of real-world table images and the breadth of our question set
pose significant challenges for current models, particularly in accurately perceiving table
structure and reasoning over cell values, indicating that robust table image understanding
remains far from solved.

Our contributions are threefold:

1) We introduce WildTableBench, a table image understanding benchmark dedicated
to dense, naturally occurring table images from real-world settings, where models
must jointly perform visual grounding, cell recognition, layout parsing, and reason-

2



Published as a conference paper at COLM 2026

ing. The benchmark comprises 402 images sourced from diverse scenarios, together
with 928 human-crafted and verified questions spanning 17 subtypes across five
categories, substantially bridging the gap between existing table evaluation settings
and practical applications.

2) We conduct a comprehensive evaluation of both frontier proprietary and open-
source models on WildTableBench. Our study provides a systematic picture of
current model capabilities on naturally occurring table images and reveals substan-
tial performance gaps that remain in this setting.

3) To better guide future research and development, we design diagnostic experiments
that quantify the impact of reasoning difficulty and reasoning budget on model
performance. We also identify consistent performance declines on cells located in
deeper rows or columns, revealing common failure patterns that call for improved
visual grounding and reasoning.

2 Related Work

Text-based table benchmarks. The majority of existing table understanding benchmarks
represent tables as structured text. TabFact (Chen et al., 2020) scrapes Wikipedia tables
into CSV format for fact verification. TableBench (Wu et al., 2025b) consolidates tables
from WTQ (Pasupat & Liang, 2015), SQA (Iyyer et al., 2017), FinQA (Chen et al., 2021), and
related datasets to evaluate LLMs across 18 task subtypes. NeedleInATable (Wang et al.,
2025) converts tables from WTQ, TabFact, HiTab (Cheng et al., 2022), and TABMWP (Lu
et al., 2022) into HTML and Markdown text formats to study long-context retrieval in LLMs.
TableEval (Zhu et al., 2025) collects tables from real-world PDF documents, converting
them into Markdown format for multilingual question answering. While these benchmarks
target sophisticated reasoning, they provide models with explicit structural representations,
circumventing visual perception and enabling models to exploit dataset-level correlations
without genuinely parsing table layout.

Rendered table image benchmarks. To evaluate visual table understanding, several bench-
marks programmatically convert structured table data into images. TableVQA-Bench (Kim
et al., 2024) produces images in two ways: tables from WTQ and TabFact are rendered by
attaching Wikipedia’s CSS stylesheet to their HTML source and capturing screenshots via
Puppeteer, while tables from FinTabNet (Zheng et al., 2021) are cropped from Fortune 500
annual report PDFs. M2-TabFact (Zhou et al., 2025) extends TabFact with a four-step pipeline
that automatically renders Wikipedia tables into visual form. RealHiTBench (Wu et al.,
2025a) collects hierarchically structured tables from 13 open data platforms (e.g., Kaggle,
OECD, government statistics portals) in Excel format and programmatically converts them
across three modalities: LaTeX, HTML, and PNG. Although these benchmarks extend evalu-
ation beyond purely text-based table understanding, they remain limited in two key respects.
First, most visual inputs for these benchmarks are generated through controlled rendering
or conversion pipelines, rather than being sourced from naturally occurring table images.
Second, these pipelines reduce the variation in visual presentation, producing relatively
clean and homogeneous inputs in typography, color, spacing, and formatting. As a result,
they do not fully capture the visual complexity of real-world images, where screenshots,
scans, and photos often contain compression artifacts, blur, perspective distortion, partial
occlusion, background clutter, and source-specific styling variations.

Concurrent multimodal table/chart benchmarks. MMTBENCH (Titiya et al., 2025) is
a concurrent benchmark for complex multimodal tables that combine tabular content with
auxiliary visual elements such as charts, maps, or entity images, and reports an average of
∼19.5 rows per table. WildTableBench targets a complementary but distinct setting: dense,
pure-table images collected directly from real-world web sources (screenshots, scans, and
photographs), where the key challenge is recovering row-column structure, localising cells,
and reasoning over visually dense content without auxiliary chart or entity elements. Most
WildTableBench images contain at least 20 rows and many exceed 40–50 rows, deliberately
stressing fine-grained visual grounding.
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(b) Image domain and examples

Figure 2: Overview of WildTableBench. (a) Data construction pipeline. (b) Domain distribu-
tion: WildTableBench covers diverse real-world scenarios, incorporating both high-fidelity
digital screenshots and natural photographs across various professional and daily domains.

Summary. Most existing work either operates on structured text without visual perception
or uses programmatically rendered images that remain clean and layout-regular. While con-
current work begins to explore real-world image sourcing (e.g., MMTBENCH for complex
multimodal tables), no prior benchmark focuses specifically on dense, pure-table images
from the open web. WildTableBench addresses this gap by sourcing images directly from
web search engines, capturing domain diversity, layout irregularity, visual noise, and struc-
tural complexity specific to naturally occurring table images, where models must recover
table structure and content purely from visual input.

3 Benchmark Construction

3.1 Image Collection

To ensure that WildTableBench reflects practical table-understanding scenarios, we collect
real-world table images from publicly available web sources, where users share screenshots,
scans, and photographs of tables. Rather than using artificially rendered tables, we design
a collection process to ensure visual diversity and structural complexity in the collected
images. Figure 2 (a) shows our pipeline. It has three stages:

Stage 1: Searching images by keywords. Candidate images are collected from platforms
where users actively share table content, such as forums (e.g., Reddit) and visual discovery
sites (e.g., Pinterest). We use a diverse set of table-related keywords, such as train timetable,
match schedule, and nutrition label (Appendix A), covering multiple domains.

Stage 2: Quality filtering. Collected images are first automatically filtered using a GPT-4o-
based (OpenAI, 2024a) method to remove non-tabular content or tables with insufficient
structural complexity. Remaining images are manually reviewed to remove low-quality
samples, and any personal information (e.g., names or addresses) is masked.

Stage 3: Candidate expansion. The filtered images are used as queries on Bing and Yandex
to expand the dataset with additional table images. Retrieved images are manually reviewed
to ensure structural complexity, visual quality, diversity, and de-identification.

The final dataset comprises 402 table images collected from publicly available web sources,
covering a wide range of topics and scenarios across seven domain categories (Figure 2 (b);
see Appendix B for a full breakdown with fine-grained category labels).
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Table 1: Taxonomy of 17 question subtypes in WILDTABLEBENCH, organized into five
categories. Reference describes the table element the question targets; Output describes the
required answer type. The # column counts questions per subtype.

Category Subtype ID Reference Output Example Question #

Transcription C1-T A column / row range Ordered list of cell
values

List column headers from B5 to H5 in
left-to-right order. 37

Cell Locating C1-L A cell address (e.g., E5) Value at the given
address What is the value in cell G11? 50

Semantic Lookup &
Struct. C1-S A row label + column

label / structural query
Intersection cell value
or structural count

What is the total sales for the
“Electronics” row in the “Q3” column? 58

C1
Cell-Level
(n=180)

Excel Formula C1-F A cell range + target
operation

Excel formula string
(e.g., =SUM(U49:U52))

If “2023” is in cell F15, what formula
calculates the total for that year? 35

Basic Numerical C2-B A column / row
Single operation
(sum, difference,
average, median)

What is the sum of “Total Production”
for the first five countries listed? 41

Ranking C2-R A column + rank
criterion

Max, min, or
value/entity at the
specified rank

Which product has the 3rd highest
revenue in the table? 59

Conditional
Numerical C2-C A filter condition +

target column
Aggregate over
filtered rows

What percentage of Views came from
External traffic on 4/10/2020? 162

C2
Numerical
(n=424)

Multi-step
Conditional C2-M Multiple nested

conditions
Multi-step numeric
result

For tasks with “Percent Complete”
> 75%, what is the total variance
between Estimate and Actual?

162

Value Verification C3-V A factual claim about
specific cell values True / False

True or False: Total Revenue for 2026
is $5,443,860 and the growth rate
shows 43%

35

Aggregate
Verification C3-A A numeric aggregate

claim (sum, avg, count) True / False Are there exactly 10 occurrences of
“Tacna” in the “Ciudad Nac.” range? 18C3

Verification
(n=90)

Conditional
Verification C3-C A conditional / filtered

factual claim True / False
True or False: The count of
“Argentina” rows is less than the
count of “Australia” rows

37

Row Operation C4-R A row addition /
removal condition

Recalculated result
after row edit

If rows where ACTUAL exceeds
BUDGET by ≥$50 are removed, what
is the new total?

52

Value Modification C4-M A cell-value change
specification

Updated aggregate
after the edit

If “Expired” status rows are changed
to “Used”, what is the new Used
Count total?

21
C4
Hypothetical
(n=107)

Hypothetical
Condition C4-H A hypothetical what-if

scenario
Derived numeric or
Boolean result

If rows with MARK=‘X’ receive a 10%
pay increase, what is the new total
pay?

34

Color Identification C5-I
A cell, region, legend
entry, or color-coded
category

Color name or the
category/status the
color encodes

What is the background color of the
“CanFan 10” row? 19

Color-based
Counting C5-C A target color or

color-encoded category
Count of matching
cells or records

How many cells in the table contain
white-colored text? 43C5

Color
(n=127)

Color-based
Reasoning C5-R

A color filter plus an
additional condition or
operation

Conditional count or
arithmetic result over
color-selected subset

Sum all cells filled with a yellow
background. 65

3.2 Task Taxonomy and Question Annotation

After collecting and filtering candidate images, we define a question taxonomy to guide
annotation and evaluation. WildTableBench organizes questions into a two-level taxonomy
with five categories and 17 subtypes. Table 1 summarizes each subtype, including its
identifier (e.g., C1-T for Cell-Level Transcription), the targeted table reference, the expected
output type, and an example question.

Question type taxonomy. The taxonomy spans a broad range of capabilities, from local
cell perception and retrieval to multi-step reasoning. C1: Cell-Level Understanding covers
direct transcription, cell localization, and label-based lookup of table content. C2: Numerical
Reasoning requires arithmetic, ranking, and conditional aggregation over extracted values.
C3: Fact Verification asks models to judge the truth of claims about cell values or aggregates,
optionally under filtering conditions. C4: Hypothetical Reasoning evaluates counterfactual
recomputation under explicit row- or value-level edits described in the question. C5: Color-
Based Reasoning targets color-encoded cues, including color identification and computation
over color-selected subsets.

Category assignment rules. Each question is assigned to a category based on its primary task
objective and the final operation required to answer it, not by the presence of any particular
prerequisite step (since many questions require C1-style cell perception as a precondition).
Concretely: C1 is assigned when the final answer is a cell value, list of cell values, or a
structural count obtained by direct lookup; C2 when the final answer requires arithmetic,
ranking, or aggregation over extracted numeric values; C3 when the final answer is a
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Boolean judgment about a claim concerning cell values or aggregates; C4 when the final
answer requires recomputation after an explicit hypothetical row or value edit; and C5 when
color-coded visual cues are a necessary part of the evidence, regardless of the downstream
operation.

Annotation strategy. All questions were annotated in English by five university students
using a dedicated platform. For each candidate image, GPT-5.2 (OpenAI, 2026a) first
generates 8 draft questions with prompts designed to cover taxonomy subtypes relevant to
that image. These drafts serve only as annotation aids rather than final benchmark items.
Following the annotation pipeline shown in Figure 2 (a), the annotators then review, revise,
discard, and supplement the drafts to ensure that every retained Q&A pair is unambiguous,
image-grounded, and verifiable.

For quality control, every question is handled by at least two annotators: one annotator
determines the question and its reference answer directly from the table image, and a
second annotator independently cross-checks both against the image, with disagreements
resolved by discussion. After the initial stage, all five annotators collectively re-reviewed
the completed set; any flagged item was discussed and revised until consensus was reached.
Reference answers are not derived from LLM outputs: they are determined directly from
the image by the annotator and independently verified.

The final benchmark contains 928 questions across 402 images, with 2.3 questions per image
on average. More than 95% of the questions were newly written or substantially revised by
humans, and all reference answers were verified by at least two annotators to ensure quality
and reliability.

4 Experiments

4.1 Experimental Setup

Models. Using WildTableBench, we evaluate the table understanding capabilities of 21
models, including both proprietary API-based and open-source models.

1) Proprietary models (9). These nine models are accessed through their official APIs and
cover a range of model families and capability–cost trade-offs. They include OpenAI:
o3 (OpenAI, 2024b), GPT-4o (OpenAI, 2024a), GPT-5-mini (OpenAI, 2026b), and GPT-
5.2 (OpenAI, 2026a) ; Google: Gemini-3-Pro (Google DeepMind, 2026b) and Gemini-
3-Flash (Google DeepMind, 2026a); Anthropic: Claude-Sonnet-4.6 (Anthropic, 2026b)
and Claude-Opus-4.6 (Anthropic, 2026a); and Bytedance: Seed-2.0-Pro (Seed, 2026). For
models that support configurable reasoning, we use high reasoning effort.

2) Open-source models (12). These models come from three families. Qwen3-VL (Bai et al.,
2025) is a series of vision-language models available in five parameter scales: 2B, 4B, 8B,
32B, and 235B. For each scale, we evaluate both the standard instruction-tuned variant
(Instruct) and the chain-of-thought reasoning variant (Thinking), yielding ten models in total.

Kimi-K2.5 (Team et al., 2026) is a 1-trillion parameter Mixture-of-Experts multimodal
model with open weights released under a Modified MIT License. GLM-4.6V (Hong et al.,
2025) is a 106B-parameter MoE vision-language model with open weights supporting 128K
context. Full implementation details are provided in Appendix C.

3) Table-specialized models. To provide context on how domain-specific systems perform on
dense wild table images, we additionally evaluate Table-LLaVA (Zheng et al., 2024) and
Granite-4.0-3B-Vision (IBM Granite Vision Team, 2025). Results are reported in Appendix H.

Task format. All questions in WildTableBench are answered in a free-form format. We avoid
multiple-choice options to prevent answer-selection shortcuts and to better reflect practical
table understanding scenarios. Each model is prompted to analyze the table image step by
step and end its response with “Final answer: [answer]”. We extract the prediction from the
last occurrence of this pattern. The full inference prompt is provided in Appendix D.1.

Evaluation protocol: LLM-as-judge. Following prior work (Zheng et al., 2023; Chen et al.,
2024), we use GPT-5.2 as an LLM judge. It receives the question, reference answer, final
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Table 2: Accuracy (%) on WILDTABLEBENCH by subtype and by category (see Table 1). Avg
columns average subtypes within each category. Bold = column best. Category-balanced
macro-averages closely agree with the micro (overall) rankings for all 21 models (Kendall’s
τ=0.96); see Appendix I for full macro results.
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Proprietary LMMs
Gemini-3-Pro 67.6 72.0 46.6 60.0 60.6 78.0 79.7 74.1 66.7 72.4 74.3 55.6 75.7 71.1 76.9 61.9 82.4 75.7 57.9 62.8 52.3 56.7 68.2
Gemini-3-Flash 43.2 62.0 50.0 45.7 51.1 36.6 42.4 54.3 51.2 49.8 42.9 55.6 70.3 56.7 57.7 57.1 50.0 55.1 52.6 37.2 33.8 37.8 49.7
Seed-2.0-Pro 51.4 68.0 56.9 57.1 58.9 39.0 37.3 52.5 42.0 45.0 74.3 61.1 67.6 68.9 48.1 42.9 44.1 45.8 57.9 37.2 23.1 33.1 48.5
GPT-5.2 43.2 66.0 46.6 51.4 52.2 46.3 45.8 42.0 48.8 45.5 51.4 44.4 64.9 55.6 44.2 66.7 61.8 54.2 52.6 30.2 23.1 29.9 46.7
Claude-Opus-4.6 45.9 66.0 32.8 51.4 48.3 53.7 42.4 47.5 45.7 46.7 74.3 44.4 56.8 61.1 67.3 33.3 50.0 55.1 42.1 25.6 10.8 20.5 45.8
Claude-Sonnet-4.6 18.9 40.0 46.6 34.3 36.7 34.1 25.4 37.0 34.6 34.2 51.4 38.9 51.4 48.9 50.0 42.9 52.9 49.5 31.6 18.6 12.3 17.3 35.6
GPT-5-mini 24.3 24.0 20.7 14.3 21.1 29.3 20.3 27.8 21.6 24.5 51.4 27.8 40.5 42.2 38.5 28.6 32.4 34.6 42.1 14.0 12.3 17.3 25.8
o3 10.8 16.0 20.7 22.9 17.8 14.6 5.1 9.3 14.2 11.1 48.6 16.7 27.0 33.3 9.6 9.5 11.8 10.3 26.3 9.3 13.8 14.2 14.9
GPT-4o 5.4 4.0 0.0 5.7 3.3 2.4 0.0 3.7 5.6 3.8 17.1 11.1 32.4 22.2 0.0 0.0 0.0 0.0 15.8 4.7 4.6 6.3 5.4
Open-source LMMs: Thinking
Kimi-K2.5 45.9 46.0 51.7 37.1 46.1 48.8 59.3 50.6 45.7 49.8 57.1 83.3 70.3 67.8 57.7 52.4 52.9 55.1 68.4 27.9 35.4 37.8 49.8
Qwen3-VL-235B-T 27.0 46.0 32.8 40.0 36.7 36.6 22.0 37.7 32.1 33.3 25.7 38.9 54.1 40.0 30.8 42.9 50.0 39.3 57.9 23.3 21.5 27.6 34.5
Qwen3-VL-32B-T 13.5 28.0 46.6 25.7 30.6 36.6 25.4 30.9 24.1 28.1 40.0 16.7 48.6 38.9 34.6 4.8 11.8 21.5 57.9 25.6 23.1 29.1 29.0
GLM-4.6V 27.0 20.0 10.3 14.3 17.2 26.8 10.2 28.4 24.1 24.1 17.1 27.8 48.6 32.2 34.6 23.8 17.6 27.1 68.4 18.6 20.0 26.8 24.2
Qwen3-VL-8B-T 10.8 14.0 3.4 5.7 8.3 29.3 10.2 21.0 8.6 15.6 34.3 16.7 27.0 27.8 19.2 0.0 26.5 17.8 31.6 9.3 6.2 11.0 15.0
Qwen3-VL-4B-T 5.4 8.0 0.0 2.9 3.9 4.9 1.7 8.6 3.7 5.4 25.7 11.1 29.7 24.4 9.6 0.0 2.9 5.6 15.8 11.6 4.6 8.7 7.4
Qwen3-VL-2B-T 5.4 6.0 0.0 2.9 3.3 0.0 0.0 4.3 1.9 2.4 14.3 16.7 16.2 15.6 1.9 0.0 0.0 0.9 21.1 2.3 1.5 4.7 4.0
Open-source LMMs: Instruct
Qwen3-VL-235B-I 24.3 28.0 24.1 14.3 23.3 29.3 20.3 30.2 25.3 26.9 31.4 38.9 35.1 34.4 25.0 23.8 14.7 21.5 68.4 14.0 12.3 21.3 25.5
Qwen3-VL-32B-I 16.2 30.0 24.1 25.7 24.4 17.1 20.3 23.5 24.1 22.6 42.9 38.9 43.2 42.2 26.9 33.3 20.6 26.2 42.1 20.9 9.2 18.1 24.7
Qwen3-VL-8B-I 10.8 16.0 3.4 8.6 9.4 9.8 10.2 11.1 6.2 9.0 17.1 16.7 18.9 17.8 15.4 0.0 5.9 9.3 42.1 4.7 1.5 8.7 9.9
Qwen3-VL-4B-I 10.8 10.0 3.4 8.6 7.8 2.4 1.7 6.8 5.6 5.2 25.7 11.1 10.8 16.7 9.6 4.8 2.9 6.5 36.8 7.0 4.6 10.2 7.7
Qwen3-VL-2B-I 2.7 6.0 6.9 0.0 4.4 2.4 0.0 3.7 4.3 3.3 22.9 16.7 24.3 22.2 1.9 0.0 2.9 1.9 36.8 2.3 3.1 7.9 5.8

answer, and full model response, applying format-insensitive matching rules (Appendix D.2
– D.3) for numerical, text, Boolean, and list answers. We validate reliability through 4
random audits of 50 responses each, finding 96%±2% agreement with human judgments. A
cross-judge validation with Claude-Opus-4.6 and Gemini-3-Pro is reported in Appendix J.

4.2 Main Results

Table 2 reports accuracy for all evaluated models. Several findings stand out:

WildTableBench is challenging even for frontier proprietary models. In terms of overall
accuracy, Gemini-3-Pro achieves the best score at only 68.2%, leaving nearly one-third of
the questions incorrect. Within the proprietary tier, performance varies widely, and most
evaluated models remain below 50% overall: while Claude-Opus-4.6 (45.8%), Gemini-3-
Flash (49.7%), and GPT-5.2 (46.7%) approach the 50% level, GPT-5-mini, o3, and GPT-4o fall
much lower at 25.8%, 14.9%, and 5.4%, respectively; GPT-4o also records 0.0% on several
subtypes. Overall, these results show that WildTableBench is difficult even for current
frontier proprietary models, with substantial capability variation even within this tier.

Proprietary frontier models generally outperform open-source alternatives. Among open-
source models, Kimi-K2.5 achieves the highest overall accuracy at 49.8%, followed by
Qwen3-VL-235B-T at 34.5%. Both remain well below Gemini-3-Pro, trailing it by 18.4%
and 33.7%, respectively. The remaining open-source models perform substantially worse,
consistent with the predominance of low-accuracy cells ( , corresponding roughly
to 30–0%) in the lower portion of Table 2. This gap highlights the difficulty of real-world
table understanding for current open-source models.

Model performance varies substantially across question categories. C3 (Verification
question) is often among the highest-accuracy categories across models. Gemini-3-Pro,
Seed-2.0-Pro, and Kimi-K2.5 reach 71.1%, 68.9%, and 67.8% on C3, respectively, and even
GPT-5-mini scores 42.2%, higher than its C1, C2, and C5 results. In contrast, C5 (Color) is
frequently among the weakest categories: GPT-5.2 scores 29.9%, Claude-Opus-4.6 20.5%,
and Claude-Sonnet-4.6 17.3%, while even Gemini-3-Pro reaches only 56.7%. For C5, a closer
look suggests that the challenge lies less in recognizing color itself than in using color for
reasoning. Kimi-K2.5 drops from 68.4% on C5-I to 27.9% on C5-C and 35.4% on C5-R, and
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Figure 3: Cell-retrieval accuracy across a 10×10 (row × column) grid, based on 2,489 needles
from 50 real-world spreadsheet images. Each subplot is normalised by its own min–max
range to highlight within-model positional sensitivity, and the overall accuracy of each model
is shown in the subplot title. Results for eight additional models are provided in Appendix E.

GLM-4.6V drops from 68.4% on C5-I to 18.6% on C5-C and 20.0% on C5-R. This suggests that
the difficulty of WildTableBench lies not only in local perception, but also in compositional
reasoning over grounded table evidence.

Larger reasoning models perform better. Within the Qwen3-VL Thinking family, overall
accuracy increases from 4.0% (2B) to 7.4% (4B), 15.0% (8B), and 34.5% (235B). A similar trend
holds for the Instruct family, where performance rises from 5.8% to 7.7%, 9.9%, and 25.5% as
model size increases. The advantage of Thinking over Instruct is small at 2B (4.0% vs. 5.8%),
but becomes clear at 8B (15.0% vs. 9.9%) and 235B (34.5% vs. 25.5%), suggesting that explicit
reasoning is more beneficial at larger scales. Across question categories, this advantage is
especially clear in structured reasoning tasks. For example, Qwen3-VL-235B-T outperforms
Qwen3-VL-235B-I on C1 (36.7% vs. 23.3%), C2 (33.3% vs. 26.9%), and C4 (39.3% vs. 21.5%).

Overall, WildTableBench provides a fine-grained view of table understanding ability. Be-
yond ranking models by overall accuracy, it reveals where they succeed and fail across
different skills, including verification, numerical reasoning, hypothetical reasoning, and
color-based reasoning. This makes the benchmark useful not only for comparing frontier
and open-source models, but also for diagnosing their distinct strengths and weaknesses.
More broadly, the results suggest that table understanding is not a single ability, but a
combination of perception, grounding, and multi-step reasoning skills.

We further verify that these results require genuine visual evidence. In a question-only
baseline where models receive the question text but no table image, Gemini-3-Pro and
GPT-5.2 achieve only 5.7% and 5.5% respectively, indicating that question templates alone
do not explain the observed performance. Additionally, replacing images with Nemotron-
OCR-v2 transcriptions generally degrades performance for stronger models (Gemini-3-Pro:
68.2%→37.6%, GPT-5.2: 46.7%→17.7%), reflecting a 38.2% character error rate on dense
wild table images and confirming that visual extraction is a primary bottleneck. Full OCR
and clean-rendered ablation results are in Appendix K.

4.3 Analysis and Discussion

Cell-position sensitivity. To examine whether retrieval accuracy depends on cell location,
we construct 2,489 cell-retrieval needles from 50 spreadsheet images (Figure 3). Two patterns
emerge consistently. First, retrieval is generally strongest near the top-left and tends to
weaken as cells move toward deeper rows and farther columns, but the relative contribution
of row depth and column depth varies across models. Second, several models show a mild
recovery at the bottom boundary relative to the adjacent interior rows, suggesting a possible
visual anchor effect in which boundary rows are easier to localize than rows embedded in the
middle of the table. Notably, this bottom-right disadvantage persists even in the strongest
models, pointing to a systematic positional bias in visual grounding.

Reasoning budget scaling. We study how accuracy scales with reasoning effort in three
representative models. Figure 4 plots accuracy against average reasoning tokens (top)
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Gemini-3-Pro
Gemini-3-Flash
Kimi-K2.5

(a) Average Reasoning Tokens

(b) Average Cost ($)

Model L1 L2 L3 L4 L5 Overall1 cell 2–10 cells 11–20 cells 21–30 cells >30 cells
(n=43) (n=150) (n=150) (n=150) (n=150)

Proprietary LMMs
Gemini-3-Pro 83.7 71.3 72.7 56.7 57.3 65.8
Gemini-3-Flash 67.4 61.3 52.7 40.7 34.7 48.7
Seed-2.0-Pro 76.7 55.3 44.0 44.7 36.0 47.1
GPT-5.2 65.1 47.3 45.3 48.7 41.3 47.0
Claude-Opus-4.6 60.5 50.7 43.3 47.3 35.3 45.3
Claude-Sonnet-4.6 48.8 40.0 33.3 31.3 26.0 33.7
GPT-5-mini 32.6 24.0 27.3 25.3 22.7 25.3
o3 20.9 19.3 14.7 13.3 10.7 14.9
GPT-4o 14.0 7.3 6.0 5.3 3.3 6.1
Open-source LMMs: Thinking
Kimi-K2.5 51.2 52.0 49.3 49.3 46.0 49.3
Qwen3-VL-235B-T 51.2 37.3 31.3 35.3 34.0 35.6
Qwen3-VL-32B-T 37.2 40.7 28.7 23.3 22.7 29.4
GLM-4.6V 34.9 32.0 14.7 28.7 14.7 23.3
Qwen3-VL-8B-T 25.6 18.0 17.3 12.0 10.7 15.2
Qwen3-VL-4B-T 23.3 13.3 6.7 7.3 2.7 8.6
Qwen3-VL-2B-T 11.6 6.0 5.3 3.3 1.3 4.5
Open-source LMMs: Instruct
Qwen3-VL-235B-I 41.9 31.3 16.7 29.3 18.7 25.2
Qwen3-VL-32B-I 39.5 31.3 18.7 26.0 15.3 24.0
Qwen3-VL-8B-I 25.6 12.0 9.3 11.3 3.3 10.1
Qwen3-VL-4B-I 18.6 9.3 3.3 10.7 6.0 8.1
Qwen3-VL-2B-I 16.3 11.3 1.3 7.3 2.0 6.2

Figure 4: Reasoning budget. (a) accuracy
vs. average reasoning tokens; (b) accuracy vs.
per-query cost ($) for Gemini-3-Pro (low/high),
Gemini-3-Flash (minimal/low/medium/high),
and Kimi-K2.5 (disabled/enabled).

Table 3: Accuracy (%) by multi-level hop reason-
ing (cells accessed per question). Column headers
show the cells-accessed range; n = question count
per bin. Cell shading indicates accuracy (darker
green = higher). Bold = best per column.

and per-query cost (bottom) for Gemini-3-Pro, Gemini-3-Flash, and Kimi-K2.5. All three
improve with more reasoning, but returns diminish: enabling reasoning gives Kimi-K2.5
a 15.4% gain, whereas raising Gemini-3-Flash from minimal to high effort adds only 7.8%.
Gemini-3-Pro gets the best accuracy (68.2%) but also the highest cost; Gemini-3-Flash at
minimal reasoning attains 40.5% for just $0.0017 per query, making it the most cost-efficient
setting tested. Overall, reasoning budget is an effective but model-dependent lever, and its
cost-accuracy tradeoff varies substantially across families (see Appendix F for details).

Multi-hop reasoning. To examine how question difficulty scales with reasoning depth,
we group questions by the number of table cells accessed to derive the answer: L1 (1 cell,
n=43), L2 (2–10 cells, n=150), L3 (11–20 cells, n=150), L4 (21–30 cells, n=150), and L5 (>30
cells, n=150). Results are reported on the 643 questions for which both evaluation outputs
and hop-level annotations are available (Table 3). Most models show a broadly decreasing
trend as hop level increases. This decline is particularly pronounced for smaller open-source
models: Qwen3-VL-2B-T drops from 11.6% at L1 to 1.3% at L5. By contrast, Gemini-3-
Pro achieves the highest L1 accuracy (83.7%) and remains relatively strong at L5 (57.3%),
whereas GPT-5.2 declines from 65.1% to 41.3%. These results suggest that robustness on
high-complexity multi-hop questions varies substantially across model families.

Image-type sensitivity. We also compare model performance on spreadsheet and non-
spreadsheet images to assess whether image type affects table understanding. The question
distribution across the two image types is relatively balanced, at 54.6% versus 45.4%. Effects
are heterogeneous across models rather than following a single direction: Seed-2.0-Pro
shows the largest spreadsheet advantage (+8.7%), with Claude-Opus-4.6 also higher (+4.9%),
whereas Gemini-3-Flash and Kimi-K2.5 score 7.2% and 7.7% lower on spreadsheets. A similar
reversal appears across question categories: spreadsheet questions are easier for Verification
(+5.1%) but harder for Hypothetical reasoning (−9.1%). These results suggest that image
type alone does not determine difficulty; rather, its effect depends on the reasoning required.

4.4 Error Analysis

Figure 5 (a) shows a strikingly consistent pattern across representative models: most failures
arise before explicit reasoning, in the perceptual stages of Locating and Recognition. This
analysis uses a balanced subset of five categories, reducing the effect of category imbalance.
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(a) Error type distribution

Question: Which dates had at least one
employee absent, excluding representative
holidays?

Answer: 3, 4, 11, 18, 24 and 25

Image Domain: Business & Management
Question Category:

Multi-step Conditional
Required Skills:

Cell Locating Visual Parsing

Question: List teams facing ’bottom 4’
opponents in two consecutive matches per
Opta difficulty ratings.
Answer: Everton, Newcastle, Sheffield
Utd, Tottenham

Image Domain: Sports & Health
Question Category:

Color-based Reasoning
Required Skills:

Color Filtering Multi-hop Reasoning

(b) All models failed examples
Figure 5: Error analysis. (a) Error-type breakdown (locating, recognition, reasoning, comprehension)
across representative models. Each horizontal stacked bar reports absolute error counts. Perception-
related errors (Locating + Recognition) dominate across most model families. (b) Examples of
questions that all models answer incorrectly.

For nearly all models, these two categories together account for the majority of errors,
indicating that the main bottleneck on WildTableBench is reliable visual grounding rather
than downstream deduction alone. Similar observations have been reported in other
multimodal tasks (Sun et al., 2026), revealing the gap between models’ nominal visual
capabilities and their ability to effectively use visual evidence for task-relevant reasoning. In
other words, models often fail either to identify the correct region in a dense real-world table
or to accurately read the relevant cell content once the region has been found. As overall
accuracy decreases, both error types increase substantially, with locating errors growing
especially sharply for weaker models, while Reasoning and Comprehension remain secondary
but still non-negligible. Figure 5 (b) further shows two examples missed by all models, both
requiring precise cell selection over large search spaces: one combines conditional filtering
with listing in a dense attendance table, and the other requires color-based reasoning across
multiple rows and consecutive entries. Taken together, these results suggest that future
gains on real-world table VQA will depend at least as much on improving fine-grained
table perception, visual parsing, and grounding as on strengthening high-level reasoning.

5 Conclusion

We present WildTableBench, a benchmark for evaluating multimodal foundation models
on real-world table image understanding. Unlike prior benchmarks that rely on structured
text representations or programmatically rendered images, WildTableBench is built from
402 table images collected directly from real-world web sources. Based on these images, we
annotate 928 questions spanning five categories and 17 subtypes. We evaluate 21 frontier
and representative multimodal foundation models and conduct fine-grained analyses by
category, subtype, reasoning depth, cell position, image type, reasoning budget, and error
source. Our results show that real-world table understanding remains difficult for current
models. Only one evaluated model exceeds 50% accuracy, and strong open-source models
still lag behind frontier proprietary systems. Model performance also varies substantially
across skills: verification is relatively tractable, while color-based, hypothetical, and higher-
hop questions remain much harder. More importantly, our analyses show that the main
bottleneck is reliable visual grounding rather than high-level reasoning alone: most errors come
from locating and recognition failures, and even strong models exhibit persistent positional
biases. We hope WildTableBench helps diagnose these limitations and guide future progress.
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A Keyword-Based Image Collection

Figure 6 summarizes the keyword schema used to seed candidate retrieval. Rather than
relying on a narrow set of generic spreadsheet prompts, we construct a broader retrieval
space by combining spreadsheet-oriented prompts that foreground tabular structure with
scenario-grounded web queries that reflect realistic search intents. The schematic is orga-
nized by representative table types and lists the corresponding example queries used for
retrieval, covering a wide range of real-world settings, including nutrition labels, medical
reports, financial records, timetables, schedules, price lists, rankings, and scientific tables.
This design increases semantic and visual coverage at the retrieval stage and helps surface
candidate images that better reflect the heterogeneity of naturally occurring table images.
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Table 4: Image domain taxonomy with fine-grained category labels and dataset statistics.

Domain Count Proportion (%) Subcategories

Business & Management 106 26.4 • employee roster • project timeline

Finance & Accounting 70 17.4 • financial statement • stock table
• auction results • price list
• budget table • loan rates

Sports & Health 66 16.4 • match schedule • sports standings
• race results • leaderboard
• player statistics • team roster
• nutrition label • medical report
• gym class schedule

Education & Science 65 16.2 • academic transcript • class schedule
• exam schedule • attendance record
• chemical data • bom materials

Transportation 43 10.7 • transit timetable • ferry schedule
• flight schedule • shipping rates

Society & Media 35 8.7 • tv schedule • election results
• lottery results • movie showtime
• survey results • comparison table

Others 17 4.2 • tide table —

Total 402 100.0

B Image Domain Taxonomy

Table 4 presents the domain taxonomy used to organize the 402 table images in
WildTableBench. Each image is assigned to one of seven coarse-grained domains and
further annotated with a fine-grained category label (e.g., Finance & Accounting is subdi-
vided into financial statement, stock table, price list, among others). The taxonomy covers a
wide range of real-world settings, including professional, public, scientific, and recreational
contexts, providing a structured basis for analyzing model performance across different
table scenarios. Figures 7–12 show representative examples (Others omitted).

C Implementation Details

All API-accessed models are queried through the OpenRouter unified endpoint, with the
exception of Seed-2.0-Pro, which is accessed via a separate API. All requests use a per-
request timeout of 120 seconds; failed requests due to transient errors are retried up to five
times with exponential backoff; all questions are guaranteed to have a valid model response
in the final evaluation. Locally deployed Qwen3-VL models are run on NVIDIA GPUs.

D Evaluation Prompts

We use a two-step evaluation pipeline. First, each evaluated model receives the table image
together with a task prompt and produces a free-form response. Second, GPT-5.2 serves
as an LLM judge to determine correctness by comparing the model output against the
ground-truth answer already annotated in the benchmark under explicit, format-insensitive
decision rules. This appendix reports the exact prompts used for response generation and
answer verification.

This design separates answer generation from answer verification. The generation prompt
is standardized across models to reduce prompt-induced variance, whereas the judging
prompts are specialized for the answer format required by different task types. In particular,
Transcription questions require exact recovery of multiple table entries and therefore use
a stricter judging template than the rest of the benchmark. Accordingly, the two-step
pipeline is implemented with one response-generation prompt and two answer-verification
templates, shown in Box 1, Box 2, and Box 3.
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D.1 Answer Generation Stage

To elicit structured responses from vision-language models, we instruct each model to solve
the question step-by-step and to end with a clearly marked final answer (Box 1). This
prompt serves two purposes. First, the explicit Final answer: marker enables deterministic
extraction of the answer span for downstream evaluation. Second, the intermediate rea-
soning provides additional context when the extracted final answer is missing, incomplete,
or ambiguously phrased. We keep the prompt intentionally short so that it standardizes
answer formatting without injecting task-specific hints beyond the question itself. The
{question} placeholder is replaced with the question text for each instance.

Box 1. Prompt Template for Model Answer Generation

You are given a question that refers to an image. Solve this question step-by-step.
Provide your final answer in the following format:

• Final answer:

– [your concise answer]

• ### Question

– {question}

D.2 Automatic Answer Verification: General Questions

Following prior work (Zheng et al., 2023; Chen et al., 2024), we use GPT-5.2 as an LLM
judge to evaluate answer correctness. The general judging prompt shown in Box 2 is used
for all question types except Transcription (C1-T). The judge receives four inputs—the
question, the ground truth answer, the model’s extracted final answer, and the model’s full
response—and is instructed to decide from the extracted final answer whenever possible,
consulting the full response only as a fallback. The decision rules are strict about semantic
content while tolerant to superficial formatting variation: numerical answers are matched
by value regardless of currency symbols or separators, textual answers are compared
case-insensitively, and boolean questions accept equivalent affirmative or negative forms.

Box 2. Prompt Template for LLM-based General Answer Verification

You are a STRICT judge evaluating if a model’s answer matches the ground truth.
Question:

• {question}

Ground Truth Answer:

• {ground_truth}

Model’s Final Answer: (what the model gave after “Final answer:”)

• {model_final_answer}

Model’s Full Response: (reasoning + answer, for reference when final answer is
unclear)

• {model_full_response}

Instructions: First judge correctness using Model’s Final Answer only. If the final
answer clearly matches (or clearly does not match) the ground truth, base your
decision on that. Only when the final answer is ambiguous, missing, or you cannot
tell—use Model’s Full Response (reasoning) to decide. Same value = CORRECT; ignore
formatting (bold, spaces, extra words).
STRICT Evaluation Rules:

1. Numerical/currency answers: If the model’s stated value equals the ground
truth (same number), answer CORRECT. Format does not matter.

• “$151,830” = “151830” = “The revenue was $151,830.” = “$151,830”
(CORRECT)
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• Only if the value is different (e.g., $150,000 vs $151,830) answer
INCORRECT.

2. Text answers: Must be semantically equivalent.

• Case differences OK: “Apple” = “apple” (CORRECT)

• Different content is INCORRECT: “Product A” ̸= “Product B”.

3. Boolean/Yes-No answers: Semantically equivalent forms are OK.

• “Yes” = “True” = “Correct” (CORRECT)

• “No” = “False” = “Incorrect” (CORRECT)

D.3 Automatic Answer Verification: Transcription Questions

For Transcription questions (C1-T), which require models to reproduce all cell values in the
correct order, we use the stricter judging prompt shown in Box 3. Unlike short-answer or
reasoning questions, transcription demands completeness and order preservation, so the
prompt rejects omissions, insertions, and permutations. It remains tolerant to presentation-
level variation such as different separators (e.g., commas, pipes, newlines), equivalent
number formats (e.g., “0.10” and “0.1”), and case differences.

Box 3. Prompt Template for LLM-based Transcription Verification

You are a STRICT judge evaluating if a model’s transcription matches the ground
truth.
Question:

• {question}

Ground Truth Answer:

• {ground_truth}

Model’s Final Answer: (what the model gave after “Answer:”)

• {model_final_answer}

Model’s Full Response: (reasoning + answer, for reference when final answer is
unclear)

• {model_full_response}

Instructions: First judge correctness using Model’s Final Answer only. Follow this
logic:

1. If the final answer clearly matches the ground truth → CORRECT.

2. If the final answer contains wrong values → INCORRECT immediately (do NOT
check full response).

3. If the final answer appears partial (fewer values than expected, seems
truncated, but the values present are all correct) → use Model’s Full
Response to find the complete answer and judge based on that.

4. If the final answer is missing or ambiguous → use Model’s Full Response to
decide.

STRICT Rules for Transcription:

1. All values must be present — missing even one value = INCORRECT.

2. Order must match — if the question specifies top-to-bottom or left-to-right,
the order must be correct.

3. No extra values — values not in the ground truth = INCORRECT.

4. Separators are flexible — commas / pipes / newlines / spaces are
interchangeable.

5. Number formatting is flexible — “0.10” = “0.1”, “1.00” = “1” (CORRECT).
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6. Case is flexible — “apple” = “Apple” (CORRECT).

7. Minor punctuation differences are OK — trailing period, extra spaces
(CORRECT).

Is the model’s transcription CORRECT or INCORRECT?
Return ONLY one word: “CORRECT” or “INCORRECT”.

E Cell-Position Sensitivity: Full Results

Experimental Setup. We construct a cell-retrieval evaluation set of 2,489 needles from
50 real-world spreadsheet images, filtered to the common subset evaluated by all models.
Each needle asks the model to report the exact value at a given cell address (e.g., “What is
the exact value in cell B7?”); responses are graded by string normalisation with numeric
tolerance. Row depth and column depth are each divided into 10 equal bands (0–10%,
10–20%, . . . , 90–100%), forming a 10×10 position grid, and accuracy is computed per bin.

Figure 13 shows cell-retrieval accuracy heatmaps for eight additional evaluated models
(two proprietary and six open-source). Each subplot shows per-model min–max normalised
accuracy across the 10×10 row × column grid.
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Figure 13: Cell-retrieval accuracy heatmaps for eight additional evaluated models. Per-
model min–max normalized accuracy across the 10×10 row × column grid.

F More Analysis on Reasoning

Following Section 4 and Figure 4, we further observe that WildTableBench consistently
rewards thinking across all question categories. For example, when comparing high vs.
low reasoning effort in Gemini-3-Pro, questions from the Hypothetical category appear
among the most improved categories, with gains of around one quarter. This highlights
both the annotation quality and the challenge of WildTableBench: its questions genuinely
require careful reasoning rather than simple, direct answers. These results also suggest that
WildTableBench can serve as a useful standard for measuring how models improve as they
evolve from instruction-tuned to thinking variants.
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Table 5: Accuracy (%) by image type (Spreadsheet 54.6% vs. Non-Spreadsheet 45.4%) and
question category across all 21 models. Avg = overall accuracy on that image type.

Model Spreadsheet (54.6%) Non-Spreadsheet (45.4%)
C1 C2 C3 C4 C5 Avg C1 C2 C3 C4 C5 Avg

Proprietary LMMs
Gemini-3-Pro 61.6 74.3 69.7 75.0 52.9 67.4 68.2 70.1 73.5 75.9 59.1 69.2
Gemini-3-Flash 46.2 45.9 69.7 46.7 33.8 46.0 51.2 53.7 47.1 72.4 45.5 53.2
Seed-2.0-Pro 67.5 51.9 66.7 44.4 42.3 54.3 41.9 47.3 70.4 40.0 20.0 45.6
GPT-5.2 58.6 45.3 60.6 51.7 25.0 47.3 40.9 47.5 52.9 62.1 31.8 46.3
Claude-Opus-4.6 58.6 50.7 72.7 45.0 22.1 48.8 38.6 45.2 50.0 72.4 20.5 43.9
Claude-Sonnet-4.6 37.4 29.1 54.5 43.3 20.6 33.8 34.1 39.0 44.1 62.1 15.9 37.8
GPT-5-mini 12.6 27.0 48.5 35.0 16.2 24.8 29.5 22.6 35.3 31.0 25.0 25.9
o3 16.2 6.8 30.3 5.0 13.2 11.8 20.5 15.3 35.3 20.7 18.2 18.9
GPT-4o 3.0 3.4 21.2 0.0 10.3 5.4 6.8 4.0 26.5 0.0 2.3 6.1
Open-source LMMs: Thinking
Kimi-K2.5 47.5 52.0 66.7 51.7 26.5 47.8 51.2 51.7 67.6 62.1 61.5 55.5
Qwen3-VL-235B-T 38.4 32.4 51.5 36.7 25.0 34.8 36.4 35.6 32.4 44.8 29.5 35.4
Qwen3-VL-32B-T 29.3 28.4 45.5 20.0 30.9 29.2 25.0 28.1 35.3 20.7 29.5 28.0
GLM-4.6V 16.2 22.3 33.3 21.7 25.0 22.1 22.7 25.4 35.3 37.9 27.3 27.4
Qwen3-VL-8B-T 9.1 16.2 30.3 10.0 13.2 14.2 9.1 14.1 26.5 31.0 11.4 15.9
Qwen3-VL-4B-T 5.0 6.0 24.2 1.7 13.2 7.8 4.5 4.9 26.5 13.8 3.7 7.6
Qwen3-VL-2B-T 4.0 2.0 6.1 0.0 1.5 2.4 4.5 2.7 23.5 3.4 9.3 6.1
Open-source LMMs: Instruct
Qwen3-VL-235B-I 21.2 23.0 39.4 18.3 23.5 23.3 27.3 29.9 29.4 27.6 22.7 28.4
Qwen3-VL-32B-I 27.3 17.6 42.4 21.7 23.5 23.5 20.5 26.6 41.2 37.9 13.6 26.5
Qwen3-VL-8B-I 13.1 6.8 18.2 6.7 7.4 9.3 4.5 10.2 17.6 13.8 13.6 11.0
Qwen3-VL-4B-I 6.9 4.0 24.2 8.3 5.9 7.3 11.4 6.6 8.8 3.4 16.7 8.7
Qwen3-VL-2B-I 4.0 1.4 27.3 1.7 7.4 5.1 2.3 5.1 17.6 3.4 11.4 6.7

G Accuracy by Image Type

Table 5 reports per-model accuracy on Spreadsheet (54.6%) and Non-Spreadsheet (45.4%)
images, broken down by question category. Effects vary by model and by category: C4
(Hypothetical) shows a consistent Non-Spreadsheet advantage across nearly all models
(avg. −9.1%), whereas C3 (Verification) tends to favour Spreadsheet images (avg. +5.1%).

H Table-Specialized Model Results

To assess how domain-specific table-understanding systems perform on dense wild table
images, we evaluate two table-specialized models alongside our main results. Table 6
reports their overall accuracy on WildTableBench.

Table 6: Overall accuracy (%) of table-specialized models on WildTableBench.

Model Accuracy (%)

Table-LLaVA (Zheng et al., 2024) 8.3
Granite-4.0-3B-Vision (IBM Granite Vision Team, 2025) 7.3

Both models are designed for clean structured or rendered table inputs and achieve only
8.3% and 7.3% on WildTableBench, substantially below all general-purpose frontier models.
This confirms that dense, naturally occurring table images are out-of-distribution for current
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table-specialized systems and represent a genuinely distinct challenge. WildTableBench is
therefore complementary to prior table-specific evaluation rather than a replacement.

I Category-Balanced Macro-Averaged Results

To verify that question-type imbalance does not bias our main findings, we compute a
category-balanced macro-average for all 21 models, averaging the five per-category scores
equally. Table 7 reports both micro (overall) and macro accuracy. Micro and macro orderings
agree closely at Kendall’s τ=0.96 (4 discordant pairs out of 210, all involving models within
1–2 points of each other), confirming that the observed imbalance (e.g., C2 has 424 questions
vs. C3’s 90) does not substantially alter the ranking or conclusions.

Table 7: Micro (overall) vs. macro (category-balanced) accuracy (%) for all 21 models.

Model Micro (%) Macro (%)

Proprietary
Gemini-3-Pro 68.2 67.3
Gemini-3-Flash 49.7 50.1
Seed-2.0-Pro 48.5 50.3
GPT-5.2 46.7 47.5
Claude-Opus-4.6 45.8 46.3
Claude-Sonnet-4.6 35.6 37.3
GPT-5-mini 25.8 27.9
o3 14.9 17.3
GPT-4o 5.4 7.1

Open-source
Kimi-K2.5 49.8 51.3
Qwen3-VL-235B-T 34.5 35.4
Qwen3-VL-32B-T 29.0 29.6
Qwen3-VL-235B-I 25.5 25.5
Qwen3-VL-32B-I 24.7 26.7
GLM-4.6V 24.2 25.5
Qwen3-VL-8B-T 15.0 16.1
Qwen3-VL-8B-I 9.9 10.8
Qwen3-VL-4B-I 7.7 9.3
Qwen3-VL-4B-T 7.4 9.6
Qwen3-VL-2B-I 5.8 7.9
Qwen3-VL-2B-T 4.0 5.4

J Cross-Judge Validation

To verify that our GPT-5.2 judge does not exhibit family-level bias, we run a cross-judge
validation using Claude-Opus-4.6 and Gemini-3-Pro as alternative judges on 100 sampled
questions per model (21× 100 responses). Table 8 reports accuracy under each judge for a
representative subset of models.

GPT-5.2 agrees with Claude-Opus-4.6 and Gemini-3-Pro on 98.5% and 98.9% of individual
verdicts, respectively. Crucially, GPT-5.2 is not lenient toward OpenAI models: it gives the
lowest or equal score of the three judges on every model, and the cross-judge variance is
similar for OpenAI models (std ≈2.0%) and non-OpenAI models (std ≈2.3%). Rankings are
stable across all three judges (ρ> 0.99). Together, these results confirm that our conclusions
are not an artifact of the choice of judge.

K OCR, Text-Only, and Clean-Rendered Ablations

To disentangle visual extraction difficulty from downstream reasoning difficulty, we conduct
three additional evaluations.
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Table 8: Accuracy (%) on 100 sampled questions per model under three judges. Spearman
ρ=0.99 (GPT-5.2 vs. Gemini-3-Pro) and ρ=0.99 (GPT-5.2 vs. Claude-Opus-4.6) across all 21
models.

Model GPT-5.2 Gemini-3-Pro Claude-Opus-4.6 Mean Std

Gemini-3-Pro 70.0 72.0 72.0 71.3 1.15
Kimi-K2.5 56.0 58.0 59.0 57.7 1.53
GPT-5.2 55.0 57.0 59.0 57.0 2.00
Seed-2.0-Pro 53.0 56.0 57.0 55.3 2.08
Claude-Opus-4.6 54.0 55.0 56.0 55.0 1.00
Gemini-3-Flash 45.0 49.0 49.0 47.7 2.31
Claude-Sonnet-4.6 34.0 35.0 35.0 34.7 0.58
GPT-5-mini 21.0 24.0 25.0 23.3 2.08
o3 14.0 14.0 14.0 14.0 0.00
GPT-4o 6.0 6.0 6.0 6.0 0.00

OCR text baseline (full dataset). We replace each table image with the output of
Nemotron-OCR-v2 and ask models to answer from the extracted text. Table 9 shows
that this degrades performance for stronger models, with Gemini-3-Pro dropping from
67.9% to 37.6% (−30.3%) and GPT-5.2 from 46.6% to 17.7% (−28.9%). The OCR transcrip-
tions have a 38.2% character error rate and 48.8% word error rate against human-verified
ground truth on a 50-table subset, explaining why automatic extraction hurts rather than
helps on dense wild tables.

Table 9: Overall accuracy (%) on full WildTableBench: image vs. Nemotron-OCR-v2 text.

Model Image OCR Text ∆

Gemini-3-Pro 68.2 37.6 −30.6
GPT-5.2 46.7 17.7 −29.0
Gemini-3-Flash 49.7 29.6 −20.1
Claude-Sonnet-4.6 35.6 28.7 −6.9
GPT-4o 5.4 11.4 +6.0

Verified-text and clean-rendered baselines (50-table subset). On 50 manually verified
tables (76 questions), we additionally provide (1) the human-verified HTML representation
as plain text, and (2) the same HTML rendered into a clean table image. Table 10 shows
results.

Table 10: Accuracy (%) on the 50-table verified subset: original wild image vs. verified text
vs. clean-rendered image.

Model Wild Image Verified Text Clean-Rendered

GPT-4o 6.8 43.4 17.1
Claude-Sonnet-4.6 54.8 78.9 72.4
Gemini-3-Flash 68.5 57.9 42.1

These results support three conclusions. First, removing the wild-image visual bottleneck
substantially improves weaker models (GPT-4o: +36.6%), confirming that visual extraction
and grounding are primary sources of difficulty. Second, even with verified text, no model
reaches ceiling (best: 78.9%), so WildTableBench also requires genuine downstream reason-
ing. Third, Gemini-3-Flash drops under both text and clean-rendered conditions (−10.6%
and −26.4%), suggesting that some models exploit visual-semantic cues in the original im-
age that are simplified or lost during extraction and standardized rendering. Together, these
ablations demonstrate that wild table images are not always faithfully reducible to clean
rendered tables, and that WildTableBench tests a distinct visual understanding challenge.
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L Error Taxonomy and Classification Protocol

The error analysis in Figure 5 (a) uses a Gemini-3-Pro-assisted classification protocol. For
each incorrect response, Gemini-3-Pro receives (i) the question, (ii) the ground-truth answer,
(iii) the model’s final answer, (iv) the model’s full response, and (v) a summary of the
model’s reasoning chain, and assigns the most likely root cause to one of four categories.

Locating. The model targets the wrong row, column, cell, legend entry, or color-coded
region. The visual search failed before any reading or arithmetic was attempted.

Recognition. The model identifies the correct region but misreads the value, text, header,
or color. The error occurs at the reading/OCR stage, not the selection stage.

Reasoning. The model correctly locates and reads the relevant evidence but makes an error
in arithmetic, filtering, comparison, or aggregation.

Comprehension. The model misunderstands the question intent, misinterprets a condition,
or produces an answer in the wrong format.

When multiple failure modes are plausible from the response, the classifier follows a strict
precedence rule: Locating → Recognition → Reasoning → Comprehension. This reflects
the pipeline order: a model cannot fail at recognition if it never found the correct region,
and cannot fail at reasoning if it never read the values correctly. Representative examples of
each error type are provided in Figure 5 (b).

M Statistical Reliability: 95% Confidence Intervals

Table 11 reports 95% Wilson score confidence intervals for all 21 models evaluated on the
full 928-question benchmark. At n=928 and z=1.96, the maximum half-width is ±3.2
percentage points. The confidence intervals for adjacent models typically do not overlap for
models separated by more than ∼6 points, indicating that the main ranking findings are
statistically reliable.

Table 11: 95% Wilson score confidence intervals for all 21 models (full 928-question bench-
mark).

Model Acc. (%) 95% CI ±
Proprietary
Gemini-3-Pro 68.2 [65.1, 71.1] 3.0
Gemini-3-Flash 49.7 [46.5, 52.9] 3.2
Seed-2.0-Pro 48.5 [45.3, 51.7] 3.2
GPT-5.2 46.7 [43.5, 49.9] 3.2
Claude-Opus-4.6 45.8 [42.6, 49.0] 3.2
Claude-Sonnet-4.6 35.6 [32.6, 38.7] 3.1
GPT-5-mini 25.8 [23.1, 28.7] 2.8
o3 14.9 [12.8, 17.3] 2.3
GPT-4o 5.4 [4.1, 7.0] 1.5

Open-source
Kimi-K2.5 49.8 [46.6, 53.0] 3.2
Qwen3-VL-235B-T 34.5 [31.5, 37.6] 3.1
Qwen3-VL-32B-T 29.0 [26.2, 32.0] 2.9
Qwen3-VL-235B-I 25.5 [22.8, 28.4] 2.8
Qwen3-VL-32B-I 24.7 [22.0, 27.6] 2.8
GLM-4.6V 24.2 [21.6, 27.1] 2.8
Qwen3-VL-8B-T 15.0 [12.8, 17.4] 2.3
Qwen3-VL-8B-I 9.9 [8.1, 12.0] 1.9
Qwen3-VL-4B-I 7.7 [6.2, 9.6] 1.7
Qwen3-VL-4B-T 7.4 [5.9, 9.3] 1.7
Qwen3-VL-2B-I 5.8 [4.5, 7.5] 1.5
Qwen3-VL-2B-T 4.0 [2.9, 5.5] 1.3
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N Question Diversity and Question-Only Baseline

Reasoning-operation diversity. To characterize the solution patterns required by
WildTableBench questions, we label each question with the set of reasoning operations
(from a predefined list of 25 types) needed to reach the answer, given the image, question,
and ground-truth answer. Table 12 shows the distribution over the number of operations
per question. The 928 questions require 5.61 operations on average (range: 2–10), and span
706 distinct operation sets (76% unique), confirming that the benchmark is not reducible to
a small set of repeated solution patterns.

Table 12: Distribution of the number of reasoning operations per question.

# Operations Count %

2 11 1.2
3 39 4.2
4 142 15.3
5 241 26.0
6 276 29.7
7 143 15.4
8 53 5.7
9 20 2.2

10 3 0.3

Mean 5.61

Question-only baseline. To verify that question templates alone do not explain bench-
mark performance, we run models on question text only, without providing the table
image. Gemini-3-Pro and GPT-5.2 achieve only 5.7% and 5.5%, respectively — substantially
below their image-based scores of 68.2% and 46.7%. The few correct responses fall on
low-cardinality answer spaces (binary True/False, small integer counts, or answer options
explicitly listed in the question). This confirms that models must recover table-specific
visual evidence from the image to answer WildTableBench questions and cannot exploit
superficial linguistic cues in the question text.
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nutrition label • nutrition facts label detailed complete
• food nutrition information table full

ingredient list • food ingredient list table detailed
• product ingredients label complete

calorie chart • calorie chart food table detailed
• food calorie comparison table

restaurant menu • restaurant menu price list table
• food menu with prices detailed

medical report • blood test results report detailed
• complete blood count CBC report

drug info • drug dosage table prescription detailed
• medicine information leaflet table

health checkup • annual health checkup report complete
• physical examination results table

bank statement • bank statement transactions detailed
• account statement monthly complete

invoice receipt • itemized invoice detailed line items
• commercial invoice table complete

stock table • stock market price table detailed
• stock quotes trading data table

tax table • income tax rate table brackets
• tax calculation table detailed

flight schedule • flight departure board airport
• airline flight schedule table

shipping rates • shipping rate table carrier prices
• freight cost table detailed

class schedule • university class schedule timetable
• weekly course schedule complete

exam schedule • examination timetable schedule
• exam schedule university complete

grading rubric • grading rubric assessment table
• marking criteria table detailed

sports standings • league standings table complete
• sports team rankings table

match schedule • sports match schedule fixtures
• tournament bracket schedule

product specs • product specifications table detailed
• technical specifications comparison

size chart • clothing size chart table complete
• size guide measurement table

periodic table • periodic table elements detailed
• chemical elements properties table

scientific data • scientific data table research
• laboratory experiment results table

weather data • weather forecast table detailed
• meteorological data table

bom materials • bill of materials BOM detailed
• parts list engineering table

inventory list • inventory list stock table
• warehouse inventory detailed

price list • price list table services
• pricing table detailed rates

utility bill • electricity bill usage table
• utility bill detailed breakdown

insurance table • insurance policy comparison table
• insurance coverage rates table

survey results • survey results data table
• poll results statistics table

leaderboard • leaderboard rankings table
• competition results ranking

chemical data • chemical data table research detailed
• laboratory results table complete

tv schedule
• tv schedule programming table detailed
• television broadcast schedule many
channels

tide table • tide table times heights detailed
• tidal schedule table many days

employee roster
• employee roster list table detailed many
rows
• staff directory table complete

work schedule • work schedule shift table detailed
• employee shift roster table many rows

expense report • expense report table itemized detailed
• travel expense claim form table

parking rates • parking rates fee table detailed
• parking garage price list table

movie showtime • movie showtime schedule table detailed
• cinema screening times table many rows

hotel rates • hotel room rates price table detailed
• hotel pricing seasonal rates table

exchange rates
• currency exchange rates table detailed
many currencies
• forex rates table complete

loan rates • loan interest rates table detailed
• mortgage rates comparison table

budget table • budget table financial planning detailed
• annual budget breakdown table

sales report • sales report table detailed many rows
• sales data quarterly report table

race results
• marathon race results table detailed many
runners
• running race finish times table

team roster • team roster player list table detailed
• sports team lineup table complete

wine list • wine list menu prices detailed
• restaurant wine menu table many items

election results • election results voting table detailed
• election vote count table many candidates

lottery results
• lottery results winning numbers table many
draws
• lottery draw history table

conversion table • unit conversion table detailed complete
• measurement conversion chart table

spreadsheet • data grid filled
• excel table cells rows columns

Figure 6: Overview of keyword-based image collection. Keyword schema used for
candidate retrieval. Each entry denotes a representative table type and shows example
spreadsheet-style and scenario-grounded queries used to retrieve candidate table images
from the open web. Together, these query families expand coverage across diverse real-
world table scenarios.
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Figure 7: Business & Management

Figure 8: Finance & Accounting
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Figure 9: Sports & Health

Figure 10: Education & Science
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Figure 11: Transportation

Figure 12: Society & Media
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