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Abstract

Tables play a key role in conveying structured data
across documents. Accurate table detection is crucial for
downstream tasks like structure recognition and informa-
tion extraction. However, current datasets lack diversity
in format, language, and layout, limiting real-world gen-
eralization. This underscores the need for well-annotated
datasets that are multi-lingual, layout-diverse, document-
agnostic, and format-rich.

To address these limitations, we introduce UniTabBank,
a large scale, diverse table detection dataset designed to
reflect realistic use cases. UniTabBank is characterized by
five key attributes: (i) Multi-Lingual — supporting 28 lan-
guages (including Arabic, English, Hindi, etc.); (ii) Multi-
Layout — encompassing both single-column and multi-
column documents; (iii) Multi-Type — covering a wide
range of document genres such as annual reports, books,
newspapers, and magazines; (iv) Multi-Format — compris-
ing scanned documents, photographed pages, and PDFs;
and finally (v) Scale and Annotation Quality — consists of
55,443 document page images with 82,114 accurately an-
notated table instances, offering scale and annotation pre-
cision.

Additionally, we introduce UniTabDet, a YOLO-based
model for table detection, which outperforms state-of-the-
arts on eight out of nine table detection benchmarks. Cross-
benchmark evaluation highlights the strong generalization
capability of UniTabBank compared to existing bench-
marks. The dataset and models are available here.

1. Introduction

Tables are an essential component of structured documents
such as reports, invoices, scientific articles, and govern-
ment forms, where they convey dense, relational informa-
tion in a compact layout [27]. Detecting tables accurately
is critical for downstream tasks like table structure recog-
nition [38, 39, 51], information extraction [25], and docu-

Figure 1. Examples of complex document pages with annotated
table bounding boxes with blue colored rectangles across different
document formats, types, layouts, and languages.

ment understanding [2, 27, 56]. Recent deep learning-based
methods [2, 16, 23, 36, 48] have achieved high accuracy
in table detection tasks, using object detection frameworks
such as Faster R-CNN [42], Cascade Mask R-CNN [3],
and YOLO [40], respectively. More recently, Transformer-
based models like DETR [4], ViT [8], and Deformable-
DETR [60] have also been explored for table detection [1,
47, 55]. However, these models are often trained and evalu-
ated on monolingual (mostly English), limited layouts, sin-
gle domain-source datasets (e.g., ICDAR-2013 [17], Table-
Bank [29], and PubTables-1M [47]), which may not ad-
equately represent the challenges posed by multi-lingual,
multi-layout, multi-type, multi-format documents. These
challenges include differences in script, font rendering,
complex document and table layouts, etc. Due to the lim-
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Figure 2. Illustrates the performance of two state-of-the-art mod-
els — Table-Transformer (TATR) [59] and SparseTableDet [56]
— across varying conditions. The images withred boundaries
indicatefailure cases. The images withgreen boundaries indi-
catesuccesscases. The �rst row shows documents with the
same layout but in different languages (English, Arabic, and
French). The second row presents documents in English across
multiple types: Annual Report, Magazine, and Newspaper.
The third row displays English documents containing tables
with diverse layouts: (i) bordered with separator lines, (ii)
without borders but with separator lines, and (iii) without both
borders and separator lines. In the visualizations, pink and green
dotted boxes represent the table detections by SparseTableDet
and Table-Transformer, respectively, while blue boxes indicate the
ground truth. Both models perform well when layout remains con-
sistent across languages. However, they struggle to accurately
detect tables in documents of varied types and especially under
complex or minimal table layouts, highlighting the limitations of
current approaches in real-world scenarios.

itations of these datasets, the state-of-the-art fails to de-
tect tables accurately in such cases. Fig. 2 illustrates ta-
ble detection outputs using Table-Transformer [47] (trained
exclusively on the large-scalePubTables-1M[47]) and
SparseTableDet [56] (trained on the domain-speci�cICT-
TD [57]). Both models often fail to detect tables accurately
across diverse document types and complex layouts. Im-
ages with red boundaries highlight failure cases, while those
with green boundaries indicate successful detections. These
limitations highlight the challenges in generalizing table de-
tection models beyond their training distributions.

Many benchmarks exist for table detection shown in
Table 1, includingICDAR-2013[17], UNLV [45], Deep-
Figures [46], ICDAR-2019[13], Marmot [10], TNCR[1],

STDW[18], ICT-TD [57], CamCap[43], CTE [15], Table-
Bank[29], andPubTables-1M[47]. However, despite their
contributions, most of these datasets exhibit followinglim-
itations.

• Limited Domain Diversity: Most datasets are domain-
speci�c — e.g., ICDAR [17] (government),DeepFig-
ures[46] (scienti�c), TableBank[29] (Word/LaTeX), and
PubTables-1M[47] (PMCOA) — limiting generalization
to diverse real-world documents like invoices, magazines,
and books (see Table 1).

• Language Bias: Most datasets are predominantly in
English, with few exceptions likeMarmot [10], Table-
Bank [18], and STDW [18] (see Table 1), limiting
progress in multi-lingual and low-resource settings.

• Lack of Layout Variability: Datasets likeTable-
Bank [29], PubTables-1M[47], and DeepFigures[46]
focus on structured layouts (e.g., scienti�c articles), of-
fering limited coverage of complex or irregular formats
found in magazines, newspapers, and bank statements —
hindering cross-layout generalization.

• Document Source Homogeneity: Datasets such as
DeepFigures [46], TableBank [29], and PubTables-
1M [47] rely heavily on sources like arXiv and PM-
COA, resulting in stylistic and structural homogeneity
that can lead to over�tting and poor generalization to out-
of-distribution documents.

• Lack of Diverse Table Styles:Another common short-
coming is the lack of diverse table styles, such as border-
less or irregular tables, which are underrepresented out-
sideTNCR[1].

• Data Volume Imbalance: While datasets likeDeepFig-
ures [46], TableBank[29], andPubTables-1M[47] pro-
vide large-scale data, others such asICDAR-2013[17]
and Marmot [10] are small, limiting their effectiveness
for training deep models (refer Table 1).

• Lack of Real-world Noise: Many datasets —DeepFig-
ures [46], TableBank[29], and PubTables-1M[47] are
curated from clean, digital sources (refer Table 1). Sce-
narios with scanning artifacts or degraded print (common
in real-world documents) are often absent, affecting real-
world applicability.

To overcome these limitations, we introduce a new large-
scale dataset for table detection, calledUniTabBank, de-
signed to be Multi-Lingual, Multi-Layout, Multi-Type, and
Multi-Format. UniTabBank offers several key advantages.
Language and Layout Diversity: it includes documents in
28 languages — such as Arabic, Chinese, English, Hindi,
Korean, Urdu, etc. and supports both single and multi-
column layouts, covering a wide range of real-world layout
scenarios.Format and Type Coverage:the dataset spans
three document formats (scanned, photographed, and PDF)
and four major document types (annual reports, books,
magazines, and newspapers). Given the widespread use



Dataset #Image #Instance A.M Format Document Type Language
ICDAR-2013[17] 238 150 Manual PDF, Scanned Government documents English
ICDAR-2019[13] 1,639 3,600 Manual PDF, Scanned Books, Scienti�c journals, English

Forms, Financial statements
UNLV [45] 2,889 558 Manual Scanned Technical reports, magazines,English

Business letters, Newspapers
DeepFigures[46] 5.5M 1.4M Automatic PDF Research articles English
Marmot[10] 2000 958 Semi-automaticPDF Books and Research articlesEnglish, Chinese
TNCR[1] 6,621 9,428 Semi automatic PDF and Scanned- English
STDW[18] 7,000 12,431 Manual PDF Invoices, Research papers, English, German,

Books Japanese, Hindi, etc.
ICT-TD [57] 5000 - Manual PDF ICT commodities English
TableBank[29] - 417,234 Automatic Word and Latex - English, Chinese,

documents Japanese, Arabic
PubTables-1M[47] 1M 948K Automatic PDF Scienti�c articles English
UniTabBank(ours) 55,443 82,114 Semi automatic PDF, Scanned, Annual reports, Books, 28 languages — English,

Photographed Magazines, Newspapers Arabic, Urdu, Hindi, etc.

Table 1. Shows table detection benchmark datasets along withUniTabBank. A.M. denotes the annotation mechanism.

of scanned and photographed documents, theUniTabBank
dataset offers substantial diversity and closely re�ects real-
world document scenarios.Scale and Annotation Quality:
UniTabBank contains 55,443 document page images with
82,114 accurately annotated table instances, offering scale
and annotation precision. Several examples of theUniTab-
Bank dataset are shown in Fig. 1. In addition, we introduce
UniTabDet, a YOLO-based [28] model for accurate and ef-
�cient table detection.

The contributions of this paper are summarized as fol-
lows:
• UniTabBank is the �rst table detection dataset to com-

bine real-world documents — captured through photog-
raphy, scanning, and born-digital documents. It uniquely
supports 28 languages, making it the most linguistically
diverse resource. With coverage across four representa-
tive document types and multiple document layout struc-
tures,
UniTabBank provides a comprehensive foundation for
developing robust and generalizable table detection mod-
els.

• We demonstrate the generalization capability ofUniTab-
Bank by trainingUniTabDet on both benchmark-speci�c
datasets andUniTabBank and evaluating across multiple
test benchmarks. Models trained onUniTabBank consis-
tently achieve strong performance across diverse datasets,
highlighting its advantage over existing benchmarks.

• We evaluate the performance of ourUniTabDet model
across nine table detection benchmarks– ICDAR-
2013[17], ICDAR-2019[13], UNLV [45], Marmot [10],
ICT-TD [57], TNCR [1], STDW [18], TableBank[29],
andPubTables-1M[47]. UniTabDet consistently outper-
forms state-of-the-art methods on all benchmarks, with
the exception ofICDAR-2019[13].

• We conduct a detailed model performance analysis across
different document types and languages, offering key in-
sights into their generalization capabilities. Additionally,
our ablation studies examine the choice of model archi-
tecture, the impact of language/script, varying IoU thresh-
olds, and model sizes, highlighting trade-offs between de-
tection accuracy and model complexity.

2. Related Work

2.1. Table Detection Methods

Early research on table detection in document images be-
gan in 1993 with rule-based methods. Itonori [24] pro-
posed using text-block arrangements and ruled lines, while
Chandran and Kasturi [6] relied on horizontal and verti-
cal line detection. Subsequent works [14, 21, 22, 34, 52]
re�ned these heuristics, but such methods required exten-
sive manual tuning and lacked generalization across diverse
layouts. In 1997, Pyreddy and Croft [37] introduced tech-
niques using character alignment, holes, and gaps, while
Seoet al. [44] and Kasaret al. [26] leveraged junction de-
tection. Kasaret al. further improved accuracy by inte-
grating junction features with an SVM classi�er, signaling
a shift toward machine-learning approaches for more robust
and scalable table detection.

Hao et al. [19] �rst applied convolutional neural net-
works (CNNs) to classify heuristic-based table-like regions
from PDFs as table or non-table. However, their approach
is limited by its dependence on heuristic region extraction
and its applicability only to non-raster PDFs. TableNet [33]
used FCN [32] to detect table and row and column of tables.
TableSense [7] is a CNN-based model speci�cally enhanced
for detecting tables in spreadsheet documents, incorporat-
ing tailored modi�cations to handle their unique structure



effectively.
Many recent studies have explored the table detection

problem. A common approach involves treating tables in
visually rich documents as visual objects and applying stan-
dard object detection methods to identify them. Gilani
et al. [16] applied Faster R-CNN [42] for table detection,
using distance-transformed images instead of raw docu-
ments better to adapt the pre-trained model across diverse
document types. Sunet al. [48] re�ned table boundaries
by combining corner information with Faster R-CNN out-
puts, reducing false positives. Due to the limited number
of training samples for the table detection problem, trans-
fer learning methods are widely used. Multi-Type-TD-
TSR [12] used Faster R-CNN [42] to extract tables from
documents. In [5], the authors show that �ne-tuning ob-
ject detection models (Mask R-CNN [20], RetinaNet [30],
SSD [31], YOLO [41]) on a closely related domain helps
prevent over�tting and improves performance across tasks.
CDeC-Net [2] used Cascade Mask R-CNN [3] that incorpo-
rates a dual-backbone architecture for table detection. Cas-
cadeTabNet [36], built on Cascade Mask R-CNN [3] with
an HRNet [54] backbone, employs two-stage transfer learn-
ing and data augmentation. Similarly, TableDet [11], based
on Cascade R-CNN [3], introduces Table-Aware Cutout
augmentation and a two-step transfer learning strategy to
boost performance. Xiaoet al. [56] employed SparseR-
CNN [49] as the base model and enhanced it with Noise-
Augmented Region Proposal Generation, Many-to-One La-
bel Assignment, and a Decoupled IoU strategy to improve
the accuracy of table detection.

In addition to two-stage detectors, one-stage methods
like YOLO [41] and its variants have also been applied to
table detection. YOLOv3-TD [23] builds on YOLOv3 [40],
introducing adaptive modi�cations such as optimized an-
chor selection and an improved post-processing pipeline.
Beyond one-stage and two-stage methods, transformer-
based models like DETR [4], ViT [8], and Deformable-
DETR [60] have also been explored for table detection in
Table-Transformer [47], TransTab [55], and TNCR [1].

2.2. Datasets for Table Detection

Several benchmarks support table detection research. The
ICDAR-2013dataset [17] contains 238 pages from 67 gov-
ernment PDFs (EU and US), with 150 tables annotated as
rectangular regions. TheUNLV dataset [45] offers 1,639
scanned images from diverse sources, with 558 table zones
annotated at both table and cell levels.DeepFigures[46]
provides 5.5M scienti�c pages from arXiv and PubMed, in-
cluding 1.4M tables and 4M �gures, supporting large-scale
analysis. TheICDAR-2019dataset [13] includes 2,439 im-
ages from historical and modern documents, with annota-
tions for table regions and cell structures in scanned and
digital formats.

The Marmot dataset [10] features 2,000 bilingual PDF
pages (Chinese and English) with diverse layouts and table
styles, supporting both detection and structure recognition.
TheTNCRdataset [1] contains a mix of scanned and digi-
tal documents across multiple domains, annotated for bor-
dered and borderless tables — highlighting the challenge of
detecting tables lacking visible boundaries. TheSTDW[18]
dataset comprises 7,294 document images containing tables
sourced from a wide range of domains, including electronic
component datasheets, material safety data sheets, product
safety sheets, billing invoices, research papers, �nancial re-
ports, and books. TheICT-TDdataset [57] comprises 5,000
PDF images collected from documents related to Informa-
tion and Communication Technology (ICT) products and
services. TheCamCap[43] comprises 85 camera-captured
images, testing detection robustness on curved and �at sur-
faces.

The TableBank [29] is a large-scale dataset with
417K labeled tables from Word and LaTeX documents
(2014–2018), with 145K pages offering structure-level an-
notations. ThePubTables-1M[47] comprises nearly one
million tables with detailed header and spatial annotations,
supporting various input modalities and addressing anno-
tation inconsistencies through canonicalization. TheCTE
dataset [15] includes 75K annotated scienti�c pages (35K
tables), combining annotations fromPubTables-1M[47]
andPubLayNet[59], and extending them with new CTE-
speci�c classes.

3. UniTabBank Dataset

TheUniTabBank dataset comprises a total of55,443 docu-
ment images, organized into four primary categories based
on content and layout:Annual Report (55%), Book
(21%), Magazine (18%), and Newspapers (6%). These
document images are available in three formats:PDFs,
photographed documents, and scanned documents. The
dataset spans28 languages, including Arabic, Assamese,
Bengali, Bodo, Chinese, English, Farsi, French, Gujarati,
Hindi, Indonesian, Japanese, Kannada, Korean, Malay-
alam, Manipuri, Marathi, Nepali, Oriya, Punjabi, San-
skrit, Sinhala, Spanish, Tamil, Telugu, Thai, Urdu, andViet-
namese. In total, the dataset contains82,114 annotated ta-
ble instances. Tables exhibit a wide variety of table layout
structures, including (i) bordered tables with complete row
and column separators, (ii) bordered tables without row and
column separators, (iii) borderless tables with row and col-
umn separators, (iv) bordered tables with partial separators,
(v) tables containing merged cells, and (vi) tables without
merged cells.

TheUniTabBank dataset is constructed through a care-
fully strati�ed sampling strategy to maximize diversity and
generalization. It spans 28 languages, four document cat-
egories (annual reports, books, magazines, and newspa-



Document Type Image Document Type Table
Total Training Validation Test Total Training Validation Test

number number number number number number number number
Annual Report 30573 18344 3078 9151Annual Report 44456 26639 4459 13358
Book 11894 7148 1215 3531 Book 15827 9453 1574 4800
Magazine 9927 5955 1012 2960Magazine 13020 7784 1310 3926
Newspaper 3049 1786 308 955Newspaper 8811 4862 838 3111
Total 55443 33233 5613 16597 Total 82114 48738 8181 25195

Table 2. Shows summary of table frequencies across different document categories and their distribution within each dataset split of
UniTabBank dataset.

pers), and three acquisition modes (PDFs, scanned copies,
and photographed documents). For each language–category
combination, documents were sourced from multiple pub-
lic repositories and publishers to minimize domain bias1.
This systematic approach ensures thatUniTabBank cap-
tures a broad spectrum of layouts, visual qualities, and con-
tent types, making it a robust and representative benchmark
for cross-domain table detection research. The origin and
composition of each subset are detailed below.

• TheAnnual Report subset comprises30,573 document
imagesacross19 languages: Arabic, Bengali, Chinese,
English, French, Gujarati, Hindi, Indonesian, Japanese,
Kannada, Korean, Malayalam, Marathi, Oriya, Sinhala,
Spanish, Tamil, Thai, and Vietnamese. The correspond-
ing PDFs were sourced from various public repositories
and archives. These PDFs were subsequently converted
into document images. This subset contains a total of
44,456 annotated table instances.

• The Book subset comprises11,894 scanned document
imagesfrom textbooks spanning four educational levels
— elementary, middle school, high school, and college
and covering29 subjectssuch as Mathematics, Physics,
Chemistry, Biology, History, Geography, Politics, Eco-
nomics, Social Science, and Computer Science. The
subset represents content in19 languages: Arabic, As-
samese, Bengali, Bodo, English, Farsi, Gujarati, Hindi,
Kannada, Malayalam, Manipuri, Marathi, Nepali, Oriya,
Punjabi, Sanskrit, Tamil, Telugu, and Urdu. In total, it
includes15,827 annotated table instances.

• The Magazine subset contains9,927document images
sourced from both PDF-format magazines and scanned
pages, collected from multiple platforms. It includes
13,020 annotated table instances and content in13 lan-
guages: Assamese, Bengali, English, Gujarati, Hindi,
Kannada, Malayalam, Marathi, Oriya, Punjabi, Tamil,
Telugu, and Urdu.

• The Newspapersubset includes3049document images
in PDF format, sourced from various publishers and pho-
tographed samples. It covers12 languages— Bengali,

1A complete list of sources is provided in Appendix A of the supplemen-
tary material.

English, Gujarati, Hindi, Kannada, Malayalam, Marathi,
Oriya, Punjabi, Tamil, Telugu, and Urdu and contains a
total of8,811 annotated table instances.
To ensure fair evaluation, we divided the dataset into
training, validation, and test sets following a7:1:2 ra-
tio. We maintained a balanced distribution of label (table)
across all three sets. Table 2 provides a summary of ta-
ble frequencies across different document categories and
their distribution within each dataset split2.

3.1. Data Annotation

We adopt a two-stage framework for annotating tables
in document images: (i) automatic detection and (ii)
manual veri�cation and correction. Initially, we em-
ploy DocLayOut-YOLO [58] to automatically detect tables
within the document images. The manual veri�cation stage
is carried out by �ve trained annotators with prior expe-
rience in document annotation. Each annotator follows a
detailed guideline that speci�ed how to correct bounding
boxes, handle borderline cases (e.g., tables without border-
lines), and resolve ambiguous table boundaries. To ensure
quality, we adopt a two-pass veri�cation protocol: an inde-
pendent second annotator re-checks a random 20% of the
samples. The measured inter-annotator agreement (IoU>
0.9) is consistently high, con�rming reliability and the high
quality of the annotations. The annotation �les follow the
Pascal VOC annotation format [9] for object detection.

4. Experiments

Baseline and Implementation Details: Our baseline
UniTabDet is built on theYOLOv11 architecture [28].
YOLOv11 is the latest advancement in the YOLO family,
designed for ef�cient and accurate real-time object detec-
tion. Its architecture introduces key innovations such as the
C3k2 block, SPPF (Spatial Pyramid Pooling), and C2PSA
(Parallel Spatial Attention), which improve feature extrac-
tion and attention to important regions. The model supports
multiple tasks beyond detection, including instance seg-
mentation, pose estimation, image classi�cation, and ori-

2For detailed language-wise table frequencies and additional visual ex-
amples, refer to Appendix B in the supplementary material.



ented object detection. With variants ranging from nano
to extra-large, YOLOv11 balances speed, accuracy, and pa-
rameter ef�ciency, making it versatile for edge devices and
high-performance computing applications. All experiments
are conducted using four NVIDIA GeForce RTX 2080 Ti
GPUs (each with 12 GB memory). We train the model for
300 epochs using an input resolution of 1280 and a batch
size 8. The training setup includes a learning rate 0.01,
weight decay of 0.0005, and momentum of 0.937.

Datasets: We use nine table detection (TD) benchmarks
— ICDAR-2013[17], UNLV [45], ICDAR-2019[13], Mar-
mot [10], TNCR [1], STDW [18], ICT-TD [57], Table-
Bank[29], andPubTables-1M[47].

Evaluation Metrices: We assess model performance us-
ing standard evaluation metrics: precision (P), recall (R),
and F1 score [2, 13, 55], calculated at various Intersection-
over-Union (IoU) thresholds. To provide a holistic view of
detection quality, we also report the weighted average F1
score [13, 56] and average precision metrics — AP50, AP75,
and mean AP over the IoU range [0.50–0.95] [18, 47]3.

5. Result Analysis

5.1. Generalization Capability of UniTabBank

Training on benchmark-speci�c datasets typically yields
the best in-domain accuracy, but such models fail to gen-
eralize to unseen domains.UniTabBank is designed
to overcome this limitation by offering document lin-
guistic, layout, type, and format diversity. To validate
this, we trainedUniTabDet (YOLOv11-based) on both
benchmark-speci�c datasets andUniTabBank, and evalu-
ated across multiple test benchmarks. Results in Table 3
show that while in-domain training achieves near-perfect
accuracy (e.g.,PubTables! PubTables: AP=0.989,Table-
Bank! TableBank: AP=0.958,UniTabBank ! UniTab-
Bank: AP=0.959), these models perform poorly on un-
seen datasets (e.g.,PubTables! UNLV: AP=0.417,Table-
Bank ! UNLV: AP=0.288). In contrast,UniTabBank-
trained models achieve consistently high performance
across diverse benchmarks (e.g., AP=0.826 onPubTables,
AP=0.899 onTableBank, AP=0.773 onUNLV, AP=0.928
on STDW), often outperforming single-benchmark mod-
els. Other datasets, such asICT-TD, TNCR, andICDAR-
2019, provide moderate cross-domain robustness (AP� 0.80
- 0.88) but do not matchUniTabBank's breadth. These
�ndings highlight the generalization capability ofUniTab-
Bank4.

3For further details, see Appendix C in the supplementary material.
4Additional cross-benchmark dataset results are provided in Appendix

D of the supplementary material.

Training Set Test Set AP50 AP75 AP
PubTables 0.994 0.994 0.989
TableBank 0.863 0.734 0.665
UniTabBank PubTables 0.993 0.947 0.826
ICT-TD 0.981 0.933 0.828
TNCR 0.985 0.916 0.810
ICDAR-2019 0.985 0.924 0.821

PubTables 0.840 0.719 0.606
TableBank 0.980 0.973 0.958
UniTabBank TableBank 0.933 0.921 0.899
ICT-TD 0.921 0.898 0.865
TNCR 0.916 0.895 0.871
ICDAR-2019 0.916 0.893 0.859

PubTables 0.599 0.523 0.439
TableBank 0.742 0.694 0.661
UniTabBank UniTabBank 0.981 0.971 0.959
ICT-TD 0.877 0.830 0.797
TNCR 0.851 0.793 0.767
ICDAR-2019 0.878 0.828 0.794

PubTables 0.604 0.498 0.417
TableBank 0.391 0.314 0.288
UniTabBank UNLV 0.914 0.854 0.773
ICT-TD 0.663 0.568 0.500
TNCR 0.806 0.723 0.635
ICDAR-2019 0.729 0.653 0.568

PubTables 0.699 0.594 0.519
TableBank 0.675 0.642 0.632
UniTabBank STDW 0.964 0.949 0.928
ICT-TD 0.926 0.895 0.875
TNCR 0.888 0.853 0.830
ICDAR-2019 0.929 0.897 0.879

Table 3. Cross-benchmark evaluation ofUniTabDet trained on
different datasets and tested across multiple benchmarks. Mod-
els trained on benchmark-speci�c datasets achieve high in-domain
accuracy but generalize poorly, whereas the models trained with
UniTabBank achieve consistently strong cross-domain perfor-
mance. Bold and underlined values represent the best and second-
best results, respectively.

5.2. Comparison with SOTA on TD Benchmarks

Table 4 shows thatUniTabDety, �ne-tuned using only
20,000 images from theTableBankdataset, outperforms
the leading method CascadeTabNet [36] by 2.1%, demon-
strating strong performance with limited supervision. Ta-
ble 5 presents results on thePubTables-1Mdataset, show-
ing that our �ne-tunedUniTabDety — trained with only
20,000 samples — outperforms the state-of-the-art Table-
Transformer [47] by 2.4%5.

5Additional quantitative results are provided in Appendix E, and visual
samples in Appendix F of the supplementary material.
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