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Abstract. Document layout analysis is essential for downstream tasks
such as information retrieval, extraction, OCR, and digitization. How-
ever, existing large-scale datasets like PubLayNet and DocBank lack
fine-grained region labels and multilingual diversity, making them in-
sufficient for representing complex document layouts. Human-annotated
datasets such as M%Doc and D*LA offer richer labels and greater domain
diversity, but are too small to train robust models and lack adequate
multilingual coverage. This gap is especially pronounced for Indic docu-
ments, which encompass diverse scripts yet remain underrepresented in
current datasets, further limiting progress in this space. To address these
shortcomings, we introduce INDICDLP, a large-scale foundational doc-
ument layout dataset spanning 11 representative Indic languages along-
side English and 12 common document domains. Additionally, we curate
UED-MINI, a dataset derived from DocLayNet and M°Doc, to enhance
pretraining and provide a solid foundation for Indic layout models. Our
experiments demonstrate that fine-tuning existing English models on
INDICDLP significantly boosts performance, validating its effectiveness.
Moreover, models trained on INDICDLP generalize well beyond Indic
layouts, making it a valuable resource for document digitization. This
work bridges gaps in scale, diversity, and annotation granularity, driving
inclusive and efficient document understanding.
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1 Introduction

Document Layout Parsing (DLP), also known as Document Layout Segmen-
tation, is a fundamental task in document understanding that enables down-
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stream applications such as information extraction [13], retrieval [16], OCR [12],
and automated document conversion [5]. However, DLP remains highly chal-
lenging due to the diverse layouts, font styles, and structural variations found
across different document types. Given its importance, several datasets have been
introduced in recent years, either automatically derived from existing digital
document metadata [32,18] or manually labeled [10,11,22]. While automatically
generated datasets offer large-scale training data, they often lack fine-grained
annotations. In contrast, manually labeled datasets provide higher-quality an-
notations, but are limited in scale. A common limitation across both types is
the lack of multilingual coverage, with most datasets supporting only English
and a few resource-rich languages. This resource gap has significantly hindered
progress for low-resource languages, especially those from the Indian subconti-
nent, which feature diverse scripts distinct from Latin-based ones. As our results
shall demonstrate (Figure 3), models trained on English documents have subpar
generalization to Indian languages.

To bridge this gap, we introduce INndicDLP, the largest and most diverse
Indic document layout dataset to date, consisting of 121,198 human-annotated
images across 12 domains, 11 Indic languages alongside English, and 42 region
labels. The dataset enables robust training for layout parsing across a wide
range of document types, including newspapers, magazines, novels, textbooks,
acts & rules, notices, manuals, syllabi, question papers, forms, brochures, and
research papers. To ensure a comprehensive yet minimal label set, we aligned
our annotation schema with the M®Doc [10] guidelines, refining label granularity
through manual analysis of IndicDLP images. The annotation process followed
a maker-checker workflow with over 50 annotators and reviewers per language,
guided by a detailed 150-page manual. Over 60% of the annotations were further
validated for cross-domain consistency by a team of 8 supercheckers.

Using IndicDLP, we conduct a series of experiments to evaluate the per-
formance of existing object detection and layout parsing models on Indic docu-
ment layout parsing. We establish baseline performance by fine-tuning state-of-
the-art models on IndicDLP, including YOLOv10 [27], DiT [17], DocLayout-
YOLO [31], DINO [29], RoDLA [9], and a vision language model Florence-2 [28].
Our results show significant performance variations across domains, with mod-
els struggling on documents with more unique regions and complex multicolumn
layouts. Performance also varies substantially across languages, with zero-shot
evaluation on unseen languages showing a 20-25 mAP point drop compared
to those seen during training, suggesting that script-based variations influence
layout parsing performance.

Additionally, we explore the utility of IndicDLP as a pretraining resource for
document layout parsing, observing further performance gains and faster conver-
gence. To facilitate future research on language-specific document understand-
ing, we release IndicDLP along with trained models, datasets, and evaluation
scripts.
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Fig. 1. Samples from the INDICDLP dataset highlighting its diversity across docu-
ment formats, domains, languages, and temporal span. For improved differentiability,
segmentation masks are used instead of bounding boxes to highlight regions more ef-
fectively. This figure is best viewed when zoomed in.
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