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I. Training Dataset Details
This two-stage approach offers unique advantages in terms
of data collection, as obtaining isolated element images
along with their annotations is more feasible than collecting
complete document pages containing different elements. In
the following sections, we will elaborate on the construction
of multimodal model training data for text, tables, formulas,
and charts.

I.1. Text
We have curated a large-scale dataset comprising 20 Million
High-Quality Image-Text Pairs. As shown in Figure S1, the
dataset generation follows a rigorous multi-stage pipeline
which primarily involves:
1. Automatic Data Annotation: We design an auto-

matic annotation pipeline that integrates lightweight
document-structure models with large multimodal lan-
guage models. Specifically, PP-StructureV3 is employed
as an expert model to perform layout analysis and text
recognition, generating pseudo labels that are converted
into prompts for multimodal models such as ERNIE-4.5-
VL and Qwen2.5-VL to refine. Finally, the refined labels
are aggregated and randomly merged at multiple gran-
ularities to produce 20 million high-quality image–text
training samples.

2. High-quality OCR Data Synthesis: During data dis-
tillation, low label quality in challenging scenarios like
messy handwriting and dense blurry text was addressed
by expanding the dataset through synthetic generation.
Utilizing diverse CSS styles, over 200 fonts, and various
corpora, we rendered a large amount of images, thereby
enhancing the model’s capabilities in these difficult sce-
narios.
Ultimately, the data is meticulously annotated at three

distinct hierarchical levels: text lines, text blocks, and text
pages. With extensive language coverage of 109 languages,
including major global ones like Chinese, English, French,
and Hindi. It includes diverse scenes including Academic
Papers, Newspapers, Handwritten texts, Ancient books, Id
cards, tickets, seals, etc. Additionally, the dataset addresses
compatibility with a variety of writing systems and text
styles, covering Printing, Handwriting, Scanned text, Artis-
tic Fonts, etc.

I.2. Table
As shown in Figure S2, we constructed a large-scale dataset
of over 5 million high-quality image-table pairs. Our

dataset construction employs three key strategies: auto-
matic data annotation, potential annotation mining, and
high-quality data synthesis. For coding efficiency, we adopt
OTSL [15] as the model’s target format instead of conven-
tional HTML. The main dataset construction process is as
follows:

1. Automatic Data Annotation: To enhance the perfor-
mance of PaddleOCR-VL in table recognition, we built a
large-scale, diverse dataset covering various languages,
border styles, and table types. Tables are first located
using PP-StructureV3 [6]. For unlabeled images, we
employed a multi-stage annotation pipeline: ERNIE-
4.5-VL [3] first generates pseudo-labels, which are then
validated by a ERNIE-4.5-VL-28B-A3B [3] as discrim-
inative model. Rejected annotations are refined using
DianJin-OCR-R1 [5] (for tools, we use ERNIE-4.5-VL
and PP-StructureV3 [6]). Finally, all annotations un-
dergo rigorous rule-based verification, including n-gram
analysis and HTML validation, to ensure only high-
quality samples are used for training.

2. Potential Annotation Mining:
For public data with potential annotations (e.g., from
arXiv), we extract tables and their corresponding
official-supported HTML source code. We then employ
a mechanism combining regular expression matching
with contextual and sequential alignment to construct
accurate table-HTML pairs. The extracted HTML sub-
sequently undergoes rule-based filtering, yielding high-
quality data samples ready for model training.

3. High-quality Table Synthesis:
To overcome data imbalance and high annotation costs,
we introduce an innovative high-quality table synthe-
sis tool which constitutes the cornerstone of our table
data collection pipeline. This tool enables both ran-
domized synthesis for comprehensive data supplement
and targeted synthesis to enhance recognition of spe-
cific table categories. Specifically, we first leverage
LLMs to gather a diverse and extensive corpus.Then, our
tool generates table training pairs through randomized
configurations of structures, fonts, CSS styles, and tex-
tual content, while also supporting customized synthesis
by specifying particular parameters to accurately simu-
late specialized table types. With a synthesis speed of
10, 000 samples per hour, our tool has produced over
5, 500, 000 training instances, substantially enhancing
our model’s generalization capability and comprehen-
sive performance in table recognition.



Figure S1. The construction method and characteristics of the text training data for PaddleOCR-VL-0.9B.

Figure S2. The construction method and characteristics of the table training data for PaddleOCR-VL-0.9B.

Through the aforementioned data construction strate-
gies, we build a comprehensive table dataset encompassing
diverse table categories and recognition scenarios, thereby
providing robust support for training our model in the table
recognition task.

I.3. Formula
As shown in Figure S3, this dataset was developed using a
range of strategies, including source code rendering, auto-
matic data annotation, targeted synthesis of long-tail data,
and public data collection. It encompasses a variety of for-
mula scenarios, such as educational supplementary materi-
als, test papers for primary and secondary schools, mathe-
matical papers, PowerPoint courseware, university theses,
financial research reports, and handwritten mathematical
notes. The dataset features four types of formulas: Simple
Printed Expressions, Complex Printed Expressions, Screen-
Captured Expressions, and Handwritten Expressions, avail-
able in both Chinese and English. The main process for

constructing the dataset is as follows:

1. Source Code Rendering: To enhance the model’s
adaptability to a wide variety of unusual formula struc-
tures, a large amount of paper source code was scraped
from arXiv, and LaTeX code for the formulas was ex-
tracted using regular expressions. Then, MinHash was
used to remove duplicate and highly similar formula
source codes, and KaTeX was employed to normalize
the formula source codes, thereby reducing their ambi-
guity. Finally, the formulas were re-rendered into images
using a formula rendering engine.

2. Automatic Data Annotation: For real-world formula
data from exam papers, educational materials, and hand-
written notes, the process begins with the use of the lay-
out analysis method PP-StructureV3 [6] to identify the
bounding boxes for formulas. Based on these bound-
ing boxes, formula regions are cropped from the im-
ages. Subsequently, large multimodal language mod-
els, such as ERNIE-4.5-VL-28B-A3B [3], are employed



Figure S3. The construction method and characteristics of the formula training data for PaddleOCR-VL-0.9B.

to generate the LaTeX source code for these formu-
las. Given the rarity of Chinese formulas in real-world
scenarios—where approximately 1 out of 100 formulas
contains Chinese characters—PP-OCRv5 [6] is utilized
to recognize characters within the cropped regions, en-
abling targeted optimization when Chinese characters
are detected. Due to the complex and diverse nature
of real-world formulas, recognition errors may occur
with existing large models. To address this, a LaTeX
rendering engine is used to filter the formulas gener-
ated by these models. Specifically, image-formula pairs
that cannot be successfully rendered by xelatex are dis-
carded. For those that render successfully, a more in-
depth screening is conducted by comparing metrics such
as the aspect ratio between the recognized image and the
rendered image.

3. Targeted Synthesis of Long-tail Data: For certain
long-tail formula structures, such as elementary school
vertical calculations, formulas with strikethroughs, and
handwritten formulas with explanatory arrows, existing
multimodal large models struggle to accurately recog-
nize them due to data distribution issues. To address
this, LaTeX code is synthetically generated based on
rules and inverse rendering is performed using a LaTeX
rendering engine, thereby constructing image-formula
matching pairs for these long-tail scenarios.

4. Public Data Collection: In order to enable the model
to learn high-quality formula representations, a substan-
tial amount of data has been collected from existing pub-

lic datasets, including UniMER-1M [26] and MathWrit-
ing [9]. Specifically, UniMER-1M is oriented towards
real document scenarios and has gathered 1 million for-
mula data from arXiv, Pix2tex [13], CROHME [16, 20,
21], and HME100K [27]. On the other hand, Math-
Writing is currently the largest handwritten mathemat-
ical formula dataset, comprising 230,000 real handwrit-
ten formula samples and 400,000 synthetic handwritten
formula samples.

I.4. Chart
We constructed a large-scale, bilingual (Chinese and En-
glish) dataset of over 0.8 million high-quality image-chart
pairs. Our dataset construction employs four key strategies:
public data collection and cleaning, automatic data annota-
tion, data synthesis, and targeted long-tail data augmenta-
tion. The dataset covers a wide array of chart types from di-
verse sources, including academic papers, financial reports,
and web pages. The main dataset construction process is as
follows:
1. Public Data Collection and Cleaning: We collected

a large number of samples from public datasets, in-
cluding ChartQA [17], PlotQA [19], Chart2Text [11],
DVQA [10], Unichart [18], Beagle [4], ChartINFO [7],
visText [25], and ExcelChart [14]. However, the raw
datasets suffered from poor annotation quality and ex-
tremely imbalanced data distributions. Thus, a metic-
ulous data cleaning and filtering pipeline was imple-
mented to remove noisy samples and ensure balanced



clustering, resulting in a high-quality dataset of 220k
samples.

2. Automatic Data Annotation: To annotate our large col-
lection of unlabeled public and in-house data, we devel-
oped a two-stage annotation pipeline based on the Vision
Large Language Model ERNIE-4.5-VL [3]. In the first
stage, the model extracts tick labels from the x- and y-
axes; in the second, random permutations of these labels
are used to query corresponding data points, framing
annotation as a data retrieval task. A final consistency
check ensures that only verified annotations are included
in the training set, guaranteeing high reliability.

3. Data Synthesis: To capture diverse visual styles and en-
hance model generalization, we designed a three-stage
data synthesis pipeline. It begins with a large collection
of base data tables, followed by an LLM Persona [8]
strategy using ERNIE-X1 [3], which diversifies table
content and generates persona-specific rendering code.
This enables control over chart aesthetics such as color,
font, and layout. Leveraging a billion distinct personas,
the pipeline produces highly varied data structures and
visual styles, substantially improving PaddleOCR-VL’s
generalization across real-world charts. For rendering,
we employ matplotlib and seaborn.

4. Targeted Long-tail Data Augmentation: To improve
generalization on real-world long-tail samples, we de-
signed a data augmentation pipeline based on seed
charts. It first selects long-tail samples by their dis-
tinctive visual features, then uses ERNIE-4.5-VL [3] to
replicate their rendering code. ERNIE-X1 [3], guided by
a specific persona [8], further diversifies the code by al-
tering data tables and visual styles. Executing the mod-
ified code produces new augmented charts with corre-
sponding data tables.

Through the four data construction strategies mentioned
above, the final chart dataset covers a wide range of appli-
cation scenarios and a rich variety of chart styles, providing
strong support for the training of chart models.

II. Supported Languages

PaddleOCR-VL supports a total of 109 languages. Table S1
lists the correspondence between each language category
and the specific supported languages.

III. Additional Experiments

III.1. Ablation Study on VRFM

To further analyze the architectural design of VRFM, we
conduct controlled comparisons with several representative
baselines, including an end-to-end vision–language model
(Qwen3-VL-8B), a token-reduction approach based on re-
gion cropping (DocKylin [28] + Qwen3-VL-8B), and a

Language
Category Specific Languages

Chinese Chinese

English English

Korean Korean

Japanese Japanese

Thai Thai

Greek Greek

Tamil Tamil

Telugu Telugu

Arabic Arabic, Persian, Uyghur, Urdu, Pashto, Kurdish, Sindhi,
Balochi

Latin

French, German, Afrikaans, Italian, Spanish, Bosnian,
Portuguese, Czech, Welsh, Danish, Estonian, Irish, Croatian,

Uzbek, Hungarian, Serbian (Latin), Indonesian, Occitan,
Icelandic, Lithuanian, Maori, Malay, Dutch, Norwegian,
Polish, Slovak, Slovenian, Albanian, Swedish, Swahili,
Tagalog, Turkish, Latin, Azerbaijani, Kurdish, Latvian,
Maltese, Pali, Romanian, Vietnamese, Finnish, Basque,
Galician, Luxembourgish, Romansh, Catalan, Quechua

Cyrillic

Russian, Belarusian, Ukrainian, Serbian (Cyrillic), Bulgarian,
Mongolian, Abkhazian, Adyghe, Kabardian, Avar, Dargin,
Ingush, Chechen, Lak, Lezgin, Tabasaran, Kazakh, Kyrgyz,

Tajik, Macedonian, Tatar, Chuvash, Bashkir, Malian,
Moldovan, Udmurt, Komi, Ossetian, Buryat, Kalmyk, Tuvan,

Sakha, Karakalpak

Devanagari Hindi, Marathi, Nepali, Bihari, Maithili, Angika, Bhojpuri,
Magahi, Santali, Newari, Konkani, Sanskrit, Haryanvi

Table S1. Supported Languages

detection-based pipeline with heuristic reading-order rules
(PP-DocLayout).

As shown in Table S2, DocKylin reduces the number of
visual tokens (5818 → 4316) but leads to a noticeable per-
formance drop (−1.85%), indicating that token reduction
without explicit structural modeling may discard impor-
tant layout information. PP-DocLayout achieves competi-
tive token efficiency; however, its reliance on hand-crafted
reading-order rules limits its generalization ability.

In contrast, VRFM jointly models region detection and
reading order within a unified framework and explicitly pre-
serves spatial relationships. As a result, it achieves both
lower token consumption and higher accuracy. These re-
sults suggest that the performance gains stem from explicit
document structure modeling rather than naive token prun-
ing.

Method Visual Tokens Acc.(%)
Qwen3-VL-8B [1] 5818 89.60
DocKylin [28] + Qwen3-VL-8B [1] 4316 87.75
PP-DocLayout [24] + Qwen3-VL-8B 3876 89.30
PP-DocLayout + PaddleOCR-VL-0.9B 2347 89.96
VRFM + Qwen3-VL-8B 4262 90.37
VRFM + PaddleOCR-VL-0.9B 2561 92.62

Table S2. Comparison of VRFM with representative baselines in
terms of token efficiency and accuracy.



III.2. Multilingual Performance
To evaluate the generalization ability of our method, we fur-
ther conduct experiments on multilingual document parsing
across diverse scripts. The evaluation covers a wide range of
languages, including Arabic, Korean, Tamil, Greek, Thai,
Telugu, Devanagari, Cyrillic, Latin, and Japanese.

As shown in Table S3, our method consistently
achieves superior performance across all evaluated lan-
guages, demonstrating strong robustness to diverse linguis-
tic and script variations. In particular, it significantly out-
performs existing methods on low-resource and structurally
complex scripts such as Telugu and Tamil.

These results validate that PaddleOCR-VL-0.9B effec-
tively captures language-agnostic structural representations,
enabling robust performance across multilingual scenarios.

Language Qwen2.5-VL-72B Dolphin MinerU2.5 Ours

Arabic 0.405 0.682 0.978 0.122
Korean 0.056 0.699 0.917 0.052
Tamil 0.389 0.912 0.957 0.043
Greek 0.165 0.691 0.661 0.135
Thai 0.194 0.709 0.880 0.081
Telugu 0.758 0.832 0.937 0.011
Devanagari 0.164 0.818 0.915 0.097
Cyrillic 0.220 0.549 0.832 0.109
Latin 0.021 0.037 0.063 0.013
Japanese 0.181 0.309 0.588 0.086

Table S3. Multilingual OCR performance comparison (Edit Dis-
tance ↓).

IV. Inference Performance on Different Hard-
ware Configurations

We measured the inference performance of PaddleOCR-VL
on different hardware configurations, as summarized in Ta-
ble S4. As observed, PaddleOCR-VL demonstrates stable
and efficient inference performance across a wide range
of hardware and backend configurations, showing that the
system can flexibly adapt to diverse computing environ-
ments. Moreover, we are currently integrating the FastDe-
ploy backend, which is expected to further enhance infer-
ence efficiency in future releases.

V. More Visualization Results
V.1. Real-world Samples
This appendix showcases the parsing and recognition capa-
bilities of our proposed algorithm across a variety of chal-
lenging scenarios.

Section V.3 demonstrates the overall document parsing
capability of PaddleOCR-VL. Figures S5-S8 are examples
of parsing different types of documents in Markdown for-
mat.

Figures S9-S11 in section V.4 illustrate the superior abil-
ity of PaddleOCR-VL to process pages featuring intricate

Hardware Backend Total Time (s)↓ Pages/s↑ Tokens/s↑ Avg. VRAM
Usage (GB)↓

A100 vLLM 800.9 1.2241 1881.2 43.7
SGLang 917.6 1.0684 1641.5 49.8

A10 vLLM 1238.0 0.7921 1217.2 14.1
SGLang 1429.9 0.6858 1055.8 20.0

RTX 3060 vLLM 2749.1 0.3568 548.2 11.9
SGLang 2792.4 0.3513 540.8 11.8

RTX 5070 vLLM 1292.9 0.7584 1165.5 8.9

RTX 4090D vLLM 845.3 1.1597 1781.8 16.7
SGLang 951.8 1.0303 1586.1 21.8

Table S4. End-to-End Inference Performance

or challenging layouts.
Figures S12 and S13 in section V.5 demonstrate that

PaddleOCR-VL maintains excellent reading order when
faced with complex layouts, such as those found in various
reports, textbooks, newspapers, magazines, and even verti-
cal documents.

Section V.6 highlights the robust text recognition perfor-
mance of PaddleOCR-VL in challenging cases, including
multilingual text, handwriting text, and vertical text, which
are presented in Figures S14-S22.

The model’s table recognition abilities are demonstrated
in section V.7. Figures S23 and S24 showcase its robust
handling of a wide array of table formats, including tables
from academic papers, tables from financial reports, tables
with watermark, tables with image, tables with formulas
and photograph of tables.

Figures in section V.8 detail the formula recognition per-
formance. Figure S25 demonstrates the ability to handle
various types of english formulas including complex printed
expressions, handwritten expressions screen-captured ex-
pressions and vertical formula, while Figure S26 focuses
on the ability to handle formulas that contain Chinese char-
acters.

In section V.9, PaddleOCR-VL demonstrates impressive
chart recognition capabilities, a feature currently lacking in
many expert OCR VLMs like MinerU2.5 [22], dots.ocr [23]
or MonkeyOCR [12]. Figures S27-S29 showcase our ability
to parse various chart types, including pie charts, bar charts,
line charts, bar-line hybrid charts and heatmap.

V.2. Compare with Others
PaddleOCR-VL showcases superior performance in sce-
narios involving PDF pages with complex layout, consis-
tently outperforming existing state-of-the-art (SOTA) mod-
els. This is evident from Figures S30 and S31, which high-
light its exceptional capability in handling pages with in-
tricate layouts and unique elements, surpassing other solu-
tions.

Moreover, the model demonstrates exceptionally high
recognition accuracy in several domains, including Multi-



lingual Text Recognition, Handwriting Text Recognition,
and Vertical Text Recognition. Figures S32- S37 illus-
trate how PaddleOCR-VL outperforms competitors such
as MinerU2.5 [22] and MonkeyOCR [12], which tend to
misidentify languages like Russian and Hindi as English,
overlook some handwritten characters, and struggle with
vertical text recognition.

In dealing with complex tables, PaddleOCR-VL’s pars-
ing accuracy stands out, as evidenced by Figures S38 and
S39. This is a domain where other models frequently en-
counter difficulties.

Additionally, Figure S40 demonstrates PaddleOCR-VL’s
proficiency in accurately parsing complex formulas. In con-
trast, other SOTA models often produce incorrect or flawed
outputs when faced with challenging mathematical nota-
tions.

Finally, as depicted in Figures S41 and S42, PaddleOCR-
VL also excels in Chart Recognition. It outperforms multi-
modal large language models like Qwen2.5VL-72B [2] and
GPT-4o by accurately reconstructing the structure and con-
tent of charts.



V.3. Comprehensive Document Parsing

Figure S5. The Layout and Markdown Output for Book, Textbook and Academic Paper.



Figure S6. The Layout and Markdown Output for Research Report(with chart recognition enabled), Financial Report, Slides and Exam
Paper.



Figure S7. The Layout and Markdown Output for Notes, Vertical Book and Ancient Book.



Figure S8. The Layout and Markdown Output for Certificate, Newspaper and Magazine.



V.4. Layout Detection

Figure S9. The Layout Detection results for various types of documents.



Figure S10. The Layout Detection results for various types of documents.



Figure S11. The Layout Detection results for various types of documents.



V.5. Reading Order

Figure S12. The Reading Order results for various types of documents.



Figure S13. The Reading Order results for various types of documents.



V.6. Text Recognition
V.6.1. Multilingual Text Recognition

Figure S14. The markdown output for French and Hindi documents.



Figure S15. The markdown output for Croatian and Spanish documents.



Figure S16. The markdown output for English and Arabic documents.



Figure S17. The markdown output for German and Chinese documents.



Figure S18. The markdown output for Russian and Japanese documents.



Figure S19. The markdown output for Thai and Korean documents.



V.6.2. Handwriting Text Recognition

Figure S20. The markdown output for Mixed Printed Handwritten Text and Handwritten Formula documents.



Figure S21. The markdown output for Handwriting Chinese and Handwriting English documents.



V.6.3. Vertical Text Recognition

Figure S22. The markdown output for various types of vertical documents.



V.7. Table Recognition

Figure S23. The markdown output for various types of Tables.



Figure S24. The markdown output for various types of Tables.



V.8. Formula Recognition

Figure S25. The markdown output for various types of Formulas.



Figure S26. The markdown output for various types of Formulas.



V.9. Chart Recognition

Figure S27. The markdown output for various types of Charts.



Figure S28. The markdown output for various types of Charts.



Figure S29. The markdown output for various types of Charts.



V.10. Layout Detection

Figure S30. Compare with others in Layout Detection.



Figure S31. Compare with others in Layout Detection.



V.11. Text Recognition
V.11.1. Multilingual Text Recognition

Figure S32. Compare with others in Multilingual Text Recognition.



Figure S33. Compare with others in Multilingual Text Recognition.



Figure S34. Compare with others in Multilingual Text Recognition.



V.11.2. Handwriting Text Recognition

Figure S35. Compare with others in Handwriting Text Recognition.



Figure S36. Compare with others in Handwriting Text Recognition.



V.11.3. Vertical Text Recognition

Figure S37. Compare with others in Vertical Text Recognition.



V.12. Table Recognition

Figure S38. Compare with others in Table Recognition.



Figure S39. Compare with others in Table Recognition.



V.13. Formula Recognition

Figure S40. Compare with others in Formula Recognition.



V.14. Chart Recognition

Figure S41. Compare with others in Chart Recognition.



Figure S42. Compare with others in Chart Recognition.
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