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Abstract

Multimodal AI has the potential to significantly enhance document-understanding
tasks, such as processing receipts, understanding workflows, extracting data from
documents, and summarizing reports. Code generation tasks that require long-
structured outputs can also be enhanced by multimodality. Despite this, their
use in commercial applications is often limited due to limited access to relevant
training data and restrictive licensing, which hinders open access. To address
these limitations, we introduce BigDocs-7.5M, a high-quality, open-access dataset
comprising 7.5 million multimodal documents across 30 tasks. We use an efficient
data curation process to ensure our data is high quality and license-permissive.
Our process emphasizes accountability, responsibility, and transparency through
filtering rules, traceable metadata, and careful content analysis. Additionally, we in-
troduce BigDocs-Bench, a benchmark suite with 10 novel tasks where we carefully
create datasets that reflect real-world use cases involving reasoning over Graphical
User Interfaces (GUI) and code generation from images. Our experiments show
that training with BigDocs-Bench improves average performance up to 25.8% over
closed-source GPT-4o in document reasoning and structured output tasks such as
Screenshot2HTML or Image2Latex generation. Finally, human evaluations showed
a preference for outputs from BigDocs-trained models over GPT-4o. This suggests
that BigDocs can help both academics and the open-source community utilize and
improve AI tools to enhance multimodal capabilities and document reasoning.

Workshop on Responsibly Building the Next Generation of Multimodal Foundational Models
38th Conference on Neural Information Processing Systems (NeurIPS 2024).
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CORD Park et al. (2019) (3.2 K) TextOCR Sidorov et al. (2020) (43.5 K)
COCO-Text Veit et al. (2016) (47.0 K) CDIP-1M⋆ (2985.0 K)
PubTables-1M Smock et al. (2022) (1371.3 K) OCR-VQA Mishra et al. (2019) (495.9 K)
ArxivOCR* (446.0 K)

Structure
DocBank Li et al. (2020b) (400.0 K) TableBank Li et al. (2020a) (463.3 K)
Datikz Belouadi et al. (2024) (189.1 K) GUI2UserIntent Cheng et al. (2024) (80.1k)

Captioning
Open4Business Singh et al. (2020) (27.9 K) SVGCap Rodriguez et al. (2023a) (100.0 K)
TabFact Chen et al. (2020) (39.5 K) ArxivTableCap Arkea (2024) (156.2 K)
Chart2Markdown* (6.5 K) Chart2Caption* (8.0 K)
GUI2Summary Cheng et al. (2024) (80.1k)

Q&A
WikiTQ Pasupat & Liang (2015) (27.8 K) UniChart Masry et al. (2023) (605.0 K)
FigureQA Kahou et al. (2017) (80.0 K) GUI-VQA Cheng et al. (2024) (80.1k)

Code
Sreenshot2HTML* (11.3 K) Image2Flow* (20.0 K)
Table2LaTex Arkea (2024) (78.6 K) Image2SVG Rodriguez et al. (2023a) (219.5 K)

Figure 1: BigDocs: A Large-Scale Structured Continual Pretraining and Finetuning Dataset. The inner
circle represents the distribution of BigDocs, detailing the categories. The outer circle displays the specific
datasets compiled to form 7 million image-text pairs. Datasets with * denotes our contribution.

1 Introduction

Visually-Rich Document (VRD) data containing text and structured elements (such as charts, in-
fographics, diagrams, sketches, tables, etc.) are essential cues for users to efficiently understand
complex information holistically. To facilitate this understanding, foundation models for VRDs must
process these structured documents and subsequently extract key insights, identify patterns, and
generate concise summaries and responses from user requests with reasoning (Landeghem et al.,
2023; Zhu et al., 2022). Recent advances in multimodal AI (Yang et al., 2023; Team et al., 2024b)
have demonstrated impressive capabilities, including generating functional web pages (Zheng et al.,
2024), automating document understanding workflows (Wang et al., 2023b), and extracting detailed
information from documents to produce comprehensive reports (Borchmann, 2024). However, the
datasets used to train these models remain closed-source, with undisclosed details and restrictive
licensing, which hampers their broader adoption in research and the advancement of open-source
model development. In contrast, current open-source models and datasets (Chen et al., 2023; Liu
et al., 2023b, 2024) primarily focus on basic document understanding tasks, such as optical character
recognition (OCR), e.g., DocStruct4M (Hu et al., 2024), or basic question-answering and mathemati-
cal problems, e.g., Cambrian-7M (Tong et al., 2024). These efforts do not sufficiently address the
complexity of processing intricate visual documents or generating long-structured outputs, such as
JSON and HTML, which are valuable in real-world applications.

In this work, we present BigDocs, a large-scale and open dataset, benchmark suite, and models
specifically designed for user-facing document-related tasks. BigDocs aims to bridge existing gaps
by enabling open-source models to meet the rising demand for sophisticated document understanding
technologies. Comprising 7.5 million image-text pairs, BigDocs is carefully curated to support three
core areas: (1) Document Information Extraction, which includes enhanced OCR for diverse
document types, named entity recognition, layout analysis, and table detection; (2) Document
Understanding, covering semantic comprehension tasks such as document classification, question
answering, and analysis of diagrams; and (3) Document Creation and Manipulation, which involves
converting visual data into structured formats like HTML, LaTeX, and JSON.

Our survey of 133 existing datasets revealed that 80% of them (i.e., around 100 datasets) have either
non-permissive licenses (Jaume et al., 2019; Štěpán Šimsa et al., 2023) or no clear licensing informa-
tion (Chaudhry et al., 2019; kleister Charity, 2021), creating barriers to reuse and transparency. In
response, BigDocs prioritize datasets with permissive licenses (e.g., CC-BY-4.0, MIT) and document-
related information, ultimately retaining 16 fully accessible datasets. To further support accessibility,
we developed the BigDocs Toolkit, which offers modular tools for data preprocessing, filtering,
and consolidation. Additionally, we introduced a unified metadata framework to enhance dataset
traceability (e.g., properties, sources, licenses), including detailed documentation of transformations
applied by us to the original data. We also conduct a data contamination analysis on downstream
tasks data, showing that BigDocs-7.5M has lower contamination rates than previous datasets.

To further advance document intelligence, BigDocs-Bench offers 10 novel downstream tasks, each
with four splits: train, validation, test, and hidden test (with 329k training samples, 11k validation
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Figure 2: BigDocs-7.5M Dataset Curation.The �gure illustrates the extraction, �ltering, and curation process
of BigDocs-7.5M, which emphasizes maintaining permissive licensing. To build BigDocs-7.5M, we �rst gather
publicly-available vision-language datasets, particularly those centered on document analysis, and apply a
rigorous �ltering process. We then augment these datasets with our own crawled data. Finally, we standardize
all samples and tasks into a uni�ed format to produce BigDocs-7.5M.

samples, 10k testing samples). These tasks focus on structured output generation, including code
formats such as HTML, LaTeX, SVG, and Markdown. Our experimental results demonstrate that
models trained on the BigDocs suite outperform those trained on existing datasets like DocStruct4M
(Hu et al., 2024) on standard document benchmarks. Additionally, automatic and human evaluations
on the novel tasks introduced in BigDocs-Bench highlight the advanced capabilities of these models
in generating long-format, structured outputs. User evaluations reveal a preference for our models'
outputs 88% of the time over Phi3.5 Instruct and 63% over GPT-4.

Built with a commitment to accountability, responsibility, and transparency (ART) (Bommasani
et al., 2023; Vogus & Llansóe, 2021), BigDocs will be open-sourced, including datasets, models, and
documentation to foster responsible AI development. In summary, BigDocs contributions include:

1. BigDocs-7.5M, a large-scale, license-permissive dataset designed for continual pretraining (further
training from a pretrained foundation model checkpoint) and downstream �netuning (e.g., to
follow instructions or task formats) of multimodal models on document-related tasks. It includes
traceablemetadataand curated licensing drawing from document-richmultiple data sources,
ensuring full public accessibility.

2. BigDocs-Bench, a set of 10 new benchmarks, including test datasets as well as corresponding
innovative evaluation metrics for multimodal models to generate long-structured code outputs
from images, including formats such as HTML, LaTeX, Markdown, and SVG.

3. BigDocs Toolkit, uni�ed tools supporting open-source efforts. These tools allow ef�cient data
curation, �ltering, formatting, and preparation for training models generating structured outputs.

4. BigDocs Models: We conduct extensive experiments using four state-of-the-art public models,
demonstrating the advantages of training with BigDocs over alternative datasets and enabling the
models to learn novel tasks through our dataset suite.

2 BigDocs-7.5M

BigDocs-7.5M is a large-scale, license-permissive, and carefully curated dataset for visual document
understanding designed to train foundational models across various document types and tasks. It
consolidates public datasets and newly crawled data with permissive licenses by preprocessing,
cleaning, and �ltering them into a uni�ed collection of 7.5 million image-text pairs. All curated
datasets and related artifacts will be openly released to foster community collaboration (Bender &
Friedman, 2018). The curation process is illustrated in Figure 2 and detailed below.

2.1 Dataset Curation Process

Existing Dataset Acquisition. The authors, along with domain experts and researchers, guided
the collection strategy, assessing dataset relevance, quality, and diversity. We gathered 133 public
vision-language datasets by searching academic repositories, open data platforms, and research
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papers. The collection focused on tasks like image captioning (Chen et al., 2015; Sidorov et al.,
2020), OCR (Park et al., 2019; Smock et al., 2022), visual question answering (Mishra et al., 2019;
Mathew et al., 2021b), scene-text recognition (Veit et al., 2016; Singh et al., 2021), and document
layout analysis (Li et al., 2020a,b), resulting in a diverse multimodal dataset repository.

Datasheets for Datasets.During data acquisition, we compiled detailed datasheets for each dataset,
capturing metadata such as ownership, status, size, references, source type, annotations, licensing,
and speci�c observations. We �ltered datasets based on licensing compatibility and relevance to our
document-related tasks, then extended the datasheets of selected datasets for better categorization.
This extension organized datasets by attributes such as medium type (e.g., digital, scanned), document
type (e.g., articles, infographics), sourcing method, text type (e.g., computer-generated, handwritten),
structure, language, timeframe, and licensing. For licensing, we documented both the image licenses
and annotation licenses separately, as these often differed and impacted the overall permissiveness
and usability of each dataset. This structured approach aligned datasets with speci�c use cases (e.g.,
OCR, structured parsing) and grouped them for pretraining, �netuning, and evaluation, ensuring
effective integration into our visual document understanding pipeline.

License Filtering. A key criterion for dataset selection was ensuring permissive licenses (e.g., CC-BY,
MIT, Apache 2, CC0) for both images and annotations, suitable for open access and commercial use
(more details on various of licenses in Appendix A.8). Datasets with non-permissive licenses, like
DVQA (Ka�e et al., 2018) (CC-BY-NC 4.0) or DocILE (Št�epán Šimsa et al., 2023) (non-commercial
use), or with no license information, like DeepForm (Svetlichnaya, 2020), were excluded. Ultimately,
we prioritized permissive licenses for both text and images, resulting in20%being kept, while7:5%
moderately restrictive and72:5%non-permissive were discarded. Some included datasets still have
images under less clear terms, such as “Fair Use” (e.g., OCR-VQA), documented in the metadata.

2.2 BigDocs Toolkit: Data Preprocessing, Filtering, and Consolidation

The BigDocs Toolkit provides modular tools for preprocessing, �ltering, contamination management,
metadata management, and dataset loading. These components work in unison to streamline the
integration of large-scale document datasets, ensuring quality and ease for ef�cient model training.

# Datamaker Module. The BigDocs Toolkit offers a modular framework for dataset curation,
focusing on standardization, quality control, and metadata management. Its coreDataMakerclass
acts as a template for handlers that extract annotations and convert raw data into a standardized format.
A universal function processes tasks like OCR, VQA, and code generation, ensuring consistency.
Bounding boxes are standardized, and corrupted samples are �ltered. The Toolkit also generates
metadata to enhance transparency, covering licensing and processing details (see Appendix A.10).

� Uni�ed Metadata Framework. We propose a uni�ed metadata framework for BigDocs to ensure
transparency and traceability. This framework thoroughly examines each raw data source, extracts
�ne-grained license information, and documents transformations applied to the data (e.g., different
sources may have distinct licenses). Each data sample includes a metadata attribute detailing its
properties, licenses, sources, and transformations (see Appendix A.10 for an example in Figure 13
and structure details). To our knowledge, this is the �rst systematic approach to track metadata for
visually rich documents, advancing transparency in multimodal dataset curation.

Assessing Contamination. The presence of downstream evaluation data in training datasets can
signi�cantly affect the accurate measurement of a model's effectiveness (Magar & Schwartz, 2022).
BigDocs-7.5M contains samples from the training split of TabFact, WTQ, and TextVQA. However,
any evaluation dataset maya priori overlap with training datasets through less direct dependencies.
We favor a transparency strategy: Appendix A.4 reports our approach and estimation of this overlap.

2.2.1 The resulting BigDocs-7.5M

BigDocs-7.5M consists of 7.5M image-text pairs for training (4M unique images), 500k for validation
(234k unique images), and 470k for testing (261k unique images). These data points aggregate four
document-related tasks – OCR, structured parsing, captioning, and question-answering – enabling
models to handle diverse document use cases (see Figure 1 and Appendix A and A.2 for more details).
Low-quality data is �ltered out, and metadata details our best-effort licensing compliance, making
the dataset suitable for training foundational models, even in commercial applications.
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Table 1: Statistics of the ten downstream tasks in BigDocs-Bench.GPT2 tokenizer is used to produce token
numbers of both queries and annotations (if any), where the format is (avg� std).

Downstream Task # Training # Validation # Public Test # Hidden Test # Text Tokens

Ð Screenshot2HTML 9,338 1,000 500 500 32,700� 53,105
F Table2LaTeX 77,669 1,000 500 500 438� 540

Image2SVG 198,000 2,000 748 748 2,871� 1,728
¨ Image2Flow(GraphViz) 8,000 1,000 500 500 418� 124
¨ Image2Flow(JSON) 8,000 1,000 500 500 1,771� 601
÷ Chart2Markdown 4,516 1,000 500 500 1,559� 4,442
¿ Chart2Caption 5,412 1,300 650 650 94� 49
ø GUI2UserIntent 79,000 1,000 500 500 28� 4
¿ GUI2Summary 79,000 1,000 500 500 132� 25
Ü GUI-VQA 78,991 1,000 500 500 35� 24

Figure 3: 8 of the new tasks introduced in BigDocs-Bench.These tasks share a focus on understanding the
underlying structure of visually rich documents, with many also requiring generating lengthy outputs, such as
SVG and HTML code. More tasks are shown in Figure 9 and 10.

3 Building BigDocs-Bench

In the previous section, we introduced BigDocs-7.5M, a uni�ed and permissive dataset for training
models on document understanding tasks. Building on this, we present BigDocs-Bench, a benchmark
suite for evaluating downstream tasks that transform visual inputs into structured outputs, such as
GUI2UserIntent (�ne-grained reasoning), Image2Flow (structured output), Chart2Caption (under-
standing), and Screenshot2HTML (creative generation). BigDocs-Bench includes ten specialized
tasks, with 329k training samples, 11k validation samples, 10k testing samples, and an additional
hidden test set. Refer to Table 1 for task details and Figure 3 for examples.

3.1 BigDocs-Bench Tasks Suite

Ð Screenshot2HTML: We introduce a benchmark for Screenshot2HTML conversion, with
10,838 real-world website screenshots paired with HTML code (Appendix A.5.2). Curated from
diverse, text-heavy websites in the FineWeb corpus (Penedo et al., 2024), it contrasts with synthetic
GPT-generated sites from prior work (Laurençon et al., 2024b). UsingPlaywright , we retrieved,
rendered, and �ltered sites for accessibility, content, and licensing. External assets (e.g., CSS, fonts)
were inlined, JavaScript removed, and images replaced to focus on structure. Screenshot2HTML
evaluates the accuracy of HTML generated from webpage screenshots, emphasizing layout �delity
and semantic correctness.

F Table2LaTeX: We propose a benchmark for Table2LaTeX conversion, consisting of 79,669 table
images paired with original LaTeX code and captions (details in Appendix A.5.3). The dataset was
curated by crawling arXiv papers with permissible licenses and extracting tables from PDFs and
TeX source �les.* Instead of relying on imperfect PDF detection, tables were rendered from the
LaTeX .tex code to ensure accurate visuals. For instance, an image of a table is paired with its
corresponding LaTeX snippet code and caption. This benchmark supports precise table extraction
and LaTeX generation evaluation from academic documents.

Image2SVG:We present a benchmark for Image2SVG conversion, curated from the existing
SVG-Stack collection by StarVector (Rodriguez et al., 2023a) (details in Appendix A.5.4). The
dataset includes 200k raster images paired with SVG code (e.g., �owchart image paired with SVG

* https://arxiv.org/
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code replicating it) or descriptive text. We �ltered for complex designs, using image entropy to
exclude simple graphics, and ranked image-text pairs by CLIP Score (Hessel et al., 2022; Radford
et al., 2019). This benchmark evaluates models on precise vector image reconstruction and scalability.

¨ Image2Flow: We introduce two benchmarks, Image2Flow(GraphViz) and Image2Flow(JSON),
mapping �owchart images to JSON or GraphViz code (Appendix A.5.1). The dataset includes
10,000 �owchart samples with GraphViz �les generated using LLaMA 3.1 (Dubey et al., 2024) and
JSON �les detailing nodes and connections. Random colors and styles were applied for diversity.
Unlike FlowchartQA (Tannert et al., 2023), which focuses on QA over preprocessed �owcharts, this
benchmark tests models' ability to extract structure from raw images.

÷ Chart2Markdown: This dataset assesses the models' capabilities in extracting data values from
chart images. Formally, the model is given a chart image and asked to produce a data table of the
underlying data table in markdown format. To create this dataset, we crawled recent chart images
from the Statista website†, focusing on charts from 2023 and 2024 that were not used in prior datasets
like UniChart (Masry et al., 2023) and ChartQA (Masry et al., 2022). This ensures that the dataset
re�ects the most up-to-date facts and trends and overlaps less with existing datasets and benchmarks.
We collected 6,516 chart images with their data tables and human-written summaries.

¿ Chart2Caption: We introduce a benchmark for Chart2Caption conversion, aiming to generate
textual summaries from chart images. The dataset includes 6,516 samples, with charts sourced from
Kaggle by running public analytics notebooks and extracting charts and code. Summaries were
generated using multimodal InterVL2-26B model (Chen et al., 2023, 2024) based on a custom prompt
(see Appendix A.5.5) and augmented with human-written summaries from the Chart2Markdown task.
This benchmark evaluates models' abilities to interpret and summarize visual data representations.

ø GUI2UserIntent: This benchmark interprets user intent from GUI interactions, identifying
elements linked to clicked bounding boxes (details in Appendix A.5.7). The dataset, repurposed from
SeeClick (Cheng et al., 2024), includes 80,000 website screenshots with bounding box coordinates
and corresponding user intents sourced from Common Crawl to capture user interactions effectively.

¿ GUI2Summary: The GUI2Summary task generates descriptions of website screenshots, focusing
on web layouts. We synthesized 80,000 summaries (under 100 words each) using InternVL2-
8B (Chen et al., 2023) in a zero-shot setting (details in Appendix A.5.8). Each summary provides an
overview of the main content, referencing key visual elements, layout, and color schemes.

Ü GUI-VQA: The GUI-VQA task answers questions about website screenshots, focusing on content
and elements.We generated 80k QA pairs using sentences from GUI-to-Summary and prompting
LLaMA 3.1-8b (Dubey et al., 2024) in a zero-shot setting (details in Appendix A.5.9).

3.2 Filtering and Quality

Z Filtering with BigDocs Toolkit. To ensure a high-quality, open-access dataset, we employed an
NSFW detector alongside �ltering tools to eliminate harmful content, corrupted images, misaligned
annotations, and personally identi�able information (PII). The BigDocs Toolkit also facilitates
distributed web crawling while adhering to ART principles, featuring robust �ltering classes to curate
safe URLs, remove NSFW content, and exclude PII. This multi-layered �ltering process yields a
clean, reliable dataset suitable for advanced document tasks. Finaly, the test set underwentmanual
human veri�cation, with each sample reviewed to ensure overall quality, consistency, and accuracy.

4 Training Multimodal Models on BigDocs

We trained several state-of-the-art multimodal models of varying sizes and architectures on BigDocs
to assess its effectiveness for document-based continual pretraining and downstream �netuning. For
comparison, we also trained the models on DocStruct4M, the closest alternative in terms of scale and
document-oriented tasks. Additionally, we experiment on the training set from BigDocs-Bench that
requires generating long structure outputs, e.g., valid code outputs.

We follow two stages of training: continual pretraining (CPT) and downstream �netuning (FT). The
CPT stage involves training on large domain-speci�c datasets, such as BigDocs and DocStruct4M,

†https://www.statista.com/
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learning general tasks like OCR, layout understanding, and captioning. For FT smaller datasets,
such as DocDownStream and BigDocs-Bench, to focus on speci�c tasks like question answering
or generating HTML from images. A previous stage of pretraining (PT) is typically performed
for general multimodal alignment. In our framework, we do not perform this stage and rely on
publicly available checkpoints. While pretraining (PT) is typically performed for general multimodal
alignment, we rely on public checkpoints instead. In CPT, we train the image encoder and connector
to align image features with the LLM. For FT, both the connector and LLM remain unfrozen. See
Figure 11 in Appendix A.6 for more details.

4.1 Experimental Setup

Baseline Models.We selected DocOwl1.5-8B (Hu et al., 2024), Qwen2VL-2B (Bai et al., 2023a),
Phi-3.5-Vision-4B (Abdin et al., 2024), and LLaVa-NeXT-7B (Li et al., 2024) for our training
experiments. These models were chosen due to their focus on document-related tasks (DocOwl1.5),
their openness regarding checkpoints (Qwen2VL, DocOwl1.5), and their state-of-the-art performance
and task generalization capabilities (LLaVa-NeXT, Phi-3.5).

Training Details. We conduct all experiments using 8 nodes of 8 H100 GPUs, using Fully Sharded
Data Parallel (FSDP) for distributed training. All experiments use a batch size of 256 and a learning
rate of 2e-5, with AdamW as the optimizer. More training details are provided in Appendix A.6.

Evaluation Benchmarks & Metrics. In addition to the newly introduced BigDocs-Bench, we
assess performance on well-known document-oriented benchmarks, termed asGeneral Document
Benchmarks. We select these benchmarks for their relevance and diverse range of document tasks.
DocVQA (Mathew et al., 2021b), InfoVQA (Mathew et al., 2021a), DeepForm (Svetlichnaya, 2020),
KLC (Stanis�awek et al., 2021) (Kleister Benchmark for Key information extraction), WTQ (Pasupat
& Liang, 2015) (Wikipedia Tables), TabFact (Chen et al., 2020), ChartQA (Masry et al., 2022),
TextVQA (Singh et al., 2019), MMMU (Yue et al., 2024), DUDE (Landeghem et al., 2023), Slide-
VQA (Tanaka et al., 2023), and TableVQA (Kim et al., 2024). We utilize (and extended) VLM Eval
Kit (Duan et al., 2024).

In BigDocs-Bench, we employ the following evaluation methods based on each task's characteristics.
For Screenshot2HTML, inspired by related works in this domain (Reis et al., 2004), we compute Tree
Edit Distance (TE Dist.) between the Document Object Model (DOM) of ground truth and generation.
For Table2LaTeX, we report TeXBLEU (Jung et al., 2024). For Image2SVG, we compare the cosine
similarity between the DINOv2 (Oquab et al., 2023) representations of the ground-truth and generated
SVG images (DINOScore). For the Image2Flow tasks, we propose the Length-Shape Triplet F1
(LST F1) score between ground-truth and generated �owcharts' edge sets. More speci�cally, each
edge is represented as a(s; e; d) triplet, wheree is the edge label, ands andt are the source and
destination nodes' labels concatenated with their shapes, respectively. For Chart2Markdown, we
adopt the RMSF1 metric for markdown tables (Liu et al., 2022; Masry et al., 2023, 2024). For
summarization and VQA tasks, we report Rouge-L F1 score (Lin, 2004). For more details about the
evaluation process, please refer to Appendix A.7.

Setup. For our CPT on DocOwl1.5-8B and Qwen2VL-2B, we used base weights, while on Phi-
3.5-Vision-4B and Llava-NeXT-7B, we initialized from their instruction-tuned versions, since their
base weights are not publicly available. We �rst trained each model on a CPT corpus, either
DocStruct4M (Hu et al., 2024) or BigDocs-7.5M, for one epoch. Following this, we performed
further alignment (�netuning) using DocDownStream to enhance the model's ability to follow
instructions. For each selected model, we also evaluated the author-provided base model and the
instruction-tuned version (separate from the base checkpoint, if available) as baselines and reported
the performance on general document benchmarks.

We also provide a comprehensive evaluation on the proposed BigDocs-Bench. We conducted an
off-the-shelf performance analysis on BigDocs-7.5M using models such as GPT4 (Achiam et al.,
2023), Claude (Anthropic, 2024), Gemini Pro (Team et al., 2024a) and Qwen2VL-72B (Wang et al.,
2024a) and Ide�cs2 (Laurençon et al., 2024a). In addition, we also evaluated the previously selected
models on their instruction versions, including DocOwl1.5-8B, Qwen2VL-2B, Phi-3.5-Vision-4B,
and Llava-NeXT-7B. To incorporate the new capabilities introduced in BigDocs-Bench, we further
�netuned these models after BigDocs CPT using the training set from BigDocs-Bench (see Table
3). For each model, we only evaluate the instruction-tuned version (where available) as baselines,
reporting their respective performance.
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Table 2: General Document Benchmarks. Models trained on {BigDocs-7.5M+DocDownstream} perform
competitively across multimodal document benchmarks. We compare them to base checkpoints, instruction-tuned
models, and those trained on {DocStruct4M+DocDownstream}. BigDocs models show consistent performance.
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DocOwl1.5-8B (instruct) 80.73 49.94 68.84 37.99 38.87 79.67 68.56 68.91 33.67 34.64 31.62 52.6053.84
DocOwl1.5-8B (base) 2.07 1.84 0.00 0.00 0.00 0.00 0.00 0.00 24.44 19.07 3.30 13.635.36
DocOwl1.5-8B (base) + DocStruct4M 75.99 46.88 62.77 35.21 32.86 71.5668.36 65.08 33.67 29.00 27.03 46.27 49.56
DocOwl1.5-8B (base) + BigDocs (Ours)78.70 47.62 64.39 36.93 35.69 72.65 65.80 67.30 32.33 32.55 29.60 49.03 51.05
Qwen2-VL-2B (instruct) 89.16 64.11 32.38 25.18 38.20 57.21 73.40 79.90 42.00 45.23 46.50 43.0753.03
Qwen2-VL-2B (base) 7.26 0.78 0.00 0.00 0.00 0.00 0.00 1.14 34.89 28.43 14.55 0.007.25
Qwen2-VL-2B (base) + DocStruct4M 59.53 32.00 53.98 36.38 28.48 64.24 54.44 55.89 34.8928.78 22.68 46.53 43.15
Qwen2-VL-2B (base) + BigDocs (Ours) 57.23 31.88 49.31 34.39 31.61 64.75 68.60 61.01 35.67 27.19 17.46 47.53 43.89
Phi3.5-Vision-4B (instruct) 86.00 56.20 10.47 7.49 17.18 30.43 82.16 73.12 46.00 37.20 30.93 70.7045.66
Phi3.5-Vision-4B + DocStruct4M 86.76 68.90 70.1237.83 51.30 82.12 79.76 68.60 44.11 35.52 31.9069.17 60.51
Phi3.5-Vision-4B + BigDocs (Ours) 87.05 70.05 70.97 37.45 51.21 81.24 81.56 68.72 45.00 36.15 32.47 67.77 60.80
LLaVA-NeXT-7B (instruct) 63.51 30.90 1.30 5.35 20.06 52.83 52.12 65.10 38.89 17.94 7.46 32.8732.36
LLaVA-NeXT-7B + DocStruct4M 60.95 26.14 39.78 28.34 25.90 67.72 61.20 52.25 25.78 21.70 15.33 27.03 37.68
LLaVA-NeXT-7B + BigDocs (Ours) 57.13 24.47 46.38 31.09 27.06 72.58 54.72 49.06 17.78 22.88 16.07 33.13 37.70

Table 3: Comparison of model performance in BigDocs-Bench.BigDocs models trained on {BigDocs-
7.5M+DocDownstream+BigDocs-Bench train-split}, which combine CPT and FT, outperform all baselines in
tasks requiring long-format code generation, particularly in �ow generation, GUI reasoning, and image-to-
LaTeX generation, surpassing even state-of-the-art closed models.
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Open Models
DocOwl-1.5-8B 0.05 10.08 0.00 0.00 10.54 13.88 2.41 3.44 75.07 23.81 15.70
Qwen2-VL-2B 41.17 15.19 0.00 0.00 23.98 17.70 23.18 6.46 74.83 19.17 20.00
Phi3.5-V-4B 60.64 16.29 0.00 0.00 27.80 10.81 25.35 4.25 74.22 31.72 20.75
LLaVA-NeXT-7B 22.00 13.24 0.00 0.00 21.99 2.24 20.53 4.09 73.37 8.63 15.93
Ide�cs2-8B 0.00 7.68 0.00 0.00 8.75 5.06 22.58 3.50 74.24 16.92 15.09
Closed Models
GPT-4o 20240806 14.94 21.46 6.95 0.00 27.12 9.40 60.34 10.33 74.65 18.2524.66
Claude-3.5 Sonnet 0.77 13.26 1.66 0.00 26.45 4.87 25.46 9.70 74.44 8.6118.31
GeminiPro-1.5 8.09 19.13 3.94 0.20 25.54 9.89 15.21 7.43 75.22 15.38 19.23
Qwen2-VL-72B 13.22 12.45 3.65 0.70 18.80 19.80 54.43 10.03 74.51 20.07 23.07
BigDocs Models (ours)
DocOwl-1.5-8B + BigDocs 74.43 24.15 42.16 48.54 45.55 89.15 33.66 3.64 81.28 43.46 44.35
Qwen2-VL-2B + BigDocs 72.25 26.05 41.61 52.11 42.59 71.65 - 9.20 78.54 33.97 42.80
LLaVA-NeXT-7B+ BigDocs 72.78 24.05 59.66 71.49 46.14 79.55 60.63 10.40 80.79 40.67 50.43
Phi3.5-v-4B + BigDocs 84.01 28.89 63.07 71.86 47.32 86.91 34.65 12.05 81.94 44.81 50.46

4.2 Quantitative Results

Results on Existing Document Downstream Tasks. Table 2 presents the models performance
across general document benchmarks. Base models perform poorly, mainly due to their inability to
follow user instructions, like answering questions. Phi3.5 Vision, originally optimized for reasoning
tasks, achieves an average score of 60.80% when �netuned on BigDocs, enhancing its ability to
handle complex document-based tasks. For Qwen2-VL, an interesting pattern emerges: while the
instruction-tuned version excels on tasks reported in its technical report (e.g., DocVQA, InfoVQA,
ChartQA, MMMU), the BigDocs-trained model surpasses it on new tasks like TabFact, DeepForm,
KLC, and TableVQA, suggesting that Qwen2-VL's instruction-tuning may rely on complex prompt
engineering and task-speci�c optimizations.We �nd that performing additional continual pretraining
and �netuning on instruction-tuned models does not signi�cantly degrade performance. Moreover,
we observe substantial improvements on previously underperforming tasks. As shown in Table
2, Phi3.5 and LLaVA-Next show marked gains on DeepForm, KLC, WTQ, and SlideVQA. However,
LLaVA's performance declined on MMMU, indicating the need for more multiple-choice question
data. This reinforces our argument that transparency in training datasets is essential for proper
evaluation. Finally, across all models, BigDocs training yields higher average scores compared to
training on DocStruct4M, even with lower contamination rates on most benchmarks, as we highlighted
in Section 2. These �ndings indicate thatBigDocs supports better generalization and robustness
without complex task-speci�c optimizations while also being license-permissive.

Results on BigDocs-Bench Tasks.Table 3 shows results for our proposed downstream tasks,
evaluating models' ability to generate lengthy structured and valid code outputs, and reasoning from
GUIs. Overall, BigDocs models consistently outperform both open and closed models on most
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Figure 4: Human evaluation resultscomparing Phi3.5 BigDocs-Bench against Phi3.5 Instruct and GPT-4o on
two tasks: Table2LaTex (Left) and Screenshot2HTML (Right).

tasks, particularly in Flow and GUI tasks such as GUI2UserIntent, GUI2summary, GUI-VQA, and
Image2Flow, revealing areas where existing models fall short. The performance gap is narrower on
tasks like Screenshot2HTML, Image2SVG and Chart2Caption, suggesting these tasks have been
explored in the literature but not extensively enough. Phi3.5-V4B + BigDocs stands out as the
top performer in 8 tasks out of 10, with an average score of 50.46. However, its performance on
Image2SVG (25.98 points behind LLaVA-NeXT-7B + BigDocs) indicates less exposure to SVG data
in its instruction tuning. We �nd that the model can generate valid code outputs in different formats,
including SVG, HTML, JSON, or Latex, when conditioned on images.

4.3 Human Evaluations and Qualitative Results

We conducted a human evaluation comparing the performance ofPhi-BigDocs, Phi-Instruct , and
GPT-4o on Screenshot2HTML andTable2LaTeX tasks. Twenty-eight evaluators participated,
providing 1,900 annotations. For Table2LaTeX, evaluators assessed if the LaTeX table matched the
input table. For Screenshot2HTML, they evaluated the visual similarity between the rendered HTML
and the screenshot. Evaluators chose between “Win” (one output was superior), “Neither” (both
were poor), or “Both” (outputs were equally good). We collected 1,900 annotations in total. See
Appendix A.9 for more details on the evaluation platform.

From human evaluation results in Figure 4, for the Table2LaTeX task, Phi3.5 BigDocs wins 88% of
the time against Phi3.5 Instruct and achieves a 63% win rate, with a 31% draw rate, against GPT-4o.
These results highlight our model's ability to accurately preserve the table's structure, including lines,
borders, and margins, whereas GPT-4o often struggles to maintain consistent formatting despite
capturing content accurately. In the Screenshot2HTML task, Phi3.5 BigDocs achieves a 65% win
rate against Phi3.5 Instruct and performs competitively against GPT-4o, with a 36% win rate and 7%
draw rate, demonstrating its strong capability to reproduce visual elements faithfully.

Qualitative Results. We provide qualitative results in Appendix A.11. Figure 8 presents
outputs from experiments with the Phi-3.5-Vision-4B model on BigDocs-Bench for tasks like
Chart2Markdown, Table2LaTeX, and Image2SVG. The model delivers visually consistent outputs
and generates valid code across formats, adhering to task instructions. Table 6 compares sample
outputs between Phi-3.5-Vision models and GPT-4o, highlighting the strong performance of our
BigDocs trained version in captioning and VQA tasks.

5 Conclusion

We introduce BigDocs-7.5M, a large-scale, license-permissive dataset for training multimodal models
on document and code-related tasks. Along with a comprehensive suite of tools and data analysis,
we present BigDocs-Bench, featuring 10 downstream tasks that assess a model's ability to generate
long-format code outputs from images. These tasks serve as practical benchmarks for real-world
applications. Our experiments show that models trained on BigDocs outperform those trained on
existing datasets. Furthermore, training on the BigDocs-Bench train split endows the resulting models
with new capabilities and signi�cantly enhances their ability to generate long, structured outputs. All
BigDocs artifacts will be freely available under permissive licenses.
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Limitations Our work presents a pioneering license-permissive dataset for multimodal document
understanding, achieving strong performance across tasks. However, there are limitations: (1)
Suboptimal performance on some public benchmarks, indicating a need to re�ne the data mixture
and explore additional sources. (2) Limited context length, as models are trained with a maximum of
8192 tokens, restricting performance on tasks with long, structured outputs like HTML and SVG. (3)
Uncertainty in the commercial viability of base models, as their pretraining data lacks transparency.

Ethics Statement Our work is centered around responsible and transparent curation of datasets for
multimodal document understanding models. While we have made extensive efforts to �lter harmful
content from our dataset, we cannot fully guarantee that the models will not generate offensive
language. Additionally, we have taken signi�cant steps to remove personally identi�able information
(PII) from the compiled datasets to protect user privacy. However, we cannot ensure that the generated
code will be free of malicious snippets, and developers are encouraged to implement protection
protocols to safeguard against potential risks. Finally, all human evaluation studies were conducted
by collaborator researchers, and no PII was collected during this process.

Reproducibility Statement We are committed to ensuring the reproducibility of our work by
providing all necessary details and resources. All artifacts, including code, datasets, model weights,
data sheets, and metadata, will be publicly released. Furthermore, we have fully documented all
hyperparameters, experimental setups, and evaluation metrics to allow for accurate replication of our
results. For human evaluation, we provide clear instructions and describe the environment used for
comparison to ensure transparency and consistency.
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A Appendix

A.1 Related Work

Multimodal Datasets. General-purpose vision-language datasets like COCO Caption (Chen et al.,
2015) and SBUCaption (Ordonez et al., 2011) primarily feature photographic content, lacking
visually-rich document (VRD) data (Sharma et al., 2018; Changpinyo et al., 2021). In contrast,
our focus is on text-heavy datasets including PDFs, tables, and invoices (Veit et al., 2016; Mishra
et al., 2019; Singh et al., 2021; Li et al., 2020b,a; Soboro, 2022), which are crucial for tasks like
information extraction and parsing (Masry et al., 2022; Rodriguez et al., 2023c,b). While datasets
like DocStruct4M (Hu et al., 2024) and Cambrian7M (Tong et al., 2024) partially address these needs,
they often lack permissive licenses or are not open-source. Kosmos-2.5 (Lv et al., 2023) focuses on
building a large document dataset; however, the authors did not make it public. BigDocs �lls these
gaps by providing 7.5M permissively licensed image-text pairs from 16 academic datasets and other
open platforms, supporting diverse document understanding tasks.

Responsible Data and Licensing. Enterprise models like GPT-4 (OpenAI, 2023) and Claude (An-
thropic, 2024) are often closed-source, lacking transparency in training data (Bommasani et al., 2024).
Foundational works (Gebru et al., 2021; Bender & Friedman, 2018) emphasize the importance of
open access and transparency in dataset documentation. Previous works promoting open-access such
as StarCoder (Li et al., 2023), The Stack (Kocetkov et al., 2022), FineWeb (Penedo et al., 2024), and
LLaMA (Dubey et al., 2024), have addressed this by releasing data or models for language models
pretraining. Our work builds on these efforts by creating a curated, well-documented resource for
open access (Laurençon et al., 2023), addressing licensing complexities ranging from permissive
licenses (e.g., Apache 2.0, MIT (Hu et al., 2024; Gadre et al., 2023)) to restrictive ones like CC
BY-SA (Foundation, 2024; Zhang et al., 2024) and CC BY-NC-SA (Wang et al., 2024b). Compound
datasets, like Cambrian-7M (Tong et al., 2024), face mixed licensing issues, while some datasets,
such as DocVQA (Mathew et al., 2021b), have different licenses for images and annotations. In
developing BigDocs, we prioritized permissive licensing in data curation and contributed to new
datasets that adhere to open-access principles, ensuring transparency at all stages of development.

Multimodal Document Understanding Models. Recent advancements have introduced several
general-purpose multimodal models (Liu et al., 2023b,a, 2024; Bai et al., 2023b; Laurençon et al.,
2024; Tong et al., 2024). For example, LLaVA (Liu et al., 2023b) integrates a vision encoder
with a language model, with later versions enhancing reasoning and OCR capabilities (Liu et al.,
2023a, 2024). Qwen2-VL (Bai et al., 2023b) processes images at native resolutions, while Phi 3.5
Vision (Abdin et al., 2024) offers a lightweight model for reasoning tasks. Specialized models for
visually-rich documents, like DocOwl1.5 (Hu et al., 2024) and DocLLM (Wang et al., 2023a), have
also gained traction, particularly for commercial applications. However, the datasets for training
these models are often not publicly available or have restrictive licenses (Hu et al., 2024). Our work,
BigDocs, addresses this by consolidating existing permissive datasets to support the development of
reproducible, commercially viable document understanding models.

A.2 BigDocs-7.5M Tasks

1. OCR-Related Tasks: These tasks involve converting images of text (e.g., scanned docu-
ments) into machine-readable formats, including transformations such as bounding-box-to-
text and text-to-bounding-box (text localization as described in Hu et al. (2024)). Models
learn to recognize and map textual information within images.

2. Structured Parsing and Extraction: This task focuses on extracting and transforming
structured data from documents, like parsing tables, forms, and charts into formats such
as JSON or Markdown. It includes handling documents with complex visual layouts and
sometimes incorporates bounding box information for individual elements.

3. Captioning and Summarization: This task requires models to generate captions or sum-
maries for visual or textual content, such as �gures, charts, or document sections. The
models provide concise descriptions or overviews, enhancing document comprehension.

17



4. Question-Answering (QA): QA tasks involve responding to questions posed over structured
or visual data (e.g., tables, �gures). This includes multi-turn QA, where models address a
series of related questions to improve their reasoning and comprehension.

A.3 Datasets included in BigDocs-7.5M

The following datasets are utilized in our work, supporting the four core tasks mentioned in Sec-
tion 2.2.1. We reference the task supported by each dataset via the index in Section A.2. Note that
datasets with* are those fully or partially curated by us (details explained in the description of each
of them).

1. TabFact (Chen et al., 2020): [Task included: (2), (4)] TabFact is used for question-answering
tasks, where models check whether a given statement is supported or refuted by a table. It
also involves structured parsing, helping models extract and process structured table data
into formats like Markdown.

2. Open4Business (O4B)(Singh et al., 2020): [Task included: (2), (3)] O4B is a dataset
focused on business-related documents and is processed for structured parsing and extraction,
as well as captioning and summarization, allowing models to retrieve key insights from
documents and generate summaries or descriptions.

3. WikiTQ (Pasupat & Liang, 2015): [Task included: (2), (4)] WikiTableQuestions is used for
question-answering tasks over tables, where models answer questions based on table data,
and structured parsing for converting table data into Markdown.

4. CORD (Park et al., 2019): [Task included: (1), (2)] CORD is a dataset for parsing receipts,
used for both OCR-related tasks and structured parsing and extraction, helping models
interpret structured �nancial data from document layouts. This latter task requires extracting
entities and providing their text, category, and location as a JSON output.

5. UniChart (Masry et al., 2023): [Task included: (2), (4)] UniChart is used for structured
parsing and extraction to extract structured information from chart-like tables, converting
complex visual layouts into formats like JSON or Markdown. And also for question-
answering tasks, where models answer questions related to the chart content.

6. TextOCR (Sidorov et al., 2020): [Task included: (1)] TextOCR is processed for OCR-related
tasks, enabling models to perform bounding-box-to-text transformations on scene text from
images.

7. COCO-Text (Veit et al., 2016): [Task included: (1)] COCO-Text is used for OCR-related
tasks, helping models extract and recognize text from real-world images with natural scene
text.

8. CDIP-1M * (Soboro, 2022): [Task included: (1), (2)] CDIP-1M is processed for OCR-
related tasks and structured parsing, focusing on extracting text and structure from large-
scale scanned document collections. We used an in-house OCR engine to get the text (i.e.
annotations) from its 11M documents from the source. Like the text localization task in
DocStruct4M Hu et al. (2024), we generate word-, line- and block-level bounding-box-to-
text and text-to-bounding-box QA pairs. We subsample zones randomly, and based on OCR
con�dence, a large fraction of the images are pretty noisy. In addition, for the block level,
we generate structured parsing QA pairs where text lines and their location need to be given
as JSON by the model.

9. PubTables-1M(Smock et al., 2022): [Task included: (1), (2)] PubTables-1M is a large
dataset of tables from scienti�c papers. It is used forOCR-related tasksto extract informa-
tion in tables. It is also processed forstructured parsing and extraction, allowing models
to handle scienti�c tables and convert them into markdown.

10. FigureQA (Kahou et al., 2017): [Task included: (4)] FigureQA is focused on question-
answering tasks, where models answer questions based on charts and �gures, improving
reasoning over visual and tabular data.

11. DocBank (Li et al., 2020b): [Task included: (2), (4)] DocBank is utilized for structured
parsing and extraction and question-answering tasks, enabling models to interact with
scholarly documents and extract structured data from layouts.
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