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Abstract

Despite significant progress in multimodal large language
models (MLLMs), their performance on complex, multi-
page document comprehension remains inadequate, largely
due to the lack of high-quality, document-level datasets.
While current retrieval-augmented generation (RAG) meth-
ods offer partial solutions, they suffer from issues, such
as fragmented retrieval contexts, multi-stage error accu-
mulation, and extra time costs of retrieval. In this work,
we present a high-quality document-level dataset, Doc-
750K, designed to support in-depth understanding of mul-
timodal documents. This dataset includes diverse docu-
ment structures, extensive cross-page dependencies, and
real question-answer pairs derived from the original docu-
ments. Building on the dataset, we develop a native mul-
timodal model—Docopilot, which can accurately handle
document-level dependencies without relying on RAG. Ex-
periments demonstrate that Docopilot achieves superior co-
herence, accuracy, and efficiency in document understand-
ing tasks and multi-turn interactions, setting a new baseline
for document-level multimodal understanding. Data, code,
and models are released at https://github.com/
OpenGVLab/Docopilot.

1. Introduction

In recent years, multimodal large language models
(MLLMs) [6, 12,41, 56, 60, 72, 81, 82, 84, 92] have rapidly
developed, achieving remarkable performance in various vi-
sual understanding tasks [30, 77], particularly image-level
tasks, such as image captioning [10, 42], optical character
recognition (OCR) [45, 65], and visual question answering
(VQA) [24, 44]. Despite these advances, current MLLMs
still face significant challenges in document-level under-
standing [51, 76, 89], where models are required to identify
and integrate key information across multi-page documents,
setting high expectations for their long-context processing
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Figure 1. Accuracy v.s inference latency on MM-NIAH. The
proposed Docopilot-8B shows a notable improvement over base-
line models [73], achieving a +19.9% accuracy gain compared to
InternVL2-8B and surpassing InternVL2-26B with less than 31%
of the inference latency. Additionally, Docopilot-2B uses fewer
parameters (less than 10%) while exhibiting comparable perfor-
mance to the 10x larger InternVL2-26B. These results suggest
that our Docopilot strikes a reasonable balance between latency,
model size, and performance.

capabilities of MLLMs.

Current research on long-content understanding primar-
ily focuses on text-only models [5, 9, 74], targeting specific
retrieval tasks such as “Needle in a Haystack™ (NIAH) [2,
31]. However, existing open-source MLLMs [12, 13, 36,
41, 62, 81, 83] are primarily trained on image-level data,
lacking the long-context understanding capacity required
for document-level understanding. Retrieval-augmented
generation (RAG) methods [14, 22, 50, 61, 63, 95] attempt
to address this by retrieving key information to fit within
the limited context windows of MLLMs, but they still en-
counter the following challenges in document-level tasks.
(1) Fragmented Retrieval Contexts. Retrieved information
is fragmented, lacking the overall structure of the docu-
ment; (2) Multi-Stage Error Accumulation. Incorrect re-
trieval results can affect subsequent responses, leading to
errors or omissions of critical details, especially in multi-
turn or complex tasks; (3) Extra Time Costs. The retrieval
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step increases the latency of the QA system, limiting the
scalability of RAG in time-sensitive scenarios.

To address these problems, two primary challenges need
to be considered. (1) High-Quality Multimodal Document
Dataset. While extensive datasets [11, 91, 96, 97] exist for
long-context, text-only tasks, high-quality document-level
question-answering datasets remain scarce. This shortage
is largely attributed to the high costs associated with an-
notation and the lack of streamlined construction pipelines.
(2) Native Document-Level MLLMs. Although RAG-based
methods [14, 86, 95] provide some relief, native multi-
modal models with long-context processing abilities are
crucial. However, training native MLLMs specifically
for document-level understanding is constrained by current
hardware limitations.

In this work, we introduce a new multimodal document
dataset that supports document-level understanding tasks.
Compared to counterparts [33, 76, 78], this dataset has the
following features: (1) Large Scale. It includes a total of
758K question-answer samples, containing 5.2B text tokens
and 3.1M images. It encompasses content from various
sources, such as Sci-Hub, Arxiv, and OpenReview, cov-
ering a wide range of topics and document layouts. (2)
High Quality. Unlike existing datasets that insert irrele-
vant questions into documents, we collect real, in-depth
question-answer pairs and construct single-page and cross-
page questions based on document structure. Such high-
quality question-answer data accounts for 31.6% of the
dataset. (3) Multimodal. For the document content, we pro-
vide not only the conventional interleaved text-image con-
text but also purely rendered image inputs, catering to the
needs of different models.

Building upon this dataset, we developed a native base-
line model for document-level multimodal understanding—
Docopilot. Unlike existing approaches [14, 86, 95] that rely
on RAG, our model achieves efficient document-level train-
ing and testing through simple engineering optimizations,
such as multimodal data packing, Ring Attention [43], and
Liger Kernel [16]. Leveraging the proxy tasks carefully
designed within the dataset, Docopilot can directly handle
long-distance dependencies and cross-page information in-
tegration without external retrieval support. As shown in
Figure 1, this approach not only enhances coherence and
accuracy compared to RAG methods but also significantly
reduces the response time of the entire question-answering
system, delivering superior real-time performance in multi-
turn interactions.

The main contributions are summarized as follows:

(1) We develop the first large-scale, high-quality dataset
for document-level multimodal understanding, consisting
of 758K QA pairs from 3 sources, supporting 9 types of
proxy tasks. This dataset includes 31.6% real QA pairs di-
rectly extracted from documents.
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(2) Based on the dataset, we implement Docopilot, a
native MLLM designed for document-level understanding
without relying on retrieval mechanisms. This approach
greatly improves its ability to integrate and comprehend in-
formation across multi-page documents.

(3) Through extensive experiments on multiple
document-level benchmarks, our method demonstrates
performance significantly superior to existing approaches,
proving its effectiveness and generality. As shown in
Figure 1, Docopilot-8B achieves a score of 61.8 on MM-
NIAH [86], outperforming InternVL2-8B by 19.9 points
and surpassing InternVL2-26B with less than 31% of the
latency. We hope this work could provide a baseline for
future advancements in MLLMs for document-level tasks.

2. Related Work

2.1. Multimodal Large Language Models

Multimodal large language models (MLLMs) have demon-
strated impressive capabilities in processing image and
text information, opening up new directions for applica-
tions such as visual question answering and image caption-
ing. Early models [12, 29, 37, 59] trained with contrastive
learning methods excelled in recognizing and understand-
ing open-world semantics within an image-text matching
framework. However, their limited generative abilities re-
stricted their applicability. To leverage the powerful gen-
eration abilities of large language models (LLMs), subse-
quent works [13, 38, 42, 47, 83, 84] introduced a connec-
tor to align the embedding spaces of vision encoders and
LLMs, allowing encoded image embeddings to serve as soft
prompts for LLMs. Another series of works [1, 34, 39, 99]
extended LLMs by integrating additional visual experts, re-
ducing reliance on standalone vision encoders. More re-
cently, models capable of both understanding and generat-
ing images have also made notable progress [20, 35, 67, 75],
leveraging the insight that image generation can enhance
image understanding. Despite these advancements, current
MLLMs still face challenges with long-context multimodal
inputs. For instance, InternVL 2.0 [13, 25] performs opti-
mally within a token range of up to 8192, constraining its
effectiveness in document-level applications.

2.2. Document Understanding Models

Extracting key information from documents is crucial for
industries and academic research. =~ OCR-model-driven
methods [3, 4, 71, 80] represent one of the primary technical
approaches. These methods extract text, layout, and bound-
ing box information from external systems and integrate it
with another model. However, they are prone to error prop-
agation and high processing times due to their reliance on
multiple components. Benefitting from the rapid advance-
ments in LLMs, OCR-free methods have also achieved
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Figure 2. Multimodal document dataset generation pipeline. This pipeline involves three main stages: (1) Raw Data Collection:
Documents are gathered from sources like Sci-Hub, arXiv, and OpenReview, available in PDF and HTML formats. (2) Document Content
Extraction: Multimodal content is processed in two formats: interleaved text-image format and multi-image format. (3) Question-Answer
Pairs Construction: QA pairs are generated based on the document structure or constructed using GPT-4o.

great progress. Donut [32] is the first end-to-end training
framework based on a Transformer without requiring OCR
engines or APIs. Subsequent works [23, 49, 87, 88, 94]
propose diverse modifications in model architectures and
training algorithms. However, these models are designed
for specific tasks and lack general abilities.

2.3. Long-Context Large Language Models

With advancements in engineering, architecture, and al-
gorithms, long-context large language models have made
substantial progress. Techniques such as Flash Attention
[17, 18] and Ring Attention [43] have notably reduced GPU
memory usage for training on extended contexts. Addi-
tionally, various sparse attention mechanisms—including
Shifted Sparse Attention [11], Dilated Attention [19], and
Attention Sinks [26, 90]—have enabled efficient scaling to
handle larger contexts. New positional embedding methods,
like ALiBi [58], xPOS [68], and RoPE [66], further enhance
the models’ generalization capabilities in length extrapola-
tion. However, these advancements remain largely confined
to natural language processing, and methods to extend the
context size of MLLMs are still under-explored. Another
research approach aims to reduce context size by lever-
aging retrieval augmented generation (RAG) [14, 22, 95],
where only the most relevant passages are retrieved and fed
into the generation model. However, this retrieval-based
approach can disrupt the coherence of the semantic chain,
particularly in complex reasoning tasks, due to fragmented
information flow. In this work, we integrate the above en-
gineering techniques into MLLMs and demonstrate that a
model fine-tuned on a high-quality, long-context training
corpus is a strong baseline, achieving superior performance
compared to its RAG counterpart.
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3. Multimodal Document Dataset Generation

In this section, we begin by introducing the details of the
data engine. Following this, we provide a comprehensive
overview of the dataset—Doc-750K.

3.1. Data Engine

The data engine operates primarily through two steps: docu-
ment content extraction and question-answer (QA) pair con-
struction. Specifically, we first extract multimodal content,
including both text and images, from the documents. Based
on this extracted content, we then create question-answer
pairs. The document content and these constructed pairs
are combined to produce conversational-style training data.
The format is outlined as:

Please read the paper:
answer the question:
<answer>

<paper>, and
<question> Answer:

Here, the <paper>, <question>, and <answer> are
the placeholder for extracted document content, the gener-
ated questions and answer, respectively. In the following,
we will provide a detailed explanation of the two key steps:
document content extraction and QA pair construction.
Document Content Extraction. In practical applications,
different documents have varying page layouts and content
types, which poses significant challenges for content extrac-
tion. To enhance the efficiency of multimodal models, it is
necessary to organize documents into a unified format for
streamlined processing. In this work, we process each doc-
ument into two formats as follows:

(1) Interleaved Text-Image Format. Using the document
content extractor MinerU [79], we segment the document
content into interleaved text and image annotations, for
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Finally, since no incentives are offered, it becomes more difficult to attribute
customer investment decisions to the utility programs as opposed to other influences.
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Please read the paper and answer the question:

According to this paper, how does Image-1 illustrate the conservation
impacts of various utilities in 1993? Discuss the findings and the

significance of these data in the context of the research.

@ording to the paper, ‘In 1993, the 39 companies in the sample \
accounted for 19% of total C&I electricity sales nationwide and 40% of all
utility conservation program impacts, including residential impacts
(Energy Information Administration 1995).” The table in Image-1 provides
detailed data on the 1993 C&I sales and C&I conservation program
impacts for various utilities. This image shows the sales in GWh and
conservation impacts both in GWh and as a percentage of sales. For
example, California utilities such as Southern California Edison reported
high sales and high conservation percentages, which is a significant outlier.
These data illustrate the varying levels of conservation achievements
across utilities, underlining the study’s aim to verify the effectiveness and
accuracy of reported conservation impacts. Larger utilities tend to report
greater conservation impacts relative to sales, and this detail supports the
analysis presented in the paper.
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According to California regulators, SCE’s reported impacts for service programs
have always been viewed with skepticism during regulatory reviews, although its
impacts for other types of conservation programs have not. In California, service
program impacts have historically been viewed as unverifiable, so utilities have been
largely ineligible for incentive payments related to service program expenditures.
Regulators in California acknowledge that they believe SCE’s reported conservation
impacts overstate the actual savings achieved by their programs and have
communicated this skepticism to the utility. But, according to the rate regulation ...

.

Analyze the importance of Image-3 in comparing the study’s findings
with previous empirical research on electricity price elasticities.

@ /According to the paper, ‘The regression diagnostics offered little guidancﬂ

) on improving the structure of the model. The addition of a dummy variable
for the years 1971-1973 did little to improve the residuals in subsequent
years. Adding a set of dummy variables to account for each unstable period
did not seem reasonable.’ Image-3 presents a comparative analysis of
electricity cross-price elasticity studies. This table showcases various
studies, their sample sectors, and reported elasticities for electricity, natural
gas, oil, and coal across different regions and time periods. The study’s
own findings, -0.078 for short-run own-price elasticity of electricity, align
closely with prior research, confirming its place within established
literature. The context provided by other studies helps to validate the
paper’s conclusions regarding the robustness of its econometric model and
the effectiveness of conservation programs.

Figure 3. Visualization of an example from Doc-750K. The left side presents the interleaved text-image format data obtained through
Document Content Extraction, while the right side showcases the annotations generated via Question-Answer Pairs Construction.

example, “<text>\n<image>\n<text>\n<image>”
This format captures the document’s textual content, mak-
ing it easier to construct question-answer pairs.

(2) Multi-Image Format. In this format, a document with
n pages is rendered as n images, with each image corre-
sponding to a single page. The structure follows the pattern
“<image>\n<image>\n<image>”". This format pre-
serves the original layout, enabling the model to learn the
overall pagination and visual layout of the document.

After processing the document into contexts in inter-
leaved text-image and paginated image formats, we can not
only use these contexts for next-token prediction training
but also leverage the document’s content, hierarchical struc-
ture, and layout features to flexibly and precisely generate
high-quality question-answer pairs.

Question-Answer Pairs Construction. In this step, we
create question-and-answer pairs tailored to the source, con-
tent features, and formatting structure of each document.
This process is divided into the following main categories:
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(1) For documents with reliable QA annotations, like the
review and reply in OpenReview, we extract the QA pairs
and organize them into conversation format.

(2) For documents with a clear textual structure, such
as well-structured papers from Sci-Hub and Arxiv, we con-
vert them to text and segment them, while the model is in-
structed to generate contents for each segment, including
abstracts, experiment descriptions, and captions for figures
and tables. The details of each task for structural papers are
illustrated in Table 1.

(3) For other documents, in addition to using them di-
rectly for NTP pretraining, we can input text interspersed
with images into MLLMs to obtain QA pairs. To en-
sure high-quality generated data, we use the state-of-the-art
model GPT-40 [56].

Through our pipeline, most data has been processed
into high-quality document-level question-answering data,
while the remaining data is converted to plain text and used
for next-token prediction tasks. Our pipelines are meticu-
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Figure 4. Data distribution of our dataset. The outer circle shows the distribution of all data categories and the inner circle shows the
distribution of data subsets. Left: Data distribution of Doc-750K. Right: Data distribution of our complete SFT training dataset. Note that
the number reported in the figure represents the number of samples. “MT” is short for multi-turn.

Tasks Questions

Abstract Writing Read the full text of the paper and
provide a concise summary in the
form of an abstract.

Paper Titling Based on the provided abstract or
introduction of the research paper,
please generate a concise and infor-
mative title

Caption Writing Give the relative texts of the images

or tables, please write a caption for
each image or table based on the rel-
ative texts provided.

Experiment Writing  Please write the “Experiments” sec-
tion based on the incomplete research

paper provided.

Please read the full text of the follow-
ing research paper and translate the
Experiments section into Chinese.

Translation

Table 1. Questions format for different tasks. For documents
with a clear textual structure, we design several proxy tasks. All
tasks leverage the inherent structure of the documents, with an-
swers directly sourced from the original text.

lously designed to ensure high data quality across all gen-
erated context. Each LLM-generated sample is explicitly
marked in the metadata as model-generated. Across the en-
tire dataset, only 4.8% of the data is LLM-generated, rein-
forcing the overall reliability and quality of the dataset.

3.2. Multimodal Document Dataset

Data Source. The composition and distribution of our
training data are detailed in Figure 4. Specifically, our
dataset predominantly consists of academic papers, which
constitute approximately 32.6% of the total data. The mul-
timodal data, carefully selected to augment our model’s
learning dimensions, makes up about 88.8% of our dataset.
This strategic distribution is designed to optimize the train-
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Statistics Number
Total Questions 758K
Total Images 3.1IM
Total Conversations 251K
Multi-Turn Questions 87K
Single-Turn Questions 164K
Average Text Tokens 11245
Average Image Tokens 6178

Table 2. Key statistics of the Doc-750K datasets. It comprises
758K questions, 3.1M images, and 251K conversations, including
87K multi-turn and 164K single-turn questions. With an average
of 11,245 text tokens and 6,178 image tokens, it highlights the
dataset’s richness and diversity for multimodal research.

ing process and improve the model’s ability to generalize
across different types of data inputs.

Dataset Statistics. In our Doc-750K dataset, the major-
ity of the data consists of reliably annotated entries, with
OpenReview and Arxiv collectively accounting for 75.4%.
The remaining data, sourced from Sci-Hub, is processed us-
ing our designed tasks. The overall distribution and number
of tasks are shown in Figure 4(a). Our dataset ultimately
consists of 251K conversations, comprising a total of 758K
questions. Additional statistical details are provided in Ta-
ble 2. Compared to previous datasets, Doc-750K contains
a larger number of images, with an average of four images
per conversation segment. Further comparisons with other
datasets are shown in Table 3.

3.3. Data Recipe for Supervised Fine-Tuning

Although Doc-750K effectively covers multimodal docu-
ment QA scenarios, using it directly may lead to model
over-fitting on a specific document domain. Therefore, we
combine it with several open-source datasets to create a
mixed dataset for SFT training. As shown in Figure 4(b),
these datasets are organized into 4 categories as follows:
(1) For multi-page document QA, Doc-750K serves



Dataset #lmages  #QA Pairs #Tokens
Docmatix [33] 2,444,750 9,500,000 390,000,000
DocVQA [15] 10,189 39,463 337,829
TextCaps [64] 21,953 21,953 389,658
TextVQA [65] 21,953 34,602 181,918
ST-VQA [8] 17,247 23,121 127,846
OCR-VQA [55] 165,746 801,579 6,073,824
VisualMRC [70] 3,027 11,988 168,828
DUDE [78] 147,597 23,716 11,341,228
Doc-750K (ours) 3,103,494 758,000  5,200,000,000

Table 3. Comparison with popular VQA datasets.

as the core dataset, specifically curated to address com-
plex, multi-page document comprehension. Additional
datasets such as MP-Docmatix [33], MP-DocVQA [53],
DUDE [78], and Taesiri-ArxivQA [69] offer valuable multi-
page scenarios requiring inter-page reasoning and contex-
tual retention across sequences.

(2) For multi-image general QA, MMDU-45K [48] of-
fers a comprehensive dataset encompassing diverse real-
world scenarios, such as natural environments and everyday
contexts. It emphasizes multi-turn dialogues and integration
of multiple images, supporting the development of systems
capable of generating coherent and accurate responses from
complex, lengthy inputs.

(3) For single-page document QA, We introduce
DocVQA [53], DocReason [93], InfoVQA [54], and
ChartQA [52] to further enhance the diversity of the SFT
dataset. These datasets focus on individual pages with com-
plex layouts, rich textual information, and, in some cases,
graphical data interpretation.

(4) For pure-text QA, we add datasets including Lon-
gAlpaca [11], LongAlpaca-16K-Length [11], LongQLoRA
[91], LongCite [96], LongAlign [7], and LongReward [97]
to support the assessment of the model’s capabilities in QA
tasks requiring long-range dependencies.

This expanded dataset provides a balanced foundation
for training and evaluating multimodal document under-
standing models, enhancing robustness and adaptability
across diverse document-related VQA tasks.

4. Enhanced Baseline for Document-Level
Multimodal Understanding

4.1. Model Architecture

Our model architecture leverages the widely-adopted ViT-
MLP-LLM structure [41, 42, 73], consisting of a pre-trained
Vision Transformer (ViT), a two-layer MLP projector, and a
pre-trained Language Model (LLM). This combination pro-
vides a strong baseline for multimodal document analysis,
effectively integrating visual and textual information within
a unified framework.
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4.2. Optimizing Training Efficiency

The training efficiency of MLLMs is hindered by two key
challenges: (1) Inconsistent Sample Lengths. Samples with
different context lengths will result in excessive padding
and lower training throughput; and (2) Limited GPU Mem-
ory. As the model scale and context length increase, GPU
memory consumption becomes increasingly unsustainable.
To address these issues, we have implemented the following
strategies:

(1) Multimodal Data Packing. To balance the computa-
tional load between the vision model (ViT) and the language
model (LLM) while minimizing resource waste caused by
padding, we implement a multimodal data-packing strat-
egy. The key idea is to concatenate multiple samples into
long sequences to fully utilize the model’s input capacity.
Specifically, thresholds T3, and Tiox are set for the num-
ber of images and tokens, respectively. Samples are man-
aged using a priority queue, sorted in descending order by
the number of images and total tokens. A new sample s
attempts to combine with the sample at the front of the pri-
ority queue. If the combination meets the thresholds (i.e.,
Timg,> Tiok), the combined sample is pushed back into the
priority queue. If s cannot match with any existing sample
in the queue, it is directly added to the queue. When the
image number and total token number of the front sample
reach one of the thresholds or the number of samples ex-
ceeds the maximum limit M, the front sample is dequeued,
padded as needed, and sent for training. This strategy op-
timizes resource utilization and ensures balanced computa-
tional workloads. The detailed pseudo-code can be found in
the supplementary materials.

(2) Ring Attention. We implement the Ring Attention
mechanism [43] to alleviate memory constraints associated
with processing long sequences. By partitioning sequences
into blocks and distributing computation across multiple de-
vices, Ring Attention allows the model to accommodate
larger contexts. This approach enables overlapping com-
munication between key-value blocks and attention com-
putations, thereby enhancing parallel processing efficiency.
Consequently, Ring Attention improves the model’s capac-
ity to handle extended context lengths without exceeding
memory limits.

(3) Liger Kernel. To further improve memory and com-
putational efficiency, we integrate the Liger Kernel [16], a
specialized kernel library optimized for large-scale model
training. The Liger Kernel enhances throughput and re-
duces memory consumption by employing techniques like
kernel fusion, in-place operations, and input chunking.
Leveraging the Liger Kernel thus enables higher training
throughput and addresses memory limitations, allowing for
efficient scaling of large multimodal models.



Models MP-Doc  MMLong-Doc DocGenome MM-NIAH

ANSLtT Acct FIT  Class Acct Title ED| Abstract ED| SP Acct MP Acct Short Medium Long Overall
Proprietary Models
Gemini-1.5-Pro [60] - 282 20.6 - - - - - 73.8 65.2 60.8 67.1
GPT-40 [56] - 42.8 449 97.6 9.5 6.5 71.8 67.6 - - - -
Open-Source Models
MiniMonkey-2B [28] 70.3 10.3 8.6 574 16.5 55.0 40.3 28.9 40.9 26.9 235 310
InternVL2-2B [13] 71.8 105 108 60.8 18.4 543 39.4 28.9 36.6 21.2 194 264
InternVL2-2B + RAG [85] 72.6 172 16.7 60.8 18.4 54.3 39.4 28.4 36.8 30.2 348 338
Llama3.2-3B-Instruct’ [21] - 237 212 85.3 194.7 51.0 40.2 349 15.5 22 0.5 6.6
Docopilot-2B (ours) 76.2 21.8  16.0 56.2 4.5 43.6 45.1 37.4 58.0 46.7 409 492
MiniCPM-V2.6-8B [92] - 169 154 92.8 10.2 32.6 60.0 54.2 49.0 153 0.0 23.4
LLaVA-OneVision-8B [36] - 10.8 9.6 85.6 49.9 71.5 9.8 7.1 65.7 38.0 0.0 37.7
mPLUG-DocOwI2-8B [27]  69.4 13.4 8.9 - - - - - 17.9 0.1 0.0 6.6
M3DocRAG [14] 84.4 21.0 226 - - - - - - - - -
VisRAG-8B [95] - 188 183 92.8 10.2 32.6 60.0 50.7 47.1 29.2 295 358
InternLM2.5-7B-1MT [9] - 28.7 25.6 92.7 77.6 59.3 42.7 42.5 40.5 37.2 351 378
InternVL2-8B [13] 79.3 17.4 165 90.6 8.2 39.6 56.0 46.1 56.4 37.3 324 429
InternVL2-8B + RAG [85] 78.7 242 245 90.6 8.2 39.6 56.0 46.0 55.7 434 452 484
InternVL2-26B [13] - 155 154 87.5 16.9 233 49.7 42.7 65.0 48.7 419 528
Docopilot-8B (ours) 81.3 28.8  23.0 93.8 2.0 19.7 53.9 51.9 71.2 574 553 618

Table 4. Evaluation on multi-page and interleaved VQA benchmarks. We report the metrics on MP-DocVQA [76] (MP-Doc),
MMLongbench-Doc [51] (MMLong-Doc), DocGenome [89], and MM-NIAH [85]. Our model outperforms document-level MLLMs
and multimodal RAG methods on multi-page, medium, and long-context QA. The “Short”, “Medium”, and “Long” in MM-NIAH refer to
input length in [0, 8k], (8k, 32k], (32k, 64k], respectively. “{” denotes input documents are parsed by OCR models.

5. Experiments
5.1. Experimental Setup

Training Details. Our model is available in two sizes:
Docopilot-2B and Docopilot-8B, both of which are based
on the InternVL2 [73] and fine-tuned for one epoch using
the data recipe that includes Doc-750K. The training uses
a batch size of 128, the AdamW optimizer with a learning
rate of le-5, weight decay of 0.01 for the 2B variant, and
0.05 for the 8B variant, along with a cosine learning rate
schedule. To speed up training, we apply multimodal data
packing to reduce padding and a dynamic high-resolution
strategy [13] to enhance OCR for document understanding.
The maximum number of tiles for multimodal data is lim-
ited to 24, and the maximum sequence length is set to 32k
tokens.

Baselines. We compare our Docopilot with a series of open-
source document-level MLLMs [27, 28, 36, 40, 46, 92, 98]
that supports multi-image input and proprietary MLLMs,
including Gemini-1.5-pro [60], GPT-40 [57]. For com-
parison with the commonly used RAG method for han-
dling long documents, we selected the latest multimodal
RAG methods VisRAG [95], InternVL + RAG [85], and
M3DocRAG [14]. To compare with more long-context
large language models, we use InternVL2-8B as the OCR
model to extract texts from the documents and images and
feed the parsed documents to long-context LLMs [9, 21].

5.2. Multi-Page VQA

Benchmarks. For the multi-page VQA task, we evaluate
our model on three benchmarks: (1) MP-DocVQA [76],
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Models DocVQA ChartQA InfoVQA
Gemini-1.5-Pro [60] 93.1 87.2 81.0
GPT-4o [56] 92.8 85.7 -
MiniMonkey-2B [28] 87.4 76.5 60.1
InternVL2-2B [13] 86.9 76.2 58.9
Docopilot-2B (ours) 87.3 76.4 58.5
Monkey-8B [40] 66.5 65.1 36.1
TextMonkey-9B [46] 73.0 66.9 28.6
mPLUG-DocOwI2-8B [27] 80.7 70.0 46.4
IXC2.5-7B [98] 90.9 82.2 69.9
InternVL2-8B [13] 91.6 83.3 74.8
Docopilot-8B (ours) 92.0 83.3 73.3

Table 5. Results on single-page VQA benchmarks. Our Docopi-
lot models perform comparably to baselines [73], demonstrating
enhanced long-context modeling without loss on shorter tasks.

which is designed to evaluate the ability to handle com-
plex questions across multiple scanned document pages. (2)
MMLongbench-Doc [51], a benchmark for evaluating the
performance of MLLMs on multi-modal documents. (3)
DocGenome [89], a large-scale benchmark for the evalua-
tion of scientific document comprehension.

Results. As illustrated in Table 4, our model achieves
consistent improvements on multi-page QA benchmarks,
outperforming previous document-level MLLMs. No-
tably, our Docopilot-8B surpasses Gemini-1.5-Pro [60] on
MMLongBench-Doc, positioning it as the closest open-
source model to GPT-4o0. In comparison to RAG-based
methods [14, 86, 95], our model demonstrates advantages in
multi-page scenarios. For example, in the Multi-Page QA of
DocGenome benchmark, the RAG method shows a perfor-



mance decline due to the disruption of document continuity
while our Docopilot exhibits a significantly stable improve-
ment compared to the baseline, with Docopilot-8B showing
an increase of 12.6% over InternVL2-8B.

5.3. Interleaved Long-Context QA

Benchmarks. For the interleaved long-context QA task,
we evaluate our models on MM-NIAH [86], a benchmark
designed for long multimodal document comprehension.
Results. The right side of Table 4 presents the results
of MM-NIAH across context lengths ranging from 1K
to 64K. We categorize the context lengths into “Short,”
”Medium,” and "Long” based on the context window of In-
ternVL2 (8K) and Docopilot (32K). Our Docopilot demon-
strates exceptional performance in both medium- and long-
context scenarios, while maintaining high accuracy in short-
context situations. Notably, for QA tasks with context
lengths in the range of (32K, 64K, Docopilot-2B outper-
forms InternVL2-2B by 110%, and Docopilot-8B surpasses
InternVL2-8B by 70%. Furthermore, our model performs
comparably to the state-of-the-art multimodal long-context
model Gemini-1.5-Pro in contexts longer than 8K, estab-
lishing a new state-of-the-art performance among open-
source long-context MLLMs.

5.4. Single-Page VQA

Benchmarks. For single-page VQA tasks, we evaluate our
model on three benchmarks: (1) DocVQA [53], a bench-
mark for the evaluation of extracting key information from
an image of the given document. (2) ChartQA [52], a
benchmark for evaluating the reasoning abilities for chart
images. (3) InfoVQA [54], a benchmark for infographic
image comprehension.

Results. As shown in Table 5, our model achieves
comparable performance to baseline models.  Across
the three benchmarks, Docopilot-2B and InternVL2-2B
exhibit comparable results, while Docopilot-8B outper-
forms InternVL2-8B by 0.4 points in DocVQA. These re-
sults demonstrate that Doc-750K effectively enhances the
model’s long-context modeling capabilities without com-
promising its performance on shorter documents.

5.5. Ablation Study

Effect of Doc-750K. We conducted ablation studies on
MMLongBench-Doc [51] to analyze the impact of our Doc-
750K. We divided Doc-750K into 3 parts according to the
source of the data: (1) Sci-Hub data; (2) Arxiv data; and (3)
OpenReview data. We demonstrate the effects of incorpo-
rating each part of the data into the SFT process, reported
in Table 6. We observed that with the inclusion of differ-
ent parts of Doc-750K, the model’s performance improves
continuously. Utilizing only open-source data results in an
inferior F1 score.
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Models Acc F1

Baseline (InternVL2-2B [73]) 10.5 10.8
— Variantl: SFT using data recipe w/o Doc-750K 18.4 9.4
— Variant2: Variantl + our Sci-Hub data 18.5 15.2
— Variant3: Variant2 + our Arxiv data 20.5 15.5
Docopilot-2B: Variant3 + our OpenReview data 21.8 16.0

Table 6. Ablation study on the data recipe. We evaluate
the effectiveness of the training data from different sources on
MMLongBench-Doc. Our Doc-750K can consistently enhance
the ability of the model to understand multi-page documents.

Models Latency Acc F1
MiniCPM-V2.6 [92] 225.4ms 16.9 15.4
VisRAG-12B [95] 288.3ms 18.8 18.3
InternVL2-2B [13] 35.9ms 10.5 10.8
InternVL2-2B + RAG [85] 82.9ms 17.2 16.7
Docopilot-2B (ours) 35.9ms 21.8 16.0
InternVL2-8B [13] 81.0ms 17.4 16.5
InternVL2-8B + RAG [85] 113.4ms 24.2 24.5
Docopilot-8B (ours) 81.0ms 28.8 23.0

Table 7. Latency analysis. We evaluate the average token out-
put latency of model outputs on MMLongBench-Doc [51]. RAG-
based methods [85, 95] exhibit slower processing speeds due to
their two-stage inference process, making them less efficient than
document MLLMs for handling multimodal long documents.

Latency Analysis. To compare the latency in inference be-
tween RAG methods and our Docopilot, we conducted a
latency analysis on MMLongBench-Doc [51], as reported
in Table 7. While RAG reduces the document length input
to the MLLM, its own time cost remains non-negligible.
For instance, InternVL2-2B + RAG is 130% slower than
InternVL2-2B, and VisRAG is 28% slower than MiniCPM-
V2.6. Our Docopilot does not require additional processes
and therefore has the same inference time as baseline mod-
els, making it more suitable for analyzing long documents.

6. Conclusions

This work introduced a diverse document-level question-
answering dataset that covers complex structures and cross-
page dependencies, providing a robust foundation for train-
ing and evaluating document understanding models. We
also proposed a retrieval-free long-document understanding
model that effectively integrates multi-page information, re-
ducing reliance on external retrieval systems. Experimental
results show that our model achieves state-of-the-art perfor-
mance across several document-level QA benchmarks, un-
derscoring its strength in multi-page integration and com-
plex reasoning. Future work will focus on improving com-
putational efficiency, extending the model to larger multi-
modal tasks, and adapting it to broader applications for en-
hanced practicality and generalization.
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