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Abstract

Multimodal large language models (MLLMs) have made significant progress in
document understanding. However, the information-dense nature of document im-
ages still poses challenges, as most queries depend on only a few relevant regions,
with the rest being redundant. Existing one-pass MLLMs process entire document
images without considering query relevance, often failing to focus on critical re-
gions and producing unfaithful responses. Inspired by the human coarse-to-fine
reading pattern, we introduce Doc-CoB (Chain-of-Box), a simple-yet-effective
mechanism that integrates human-style visual reasoning into MLLM without modi-
fying its architecture. Our method allows the model to autonomously select the
set of regions (boxes) most relevant to the query, and then focus attention on them
for further understanding. We first design a fully automatic pipeline, integrating
a commercial MLLM with a layout analyzer, to generate 249k training samples
with intermediate visual reasoning supervision. Then we incorporate two enabling
tasks that improve box identification and box-query reasoning, which together
enhance document understanding. Extensive experiments on seven benchmarks
with four popular models show that Doc-CoB significantly improves performance,
demonstrating its effectiveness and wide applicability. All code, data, and models
will be released publicly.

1 Introduction

In recent years, multimodal large language models (MLLMs) [OpenAI et al., 2024, Team et al., 2023,
Li et al., 2024a, Wang et al., 2024c] have advanced rapidly and demonstrated remarkable capabilities
in various tasks, including detailed captioning, visual conversations, and visual question answering
(VQA) [Liu et al., 2025, Li et al., 2024b, Xing et al., 2024]. Some research explore the potential
of MLLMs [Hu et al., 2024, Ye et al., 2023, Zhou et al., 2024, Luo et al., 2024] in the domain of
document understanding [Cui et al., 2021, Xu et al., 2020], a fundamental task that involves question
answering and information extraction based on document images, driving progress in both academic
research and industrial applications.

Most existing MLLMs generate conclusive responses to queries by processing entire images in a
uniform manner [Yu et al., 2025, Shao et al., 2024], implicitly assuming that all visual regions are
equally important. However, visual documents should not be treated as natural images, as they are
visually cluttered and information-dense [Cui et al., 2021]. Regions relevant to answering a query
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(a)

MLLM

Answer:
14901 Woodville Rd

Question:
Where does the 
applicant live?

data flow

(b)

image processing

Answer:
3804 Dr. Sam Rd

Intermediate
result: 
<id> 2, 6, 7 </id>

Question2:
Where does the applicant live?
Pay attention to the red boxes.

Question1:
Where does the applicant 
live? Output possible IDs.

Visual Prompting
Blur Reverse Mask

& Red Box

MLLM

MLLM

focus on key boxes

Key Box Selecting (S1) Focused Answering (S2)

Figure 1: (a) Current MLLM one-pass inference: the MLLM generates an answer directly from
the full document image. (b) Doc-CoB: a layout analyzer first segments the document layout and
represents it as boxes. Key Box Selecting (S1) prompts the MLLM to select the key boxes most
relevant to the query. A Blur Reserve Mask keeps these key boxes sharp while blurring the rest.
Focused Answering (S2) then generates the final answer from the masked image.

typically occupy only a portion of the image [Cao et al., 2023], while the rest is largely redundant.
As a result, the current one-pass, entire-image inference paradigm of MLLMs struggles to attend to
those key regions, leading to unfaithful responses and hallucinations. As shown in Figure 1(a), not all
regions are relevant to the query “Where does the applicant live?”. However, the current MLLM
misses the truly key regions, most likely due to the limitation of the inference paradigm, which fails
to override the model’s prior bias.

When addressing a query based on an information-dense document image, humans first construct a
coarse-grained segmentation of the document’s visual structure, identifying semantic blocks (hereafter
referred to as “boxes”) based on its layout. They then briefly glance over the content within these
boxes and, based on prior experience, determine which are most relevant to the query. Finally,
they focus their attention on the selected key boxes and derive the answer [Treisman et al., 1964,
Rayner et al., 1998]. This coarse-to-fine cognitive process, which involves intermediate steps,
reflects a form of reasoning beyond basic perception, leveraging contextual understanding and
semantic selection to reach goal-directed conclusions [Evans et al., 1993, Russell and Norvig, 2016].
Incorporating such human-like coarse-to-fine reasoning behaviors into existing MLLMs potentially
improves their performance in document understanding. However, two major challenges remain
for MLLMs to achieve such human-like reasoning: (1) formulating human cognitive processes as
an effective, document-oriented MLLM inference paradigm; (2) the lack of intermediate visual
reasoning supervision in existing document understanding datasets.

To address the above two challenges, we propose Doc-CoB (Chain-of-Boxes), a mechanism inspired
by human cognition that enables existing MLLMs to perform document understanding tasks in a
human-like, coarse-to-fine reasoning manner without modifying their architecture. We formulate
cognitive processes into a two-stage MLLM reasoning paradigm consisting of Key Box Selecting
(S1) and Focused Answering (S2) as illustrated in Figure 1(b), which leverages essential layout
information from analysis tools. Both stages employ visual prompting [Yang et al., 2024b, Shtedritski
et al., 2023] to enable more controllable inference and direct attention toward key boxes. To address
the challenge of limited training data, we develop a fully automatic data generation pipeline that
employs a reliable commercial MLLM as a linguistic annotator and a robust layout analysis tool as a
visual annotator, with multiple post-processing steps applied to ensure data quality. We collect 249K
training samples from nine document datasets with intermediate supervision tailored to Doc-CoB.
Furthermore, we find that the intrinsic capabilities of existing MLLMs do not fully leverage the
potential of Doc-CoB. To bridge this gap, we introduce two enabling tasks: Box-ID Recognition
Enhancement and Box-Query Reasoning Enhancement, and provide corresponding annotations.

We evaluate Doc-CoB on seven document understanding benchmarks and three popular MLLMs
of varying sizes. All MLLMs achieve improved performance when integrated with Doc-CoB, with
InternVL2-8B-CoB even surpassing much larger models such as GPT-4o and InternVL2-40B. These
results highlight the effectiveness and generality of Doc-CoB. Remarkably, training on the two
enabling tasks alone yields better results than the original MLLM, even without using Doc-CoB
at inference, demonstrating the value of our tasks in MLLM training. We also investigate the
model’s robustness to layout tool and the efficiency-effectiveness trade-off when incorporating Doc-
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CoB. While coarse-to-fine reasoning has been explored in natural scene understanding, our further
experiments suggest it does not transfer well to documents, due to neglecting layout information.

In summary, our contribution mainly includes three aspects:

• We introduce Doc-CoB, a mechanism that enables existing MLLMs to perform document
understanding tasks in a human-like, coarse-to-fine reasoning manner without modifying
their architecture.

• We construct a dataset of 249k samples across nine document datasets, each annotated with
intermediate supervision tailored for Doc-CoB. In addition, we propose two enabling tasks
to further enhance the reasoning capabilities of MLLMs.

• Doc-CoB improves performance on seven benchmarks, surpasses strong baselines, and
remains compatible with various MLLM architectures and scales. All training data and
trained models will be released publicly to support further research.

2 Related Work

Multimodal Reasoning. A critical step in advancing AI toward human-level intelligence is enabling
the transition from basic perception to complex cognitive reasoning Wang et al. [2025]. Recent
works Jaech et al. [2024], Guo et al. [2025] have shown that incorporating reasoning can significantly
enhance model performance. One widely used class of methods is Chain-of-thought (CoT) [Wei
et al., 2022], which encourages LLM to clarify their reasoning, specifically by adding logical thinking
processes [Kang et al., 2025, Li et al., 2025, Miao et al., 2024]. Meanwhile, progress has been made
in reasoning for MLLM. MM-CoT [Zhang et al., 2023] proposed a two-stage reasoning framework
by firstly generating rationales and then generating answers. Subsequent works [He et al., 2024,
Wang et al., 2024b] further improve the design on vision-language fusion mechanisms to automate
the construction of CoT. However they are not specially designed for document characteristics.

Visual Prompting in MLLMs. In recent years, with the advancements in MLLMs, visual prompt
techniques have attracted great attentions [Xu et al., 2025a, Parmar et al., 2025]. Visual prompt
is a technique used in image-language tasks, where markers such as colorful boxes or circles are
added onto an image to direct the attention of MLLMs toward the desired targets while preserving
the global context. Nonetheless, compared to natural scene images, visual prompting in document
image designs are rarely explored. Luan et al. [Luan et al., 2024] propose the pioneer work, TextCoT,
to implement visual prompt for document understanding task. It first requires the model to locate
key area in the input document and zoom-in by cropping. However, the text form output of MLLMs
significantly constrains accuracy of the prompt.

MLLMs for Document Understanding. Document understanding[Zhang et al., 2024, Luo et al.,
2025, 2023, 2024] is an increasingly prominent research area driven by the growing industrial demand
for efficient information processing systems. Recent advancements [Chen et al., 2024b, Yang et al.,
2024a] in general MLLMs have enhanced the encoding resolution of document images, markedly
improving the efficacy of document understanding tasks. A number of MLLMs have been specifically
developed to tackle challenges in document understanding. For instance, mPLUG-DocOwl series [Ye
et al., 2023, Hu et al., 2024] unify task processing across five types of document images, achieving
notable performance in document comprehension tasks. However, despite the significant progress
made by existing MLLMs, some findings indicate that these models do not focus on relevant areas
like humans do when responding to queries [Yu et al., 2025], especially problematic for complex
documents.

3 Methodology

3.1 Doc-CoB Reasoning Paradigm

Many studies in psychology and cognitive science, such as research on selective attention [Treisman
et al., 1964, Yli-Krekola et al., 2009], show that when the brain processes large amounts of infor-
mation, humans instinctively focus on certain stimuli in their environment while ignoring others.
Specifically, in the context of document processing, research on eye movements [Rayner et al., 1998,
2005] reveals that when handling a query in an information-dense document, humans first segment
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(a) Image Labeling with  

[User]: 
What is the corresponding ID for <box>178, 67, 289, 
103</box>?
 

[Assistance]: 
<id> 2 </id>

[User]: 
What role does <id>6</id> play in answering the question: Where does the applicant live? 
 

[Assistance]: 
It instructs the applicants to check or update their address, prompting them to provide their 
current address. The lower part includes blank fields for the applicant to write it in.

(c-2) Enabling Task 2: Box-Query Reasoning(c-1) Enabling Task 1: Box-ID Recognition

(b) Key Boxes Labeling with GPT-4o

[User]: 
Please list all helpful boxes and confusing boxes, along with the reasons, based on the given QA pair. 
Q: Where does the applicant live? A: 3804 Dr. Sam Rd
 

[GPT-4o]: 
      Helpful Boxes
<id> 6 </id>: It instructs the applicants to check or update their address, prompting them to provide 
their current address. The lower part includes blank fields for the applicant to write.
<id> 7 </id>: It’s where the applicant corrects or confirms their current address. The applicant clearly 
writes the new address, which directly answers the question about where they live. 
 Confusing Boxes
<id> 2 </id>: While it is helpful for context, someone might mistakenly think this is the current 
address since it’s prominently listed before the corrections are made in <id> 7 </id>.

(d) Doc-CoB Sample

Round One of Dialogue
[Labeled image from (a)]
[User]: 
Which red boxes in the image 
should be paid attention to 
when answering the question: 
Where does the applicant live?

[Assistance]: 
<id> 2 </id>, <id> 6 </id>, 
<id> 7 </id>

Round Two of Dialogue
[Image processed from the 
original with Visual Prompting 
(red boxes and Gaussian blur) ]
[User]:
Where does the applicant live? 
Pay attention to the red boxes.
 

[Assistance]: 
3804 Dr. Sam Rd

input

✅

⚠

Figure 2: Automatic data generation for Doc-CoB. (a) Image Labeling. A layout analyzer segments
each document image into a set of layout boxes. (b) Key-Box Labeling. Given a question, its answer,
and the annotated image from (a), GPT-4o identifies the helpful and confusing boxes, providing
a rationale for each choice. (c-1) Task 1: Box-ID Recognition. The model returns the index of
a specified box. (c-2) Task 2: Box-Query Reasoning. The model explains how the specified box
contributes to answering the query. (d) Doc-CoB Sample: A complete training example.

the layout into semantic “boxes.” They then perform saccades to quickly scan these boxes, guided by
prior knowledge, and subsequently fixate on selected boxes to which selective attention is allocated.

Inspired by these cognitive science theories, we define Doc-CoB reasoning into a two-stage, coarse-
to-fine procedure, consisting of Key Box Selecting (S1) and Focused Answering (S2) as illustrated
in Figure 1(b). For a document image xI and a query Q, an MLLM with Doc-CoB capability f(·)
performs Key Box Selecting (S1) according to

Bkey = f
(
[XS1

I ;B ], Q, PS1
)
, (1)

where B denotes the set of candidate layout boxes generated by an off-the-shelf layout analyzer Λ(·),
i.e., Λ(xI) = B. Λ(·) can be instantiated with any mainstream layout analyzer (see Section 4.4).
XS1

I is a visually prompted image obtained by overlaying B on XI , with each box b ∈ B labeled
with its corresponding index id. PS1 is a textual instruction that directs the model to perform S1 (see
Appendix B for details). The output Bkey is the subset of box indices IDkey from B that are most
relevant to Q. We use an off-the-shelf layout analyzer and formulate S1 as a multiple-choice problem
because current MLLMs lack the intrinsic ability to directly ground layout boxes [Zhou et al., 2024,
Xu et al., 2025b].

After selecting the key boxes Bkey, the MLLM proceeds from coarse-to-fine inference, i.e., Focused
Answering (S2), defined as:

A = f
(
[XS2

I ;Bkey ], Q, PS2
)
, (2)

where A denotes the final answer. XS2
I is another visually prompted image generated using a Blur

Reverse Mask purposed by Yang et al. [2024b], which blurs all areas outside Bkey while highlighting
the selected boxes with a red border. This mask has been shown to effectively direct the MLLM’s
attention to relevant boxes while preserving the global context. Such context is essential for queries
that depend on layout, which are common in document understanding, such as “What is the first
bullet on the right side?”. PS2 is a brief instruction, for example, “please pay more attention to the
red boxes.”

3.2 Data Generation

Existing document understanding corpora lack the annotations required by Doc-CoB. To address this,
we construct an automatic data generation pipeline (Figure 2) that uses a reliable commercial MLLM
as the linguistic annotator and a robust layout analysis tool as the visual annotator. Starting from
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widely used document datasets, we retain their images and question–answer pairs (XI , Q,A), where
XI denotes the image, Q the query, and A the ground-truth answer.

For each XI , we apply MinerU Wang et al. [2024a], an open-source high-precision layout analysis
tool, to obtain a set of layout boxes B = {bi}|B|

i=1. These boxes serve as the visual primitives for
subsequent reasoning.

As defined in Section 3.1, the key annotation step is to identify the subset of key boxes Bkey ⊆ B.
Because this task requires complex multimodal semantic understanding, we use GPT-4o as the
linguistic annotator. Given (XS1

I , B,Q,A), where XS1
I is defined in Section 3.1, GPT-4o returns two

disjoint subsets: the helpful box BH and the confusion box BC , such that Bkey = BH ∪BC . It also
generates a natural language description D(b) for each b ∈ Bkey, explaining its function in answering
Q. Boxes in BH contain the exact evidence for A, while boxes in BC resemble the query in wording,
format, or position but do not contain the answer.

We design a comprehensive prompt that specifies the task requirements, defines helpful and confusing
boxes, and outlines the output format to ensure consistent annotations. Data quality is maintained
through automatic sanity checks, including verification that A is entailed in BH , as well as targeted
manual review. Details of the prompt and quality assurance process are provided in the Appendix A.

Specifically, we select nine widely used document datasets: DocVQA [Mathew et al., 2021], DUDE
[Van Landeghem et al., 2023], DeepForm [Borchmann et al., 2021], FUNSD [Jaume et al., 2019],
SROIE [Huang et al., 2019], VRDU-ad-buy (VRDU-Ad) [Wang et al., 2023a], VRDU-Registration-
Form (VRDU-RF) [Wang et al., 2023a], FeTaQA [Nan et al., 2022], and PubLayNet [Zhong et al.,
2019]. We directly adopt the question–answer pairs provided by DocVQA and DUDE. We convert
the annotations of FUNSD, SROIE, FeTaQA, and PubLayNet into question–answer pairs following
Luo et al. [2024], and those of DeepForm, VRDU-Ad, and VRDU-RF following Hu et al. [2024]. As
a result, we construct the Doc-CoB training dataset, which contains 249,601 samples. Each query
is annotated with an average of three key boxes. Additional dataset statistics are provided in the
Appendix C.

3.3 Enabling Tasks

In practice, we find that the intrinsic capabilities of current MLLMs are still insufficient for Doc-CoB
inference, which is also verified by experiments in Section 4.3. Two limitations stand out. First, the
MLLM may fail to align a box b with its corresponding index id in the visually prompted image XS1.
Second, even when the box–id mapping is correct, the MLLM frequently struggles to identify the
semantic role of each layout box when answering the query.

To address these limitations, we introduce two enabling tasks: Box–ID Recognition Enhancement
and Box–Query Reasoning Enhancement. In the first task, the MLLM is given XS1 and a box bi and
is prompted, e.g., “What is the index of bi?”. It should return the corresponding idi. In the second
task, the model is given XS1, a question Q, and an index idi, and is asked, “What role does idi
play in answering Q?”. It must describe the semantic function of bi with respect to Q. These two
enabling tasks inject layout awareness and query-conditioned reasoning into the MLLM, thereby
better supporting Doc-CoB inference.

We construct the training samples for these two enabling tasks based on the nine datasets described
in Section 3.2, resulting in 126,970 samples for Box–ID Recognition Enhancement and 269,108
samples for Box–Query Reasoning Enhancement.

4 Experiments

4.1 Experimental Setup

4.1.1 Datasets and Metrics

We evaluate Doc-CoB on seven widely used datasets, categorized into Document QA (DocVQA
[Mathew et al., 2021], DUDE [Van Landeghem et al., 2023]) and Document IE (DeepForm [Borch-
mann et al., 2021], FUNSD [Jaume et al., 2019], SROIE [Huang et al., 2019], VRDU-Ad-Buy, and
VRDU-Registration-Form [Wang et al., 2023b]). Detailed statistics of the test data are provided in
the Appendix D. For evaluation metrics, we use Average Normalized Levenshtein Similarity (ANLS)
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Table 1: Comparison of model performance across seven document-understanding datasets (%). Bold
numbers denote the best score within each model variant group. 1st and 2nd indicate the best and
second-best scores per column. * indicates SFT baseline; -E adds enabling tasks, and -CoB denotes
models with Doc-CoB. Ablation results without enabling tasks and vanilla QA results using -CoB are
also provided within the IntenVL2-8B group.

DeepForm SROIE FUNSD DUDE VRDU-Ad VRDU-RF DocVQA

Qwen-VL* 23.75 86.39 53.31 45.04 32.68 58.31 63.66
Qwen-VL-E 26.21 88.22 52.62 44.66 36.79 59.06 64.19
Qwen-VL-CoB 71.96 92.65 71.07 46.22 82.68 80.65 69.54

DocOwl 1.5* 74.98 95.67 73.33 57.21 88.02 85.61 81.53
DocOwl 1.5-E 77.86 96.35 76.00 57.52 89.71 86.54 82.02
DocOwl 1.5-CoB 79.332nd 96.512nd 81.782nd 57.89 93.362nd 90.912nd 82.89

InternVL2-2B* 34.15 87.11 73.79 58.84 54.94 63.09 85.04
InternVL2-2B-E 48.49 88.02 72.33 58.31 70.94 73.94 85.27
InternVL2-2B-CoB 78.57 95.94 81.87 59.92 92.63 90.70 85.61

InternVL2-8B* 36.33 90.39 75.17 64.12 58.66 67.58 90.27
InternVL2-8B-E 48.49 94.31 73.91 63.42 77.77 80.99 91.00
InternVL2-8B-CoB 80.051st 97.171st 82.921st 65.901st 93.661st 92.601st 91.172nd

w/o enabling task 64.17 96.37 79.21 64.32 83.39 84.44 91.09
vanilla QA 72.17 96.50 80.76 64.88 87.29 85.26 91.12

Other (much larger) models
InternVL2-40B 43.71 92.03 75.87 65.802nd 64.81 69.17 93.861st

GPT-4o 44.75 91.87 80.21 65.57 78.90 72.96 91.05

[Biten et al., 2019] to assess text similarity on DocVQA, DUDE, FUNSD, and SROIE, following Luo
et al. [2024]. For DeepForm, we report F1 scores following Hu et al. [2024]. For VRDU, we adopt
micro F1 with type-aware fuzzy matching, as proposed by Wang et al. [2023b], to accommodate
minor variations in answer formats.

4.1.2 Implementation Details

We select four MLLMs with varying sizes and architectures: InternVL2-2B3 [Chen et al., 2024a],
InternVL2-8B4, Qwen-VL-7B5 [Bai et al., 2023], and DocOwl1.5-8B6 [Hu et al., 2024]. The
InternVL2 series and Qwen-VL-7B are general-purpose models, with InternVL2 using a dynamic
high-resolution architecture and Qwen-VL adopting a fixed low-resolution architecture. DocOwl1.5-
8B is an MLLM focusing on the document domain.

During training, we initialize all models with weights from HuggingFace. We adopt a two-stage
training strategy: first, we train the models on the enabling task (Section 3.3, 126k samples), followed
by training on Doc-CoB dataset (Section 3.2, 249k samples). Throughout training, the visual encoder
of each model remains frozen, and only the language model is updated. InternVL2 series, Qwen-VL,
and DocOwl1.5 are trained with learning rates of 1e−6, 1e−5, and 2e−5, respectively, for one
epoch on eight NVIDIA A100 GPUs. All randomness-inducing hyperparameters are disabled during
inference to ensure consistent results. Additionally, MinerU is used as the layout analysis tool in
Doc-CoB reasoning.

3https://huggingface.co/OpenGVLab/InternVL2-2B
4https://huggingface.co/OpenGVLab/InternVL2-8B
5https://huggingface.co/Qwen/Qwen-VL-Chat
6https://huggingface.co/mPLUG/DocOwl1.5

6

https://huggingface.co/OpenGVLab/InternVL2-2B
https://huggingface.co/OpenGVLab/InternVL2-8B
https://huggingface.co/Qwen/Qwen-VL-Chat
https://huggingface.co/mPLUG/DocOwl1.5


Table 2: Performance on key box selecting (Doc-CoB S1).

DeepForm SROIE FUNSD DUDE VRDU-Ad VRDU-RF DocVQA Avg.

Qwen-VL-CoB 97.11 98.96 96.18 87.25 97.13 96.74 91.71 95.01
DocOwl1.5-CoB 98.28 99.11 98.43 91.36 97.74 96.67 93.13 96.39
InternVL2-2B-CoB 98.43 98.86 98.13 90.87 96.30 97.15 92.66 96.06
InternVL2-8B-CoB 99.01 99.57 99.23 93.42 98.08 97.79 95.82 97.56

4.2 Main Results

Performance on Document Benchmarks. Table 1 presents the comprehensive evaluation results.
Since the released MLLM checkpoints lack training on specific documents, their performance on
several datasets is sub-optimal (see Appendix E). For a fair comparison, we fine-tune each model on
the training set of the datasets introduced in Section 4.1.1, and report these results as SFT baselines.

The experimental results show that Doc-CoB consistently improves performance across all seven
datasets and all four MLLMs. This demonstrates that Doc-CoB is a general-purpose solution
applicable to a wide range of model sizes and architectures. Notable gains appear on DeepForm,
SROIE, FUNSD, and VRDU. For instance, InternVL2-8B-CoB achieves 80.05% on DeepForm,
exceeding the 36.33% SFT baseline by more than 43%.

To investigate the impact of Doc-CoB reasoning at the inference, we also evaluate InternVL2-8B-CoB
in a one-pass setting (i.e., the model is trained with Doc-CoB but generates answers directly during
inference without using chain-of-boxes, referred to as vanilla QA). Vanilla QA already outperforms
the SFT baseline on every dataset, but still lags behind InternVL2-8B-CoB, highlighting the value of
explicit Doc-CoB reasoning.

We further compare with larger MLLMs, namely the leading open-source model InternVL2-40B and
the leading closed-source model GPT-4o (prompts are provided in the Appendix F). With the support
of Doc-CoB, the much smaller InternVL2-8B-CoB achieves competitive or superior performance:
it surpasses InternVL2-40B on six datasets and outperforms GPT-4o on all seven benchmarks,
underscoring the effectiveness of our method.

Performance on Key Box Selection. Given that Doc-CoB adopts a two-stage approach, we isolate
Stage 1, Key Box Selection, to assess its impact on the overall performance. As defined in Section 3.1,
a "helpful box" contains the exact evidence required to answer a question. Therefore, we report the
model’s F1 score for selecting helpful boxes, denoted as F1H . As shown in Table 2, on datasets where
Doc-CoB achieves substantial performance improvements (such as DeepForm, SROIE, FUNSD,
and VRDU), the average F1H consistently exceeds 97%. In contrast, on datasets where Doc-CoB
has a less pronounced impact, such as DUDE, the F1H is relatively lower. This pattern suggests
that high-quality key-box selection tends to correlate with improved overall performance, although
Table 1 also shows that Doc-CoB can still offer benefits even when F1H is relatively modest. This
suggests that high-quality intermediate visual reasoning effectively supports document understanding.
Another observation is that key box selection does not require high model capacity. Both Qwen-VL
and InternVL2-2B achieve comparable performance in key box selection, despite the notable gap
in overall results reported in Table 1. This suggests that the intermediate visual-reasoning step is
sufficiently simple that even compact MLLMs can perform it reliably.

4.3 The Potential of Enabling Tasks

Table 1 reports the results of the InternVL-8B-CoB variant trained without the enabling tasks. Results
for variants trained without each individual enabling task are provided in the Appendix G. Although
this model still employs Doc-CoB at inference, its performance falls markedly below that of the
full InternVL-8B-CoB, confirming our hypothesis that the intrinsic capabilities of current MLLMs
do not fully exploit Doc-CoB’s potential. We also present results for variants trained only on the
enabling tasks and evaluated with QA inference. These settings still yield clear gains, indicating that
the two tasks inject layout awareness and semantic reasoning into the MLLM and thus contribute
independently to document-understanding performance.
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Table 3: Performance of InternVL2-8B-CoB with different layout analyzer, where 1st and 2nd indicate
the best and second-best scores per column.

DeepForm SROIE FUNSD DUDE VRDU-Ad VRDU-RF DocVQA

InternVL2-8B* 36.33 90.39 75.17 64.12 58.66 67.58 90.27

InternVL2-8B-CoB (layout analyzer variations)
OCR+K-means 78.57 96.80 83.961st 65.08 93.901st 93.401st 90.792nd

Marker 79.622nd 97.022nd 83.772nd 65.322nd 93.11 92.45 90.50
MinerU 80.051st 97.171st 82.92 65.901st 93.662nd 92.602nd 91.171st

Table 4: Performance on InternVL2-8B-CoB and existing coarse-to-fine methods.

DeepForm SROIE FUNSD DUDE VRDU-Ad VRDU-RF DocVQA

TextCoT 42.45 81.62 58.60 43.68 54.58 59.10 68.29
Visual CoT 44.76 88.78 74.90 53.41 69.14 77.98 81.16
InternVL2-8B-CoB 80.05 97.17 82.92 65.90 93.66 92.60 91.17

4.4 Discussion of Layout Analyzers

According to Section 3.1, Doc-CoB reasoning uses a layout analysis tool to obtain all layout boxes in
a given document image. To examine whether Doc-CoB depends on a specific analyzer, we repeat
the experiments in Table 1 using two alternative tools. The first, following Syakur et al. [2018],
applies the K-means algorithm to spatially cluster OCR-extracted bounding boxes and is referred to
as “OCR + K-means”. The second is Marker7, an open-source layout analyzer similar to MinerU.
All experiments use the InternVL2-8B-CoB checkpoint, and only the analyzer is changed without
retraining the model. The results in Table 3 show that Doc-CoB consistently improves MLLM
performance regardless of the analyzer used. These findings suggest that Doc-CoB is practical in
real-world applications, as any mainstream analyzer that provides coarse segmentation is sufficient.

4.5 Case Study

To further investigate the effectiveness of Doc-CoB, Figure 3 presents two cases generated by
InternVL2-8B* (vanilla QA inference) and InternVL2-8B-CoB (Doc-CoB reasoning). In the left-hand
example, the document image contains substantial irrelevant information. Faced with the question
“How many eggs are needed to make Malasadas?” InternVL2-8B* applies one-pass attention, is
distracted by visually salient but semantically irrelevant numerals that appear with the word “eggs,”
and therefore outputs “4.” In contrast, InternVL2-8B-CoB, supported by Doc-CoB, suppresses this
noise by selecting only the key boxes (3, 5, 6)—the three blocks headed “MALASADAS.” The
model then focuses on these regions and returns the correct answer. This case confirms that Doc-CoB
reliably filters noise and directs attention to key regions. The right-hand example exposes a current
limitation of Doc-CoB. Although InternVL2-8B-CoB correctly identifies the relevant financial table,
it still produces an incorrect answer. The selected box aggregates several numerical entries, and
Doc-CoB currently provides no further granularity to resolve such intra-box ambiguity. More cases
are presented in the Appendix H.

4.6 Efficiency-Effectiveness Trade-off

It is widely acknowledged that image tokens constitute the majority of input tokens in MLLMs
designed for high-resolution images [Chen et al., 2024b, Hu et al., 2024]. Doc-CoB reasoning appears
to double the total token budget, as two images are processed. However, we hypothesize that Doc-CoB
offsets this overhead by guiding the model’s attention to key regions, thereby reducing the effective
resolution requirement. To validate this, we conduct additional experiments on DeepForm, VRDU-RF,
SROIE, and FUNSD using InternVL2-8B* and InternVL2-8B-CoB, adjusting the hyperparameters
that control image resolution (i.e., image tokens). For InternVL2-8B*, the token count includes
tokens used for vanilla QA, while for InternVL2-8B-CoB, it includes the total input tokens across
both stages. As shown in Figure 4, Doc-CoB consistently outperforms vanilla QA while using an

7https://github.com/VikParuchuri/marker
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Question: 
How many eggs are 
needed to make 
Malasadas?
Key Boxes:
3, 5, 6 m
Ground Truth:
8

InternVL2-8B* 
4

InternVL2-8B-CoB 
[key boxes]
 3, 5, 6
[Answer]
 8

Question: 
What is the Gross Profit 
for the year ending 2003 
(Rs.lac)?
Key Boxes:
5m
Ground Truth:
8873.49

InternVL2-8B* 
7995.12

InternVL2-8B-CoB 
[key boxes]
 5 
[Answer]
 7995.12

wrong area

correct area

correct area

✅

❌

Figure 3: Left: A successful case of InternVL2-8B-CoB. Right: A failure case of InternVL2-8B-CoB.

Figure 4: Performance of InternVL2-8B* (blue) and InternVL2-8B-CoB (red) on DeepForm, VRDU-
RF, SROIE and FUNSD datasets, plotted against the average token numbers.

equal or even fewer tokens. These findings indicate that Doc-CoB not only enhances efficiency but
also has substantial potential to improve effectiveness.

4.7 Discussion of Nature-Scene-Oriented Coarse-to-Fine Method

Several studies investigate visual coarse-to-fine reasoning and demonstrate its effectiveness on natural
scene vision tasks, such as Visual CoT [Shao et al., 2024] and TextCoT [Luan et al., 2024]. Visual
CoT first prompts the model to ground the region of interest (ROI) in the image, then uses both
the full image and a cropped ROI to generate the answer. TextCoT follows a similar two-stage
approach, initially generating a caption and ROI coordinates, and then feeding the caption along
with the cropped ROI for reasoning. Although effective in natural scenes, these methods have
not been explored for document understanding. To address this gap, we re-implement Visual CoT
and TextCoT using InternVL2-8B, treating the helpful box (Section 3.2) as the ROI. Training and
inference procedures strictly follow Section 4.1.2. As shown in Table 4, these natural-scene methods
significantly underperform InternVL2-8B-CoB across all benchmarks. We attribute this performance
gap primarily to inaccurate ROI grounding, which likely fails due to neglecting the critical role of
document layout. These results further underscore the effectiveness of Doc-CoB.

5 Limitations

Despite the success of Doc-CoB, several limitations remain for future work. During data generation,
we adopt multiple strategies to suppress noise introduced by the layout analyzer, as described in
Section 3.2. However, at inference time, this noise cannot be fully eliminated, and the performance
of Doc-CoB remains constrained by the quality of the analyzer. While MinerU represents the current
state of the art, future research on more advanced analyzers based on MLLMs may further raise
the performance ceiling of Doc-CoB. In addition, the current pipeline performs only a single round
of box selection. Introducing a self-verification step that iteratively refines the selected key boxes
presents a promising direction for further improvement.

9



6 Conclusion

In this paper, we propose Doc-CoB, a human-style, coarse-to-fine document understanding mecha-
nism that leverages visual reasoning manner without modifying model architecture. By formulate
cognitive processes into a two-stage MLLM reasoning paradigm, Doc-CoB significantly enhances the
document understanding capabilities of MLLMs. We also create a tailored dataset with intermediate
visual reasoning supervision and introduce two enabling tasks to support our approach. Experimental
results demonstrate that our method not only outperforms strong baselines but is also transferable
across different MLLMs, exhibiting strong generalization capabilities in real-world layout analyzers.
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A Key Boxes Labeling Prompt and Quality Assurance

You are presented with an image containing multiple pre-labeled boxes, each identified by a
unique number. You will receive a series of question–answer (QA) pairs. For each question,
determine which labeled boxes in the image contain the information needed to arrive at the
given answer, adhering to the following rules:

1. **If the Number of Boxes in the Image Exceeds 3, Output at Least Three Boxes**
For each question, list all boxes that are genuinely helpful to answer the question. If the
number of truly helpful boxes is less than three, please output several boxes that are most
likely to cause confusion in answering the question to ensure that at least three boxes are
output.

2. **If the Number of Boxes in the Image is Less Than 3, Output Only the Boxes Helpful for
Answering the Question**
For each question, list all boxes that are genuinely helpful to answer the question. Do not
output boxes that might cause confusion.

3. **Output Reason and Content**
After listing the boxes, for each box, output the reasons (from semantic, layout, etc. perspec-
tives) why it helps or doesn’t help answer the question.

4. **Other Details**
When referring to any box, use the notation <box>num </box>.

5. **Output Format**
For each QA pair, output only the question ID (Q1, Q2, etc.). Output in this strict format:

Q1:
HELPFUL BOX: [<box>num</box>(s)]
CONFUSING BOX: [<box>num</box>(s)]
Reason for <box>num</box>: **30-50 word explanation**

Q2:
HELPFUL BOX: [<box>num</box>(s)]
CONFUSING BOX: [<box>num</box>(s)]
Reason for <box>num</box>: **30-50 word explanation**

Below is an example of the exact format expected:

Q1: HELPFUL BOX: [<box>16</box>]
CONFUSING BOX: [<box>15</box>, <box>19</box>]
Reason for <box>16</box>: **30-50 word explanation**
Reason for <box>15</box>: **30-50 word explanation**

Q2:
HELPFUL BOX: [<box>2</box>, <box>3</box>, <box>4</box>]
CONFUSING BOX: []
Reason for <box>2</box>: **30-50 word explanation**
Reason for <box>3</box>: **30-50 word explanation**
Reason for <box>4</box>: **30-50 word explanation**

**Here are the QA pairs:**
{QA_Pairs}

The prompt is utilized for data annotation using GPT-4o, where QA_Pairs represent all question-
answer pairs corresponding to the given image.
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The quality assurance process consists of two sequential steps:

• A textual matching rule is first applied to validate the format and confirm whether the ground
truth appears within the target helpful bounding boxes.

• If the annotation of a QA_Pair does not pass the rule-based filtering stage, it is forwarded to
a subsequent manual verification process to ensure the accuracy of the data.

B Doc-CoB Stage 1 Prompt

Which red box in the given image contains the answer to the following question: {question}?
Use the box ID near the red box to answer the question.

C Training Dataset Statistics

Table 5: Statistics of the number of images and questions in the original training datasets across
seven datasets. Each column represents a different dataset, and the rows provide counts of images
and corresponding questions used in the training phase.

DeepForm SROIE FUNSD DUDE VRDU-Ad VRDU-RF DocVQA

Images 813 626 146 5239 369 1451 10194
Questions 3407 2499 1676 10111 1972 3508 39463

Table 6: Statistics of the number of images and questions in the training datasets used for enabling
tasks across nine datasets. Each column represents a different dataset, and the rows provide counts
of images and corresponding questions used in the training phase. This includes both Box–ID
Recognition Enhancement and Box–Query Reasoning Enhancement.

DeepForm SROIE FUNSD DUDE VRDU-Ad VRDU-RF DocVQA FeTaQA PubLayNet

Images 4220 3124 1822 15350 2341 4959 78626 39478 7597
Questions 14191 10534 5782 58525 8483 19540 61832 72438 27167

Table 7: Statistics of the number of images and questions in the training datasets used for Doc-CoB
across seven datasets. Each column represents a different dataset, and the rows provide counts of
images and corresponding questions used in the training phase.

DeepForm SROIE FUNSD DUDE VRDU-Ad VRDU-RF DocVQA

Images 1626 1250 292 10461 736 2880 20293
Questions 10221 7497 5028 30255 5906 10396 117619
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D Test Dataset Statistics

Table 8: Statistics of the number of images and questions in the test datasets across seven datasets.
Each column represents a different dataset, and the rows provide counts of images and corresponding
questions used in the testing phase.

DeepForm SROIE FUNSD DUDE VRDU-Ad VRDU-RF DocVQA

Images 344 347 47 1295 543 2181 1287
Questions 1423 1388 467 2551 3014 5318 5188

E Performance on the Original Weights of MLLMs

Table 9: Performance on the original weights of MLLMs.

DeepForm SROIE FUNSD DUDE VRDU-Ad VRDU-RF DocVQA

Qwen-VL 2.60 58.06 49.50 40.58 4.71 28.85 61.81
DocOwl1.5 73.87 62.28 66.36 55.89 51.86 30.01 81.12
InternVL2-2B 19.91 85.05 74.45 58.57 43.33 59.95 86.84
InternVL2-8B 21.71 89.47 75.78 64.04 45.26 62.58 91.56

F GPT-4o & InternVL2-40B Evaluation Prompt

Below is the prompt for GPT-4o on the Document QA datasets.

You are provided with an image of a document and a question related to it. Please carefully
read the content of the document and answer the question based solely on the information in
the image. The answers to questions are short text spans.

Question: {question}

Directly extract the answer of the question from the document with few words.

Answer:

Below is the prompt for GPT-4o on the Document IE datasets.

You are asked to answer questions asked on a document image. The answers to questions are
short text spans taken verbatim from the document. This means that the answers comprise a
set of contiguous text tokens present in the document.

Question: {question}

Directly extract the answer of the question from the document with few words.

Answer:

Below is the prompt for InternVL2-40B on all datasets.

{question} Answer the question using a single word or phrase.
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G Detailed Ablation Experiments

Table 10: “E1” and “E2” denote two enabling tasks (Box–ID Recognition Enhancement and
Box–Query Reasoning Enhancement). 1st, 2nd and 3rd indicate the best, second-best and third-best
scores per column. All experiments are based on InternVL2-8B.

# E1 E2 Doc-CoB DeepForm SROIE FUNSD DUDE VRDU-Ad VRDU-RF DocVQA

0 36.33 90.39 75.173rd 64.123rd 58.66 67.58 90.27
1 ✓ 64.172nd 96.372nd 79.212nd 64.322nd 83.392nd 84.442nd 91.092nd

2 ✓ ✓ 48.553rd 93.65 71.82 63.78 74.66 80.91 89.16
3 ✓ ✓ 48.49 94.313rd 73.91 63.42 77.773rd 80.993rd 91.003rd

4 ✓ ✓ 45.82 91.21 72.51 63.34 72.97 77.29 90.79

5 ✓ ✓ ✓ 80.051st 97.171st 82.921st 65.901st 93.661st 92.601st 91.171st

H Cases of Doc-CoB

Question: 
What is the heading of the page?
Key Boxes:
1, 2 m
Ground Truth:
ITC's Brands: Creating Sustainable Livelihoods through a 
Robust Distribution Network

Doc-CoB:
[key boxes]
 1, 2
[Answer]
ITC's Brands: Creating Sustainable Livelihoods through a 
Robust Distribution Network

Question: 
Who is receiving the highest ‘salary’?
Key Boxes:
3, 4, 5, 6 m
Ground Truth:
Yee Ping Huang

Doc-CoB:
[key boxes]
 4, 5, 6
[Answer]
Yee Ping Huang

Figure 5: Cases showing intermediate and final outputs of Doc-CoB.
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Question: 
What is written at the top of the page in bold capital 
letters? 
Boxes:
1, 3, 4 m
Ground Truth:
CAMEL

Doc-CoB:
[key boxes]
 1, 3
[Answer]
CAMEL

Question: 
What is inside the [] in the second title?
Key Boxes:
1, 2, 7m
Ground Truth:
20700

Doc-CoB:
[key boxes]
 2, 7, 8
[Answer]
20700

Question: 
Which Approved Program should you be on to 
participate in the reduction on Marlboros?
Key Boxes:
7, 8, 9m
Ground Truth:
a Philip Morris Approved Program

Doc-CoB:
[key boxes]
 8, 9
[Answer]
philip morris approved program

Figure 6: Cases showing intermediate and final outputs of Doc-CoB.
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Question: 
Which product, glass fiber of Mulfi is reported to have 
a continuing problem in 'Quality'?
Boxes:
2, 3, 4, 9, 11 m
Ground Truth:
Glass fiber

Doc-CoB:
[key boxes]
 2, 4, 9, 11
[Answer]
glass fiber

Question: 
For whom this invoice is made?
Key Boxes:
5, 6, 7m
Ground Truth:
South Florida Ecological

Doc-CoB:
[key boxes]
 5, 6
[Answer]
South Florida Ecological

Question: 
what is the contact person name mentioned in letter?
Key Boxes:
5, 6m
Ground Truth:
p. carter

Doc-CoB:
[key boxes]
 5, 6
[Answer]
p. carter

Figure 7: Cases showing intermediate and final outputs of Doc-CoB.
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Question: 
How many points are there in modifications to readout 
instrumentation?
Boxes:
3, 4, 5, 6, 7, 8 m
Ground Truth:
5

Doc-CoB:
[key boxes]
 3, 4, 5, 6, 7, 8
[Answer]
 5

Question: 
What is the "company" in the given document?
Key Boxes:
1, 5m
Ground Truth:
GRAND COMPANIONS SDN BHD

Doc-CoB:
[key boxes]
 1, 2
[Answer]
GRAND COMPANIONS SDN BHD

Question: 
Which is the only RJR brand that contributed more 
than expected (CTS)?
Key Boxes:
2, 5, 6m
Ground Truth:
Camel

Doc-CoB:
[key boxes]
 4, 5, 6
[Answer]
 Camel

Figure 8: Cases showing intermediate and final outputs of Doc-CoB.
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