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Abstract001

Document understanding aims to perform ques-002
tion answering and information extraction over003
document images, where the visual content is004
highly information-dense and most task queries005
depend on only a few relevant regions. How-006
ever, existing methods either adopt a one-pass007
strategy that implicitly assumes all regions008
are equally important, or focus excessively on009
small regions at the cost of losing critical lay-010
out information, leading to unfaithful responses.011
Following the human reading pattern, we intro-012
duce Doc-CoB (Chain-of-Box), a simple-yet-013
effective mechanism that integrates coarse-to-014
fine visual reasoning into MLLM without mod-015
ifying its architecture. Our method allows the016
model to autonomously select the set of layouts017
most relevant to the query, and then focus on018
them for further understanding. To support this019
paradigm, we design two enabling tasks that im-020
prove box identification and box–query reason-021
ing, facilitating layout-aware document under-022
standing. We also design an automatic pipeline,023
integrating a commercial MLLM with a lay-024
out analyzer, to generate 249k training samples025
with intermediate visual reasoning supervision.026
Extensive experiments on seven benchmarks027
with four popular models show that Doc-CoB028
significantly improves performance, demon-029
strating its effectiveness and wide applicability.030
All code, data, and models will be released.031

1 Introduction032

Document understanding (Cui et al., 2021; Xu033

et al., 2020) is a fundamental task that involves034

question answering and information extraction035

based on document images, such as forms, receipts,036

reports, and scanned pages. In recent years, multi-037

modal large language models (MLLMs) (Bai et al.,038

2025; Comanici et al., 2025; Grattafiori et al., 2024;039

Cai et al., 2025) have demonstrated promising ca-040

pabilities on document understanding (Hu et al.,041

2024; Ding et al., 2025; Zhou et al., 2024; Luo042

et al., 2024), driving progress in both academic 043

research and industrial applications. 044

Most existing MLLMs generate responses to 045

queries by processing entire images in a uniform 046

manner (Chen et al., 2025; Fu et al., 2025), im- 047

plicitly assuming that all visual regions are equally 048

important. However, this overlooks the informa- 049

tion density (Cui et al., 2021) of document images, 050

where only a subset of regions is task-relevant (Cao 051

et al., 2023), while the remainder is largely redun- 052

dant. Consequently, this uniform strategy is prone 053

to producing unfaithful responses and hallucina- 054

tions. As shown in Figure 1 (a), while not all re- 055

gions are relevant to the query "Where does the 056

applicant live?", the model derived its answer from 057

a wrong region. 058

Despite the emergence of coarse-to-fine strate- 059

gies in general visual QA (Yu et al., 2025), many 060

existing approaches have drifted toward the oppo- 061

site extreme. Specifically, some works perform 062

direct cropping or zoom-in on selected regions af- 063

ter a coarse localization stage (Luan et al., 2024; 064

Shao et al., 2024). While such designs are effective 065

in reducing visual redundancy, they inevitably dis- 066

card layout information that is unique and critical 067

to document images, such as spatial relationships, 068

relative positioning, and cross-region dependencies. 069

As a result, these methods may struggle with layout- 070

sensitive queries and complex document structures. 071

This raises a research question: How to follow the 072

coarse-to-fine paradigm while preserving layout 073

information for accurate and faithful document un- 074

derstanding? 075

To address the above challenge, we first propose 076

Doc-CoB (Chain-of-Boxes), a mechanism follow- 077

ing human reading behavior that enables MLLMs 078

to perform document understanding in a coarse- 079

to-fine reasoning manner without modifying their 080

architecture. We formulate cognitive processes into 081

a two-stage MLLM reasoning paradigm consisting 082

of (S1) Key Box Selection and (S2) Focused An- 083
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Figure 1: (a) Current MLLM attends to a wrong region and produces an unfaithful answer, instead of obtaining
the answer from the correct region below. (b) Overview of Doc-CoB. The layout analyzer segments the document
into boxes. (S1) Key box selection identifies boxes relevant to the query, followed by blur-reserve masking. (S2)
Focused answering generates the final answer from the masked image.

swering as illustrated in Figure 1 (b). Both stages084

employ visual prompting (Yang et al., 2024b; Sht-085

edritski et al., 2023) to explicitly guide the model’s086

attention to key layout (box) while suppressing vi-087

sual redundancy. We then introduce two enabling088

tasks: (E1) Box-ID Recognition Enhancement and089

(E2) Box-Query Reasoning Enhancement, which090

aim to improve the model’s understanding of doc-091

ument layout and its associated semantic informa-092

tion. Finally, we develop an automatic data gener-093

ation pipeline to address the challenge of limited094

training data, as existing document datasets lack095

layout-level annotations that jointly encode visual096

structure and semantic roles. This pipeline enables097

us to collect 249K training samples from nine docu-098

ment datasets with intermediate visual supervision099

tailored to Doc-CoB.100

Extensive experiments examine Doc-CoB from101

multiple complementary perspectives. All MLLMs102

achieve improved performance when integrated103

with Doc-CoB, with a 8B model even surpassing104

GPT-4o. Further ablation analysis reveal that the105

explicit Doc-CoB reasoning paradigm and the pro-106

posed enabling tasks are both critical. Beyond in-107

domain evaluation, Doc-CoB exhibits strong gener-108

alization, remaining effective under zero-shot set-109

tings and robust to different layout analyzers. Our110

main contributions are as follows:111

• We introduce Doc-CoB, a mechanism that en-112

ables MLLMs to perform document understanding113

in a human-like, coarse-to-fine reasoning manner.114

• We construct a dataset of 249k samples across115

nine document datasets, each annotated with inter-116

mediate visual supervision tailored for Doc-CoB.117

In addition, we propose two enabling tasks to fur-118

ther enhance the reasoning capabilities of MLLMs.119

• Doc-CoB improves performance on seven120

benchmarks, surpasses strong baselines, and re-121

mains compatible with various MLLM architec- 122

tures and scales. All training data and models will 123

be released publicly to support further research. 124

2 Related Work 125

Multimodal Reasoning. A critical step in advanc- 126

ing AI toward human-level intelligence is enabling 127

the transition from basic perception to complex 128

cognitive reasoning (Wang et al., 2025). Recent 129

works (Jaech et al., 2024; Guo et al., 2025) have 130

shown that incorporating reasoning can signifi- 131

cantly enhance model performance. One widely 132

used class of methods is Chain-of-thought (CoT) 133

(Wei et al., 2022), which encourages LLM to clarify 134

reasoning, specifically by adding logical thinking 135

processes (Kang et al., 2025; Li et al., 2025; Miao 136

et al., 2024). Meanwhile, progress has been made 137

in reasoning for MLLM. MM-CoT (Zhang et al., 138

2023) proposed a two-stage reasoning framework 139

by firstly generating rationales and then generat- 140

ing answers. Subsequent works (He et al., 2024; 141

Wang et al., 2024b) further improve the design on 142

vision-language fusion mechanisms to automate 143

the construction of CoT. However they are not spe- 144

cially designed for document characteristics. 145

Visual Prompting in MLLMs. In recent years, 146

with the advancements in MLLMs, visual prompt 147

techniques have attracted great attentions (Xu et al., 148

2025; Parmar et al., 2025). Visual prompt is a tech- 149

nique used in image-language tasks, where markers 150

such as colorful boxes or circles are added onto an 151

image to direct the attention of MLLMs toward the 152

desired targets while preserving the global context. 153

Nonetheless, compared to natural scene images, 154

visual prompting in document image designs are 155

rarely explored. Researchers (Luan et al., 2024) 156

propose the pioneer work, TextCoT, to implement 157

visual prompt for document understanding task. It 158
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first requires the model to locate key area in the159

input document and zoom-in by cropping. How-160

ever, the text form output of MLLMs significantly161

constrains accuracy of the prompt.162

MLLMs for Document Understanding. Docu-163

ment understanding(Zhang et al., 2024; Luo et al.,164

2025, 2023, 2024) is an increasingly prominent165

research area driven by the growing industrial de-166

mand for efficient information processing. Recent167

advancements (Chen et al., 2024b; Yang et al.,168

2024a) in general MLLMs have enhanced the en-169

coding resolution of document images, markedly170

improving the efficacy of document understanding171

tasks. A number of MLLMs have been specifically172

developed to tackle challenges in document under-173

standing. For instance, mPLUG-DocOwl series (Ye174

et al., 2023; Hu et al., 2024) unify task processing175

across five types of document images, achieving176

notable performance in document comprehension.177

However, despite the significant progress made by178

existing MLLMs, some findings indicate that these179

models do not focus on relevant areas do when re-180

sponding to queries (Yu et al., 2025), especially181

problematic for complex documents.182

3 Methodology183

3.1 Doc-CoB Reasoning Paradigm184

Many studies in psychology and cognitive science185

(Treisman et al., 1964; Yli-Krekola et al., 2009),186

show that when the brain processes information,187

humans instinctively focus on certain stimuli while188

ignoring others. Specifically, in the context of doc-189

ument processing, we usually first segment the lay-190

out into semantic "boxes", then use saccades to191

scan the boxes based on prior knowledge and select192

boxes for focused attention. Following those man-193

ners, we define Doc-CoB as a two-stage paradigm:194

(S1) Key Box Selection and (S2) Focused Answer-195

ing. Algorithm 1 provides the detail.196

Key Box Selection. Given a document image197

xI and a query Q, Doc-CoB uses a layout analyzer198

Λ(·) to generate a set of candidate layout boxes:199

B = Λ(xI), (1)200

where each box b ∈ B is assigned a unique index201

id. Then we construct a visually prompted image202

XS1
I by overlaying all candidate boxes B on xI ,203

and labeling each box with its index id. Then the204

MLLM f(·) selects the subset of boxes Bkeythat205

are most relevant to Q:206

Ikey = f
(
[XS1

I ;B], Q, PS1

)
, (2)207

Algorithm 1 Doc-CoB Reasoning Paradigm
Input: Document image xI and question Q
Output: Answer A
1: B ← Λ(xI) ▷ Layout analyzer extracts candidate boxes
2: XS1

I ← RENDERID(xI , B) ▷ Overlay each box with a
unique ID

3: Ikey ← SELECTIDS
(
f([XS1

I ;B], Q, PS1)
)

▷ Stage 1:
select key box IDs

4: Bkey ← {bi | i ∈ Ikey} ▷ Retrieve key boxes by IDs
5: XS2

I ← BLURMASK(xI , Bkey) ▷ Blur non-key areas
and highlight selected boxes

6: A← f([XS2
I ;Bkey], Q, PS2) ▷ Stage 2: generate

answer conditioned on key boxes
7: return A

Bkey = { b ∈ B | id(b) ∈ Ikey }. (3) 208

where Ikey ⊆ {1, . . . , |B|}, and PS1 is is the 209

prompt used in the key box selection stage (see Ap- 210

pendix B). In practice, we use an off-the-shelf lay- 211

out analyzer and formulate this stage as a multiple- 212

choice prediction over candidate box. 213

Focused Answering. After obtaining Bkey, we 214

perform inference by directing the MLLM’s atten- 215

tion to the selected boxes. Specifically, we generate 216

another visually prompted image XS2
I using Blur 217

Reverse Mask (Yang et al., 2024b), which blurs all 218

areas outside Bkey while highlighting the selected 219

boxes with a red border. This helps the model focus 220

on relevant layout while preserving global context, 221

which is crucial for layout-dependent queries (e.g., 222

"What is the first bullet on the right side?"). The 223

final answer A is produced by 224

A = f
(
[XS2

I ;Bkey], Q, PS2

)
, (4) 225

where PS2 is a short instruction "Please pay more 226

attention to the red boxes". 227

3.2 Enabling Tasks 228

Beyond proposing a coarse-to-fine paradigm tai- 229

lored for document, we also need to enhance the 230

model’s visual and semantic understanding of lay- 231

outs. However, we observe that the intrinsic ca- 232

pabilities of existing MLLMs are still insufficient 233

to fully support Doc-CoB reasoning. First, the 234

MLLM may fail to align a box b with its id in the 235

visually prompted image. Second, even when the 236

box–id mapping is correct, the MLLM frequently 237

struggles to identify the semantic role of each lay- 238

out box when answering the query. 239

To address these limitations, we introduce two 240

enabling tasks: Box–ID Recognition Enhancement 241

and Box–Query Reasoning Enhancement. In the 242

first task, the MLLM is given XS1 and a box bi and 243
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(a) Image Labeling with  (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
Stage1
[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>

Stage 2
[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

(c-1) Enabling Task 1: Box-ID Recognition
[User]: What is the corresponding ID for <box>178, 67, 289,
103</box>?

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

(c-2) Enabling Task 2: Box-Query Reasoning
[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.

input

Figure 2: Automatic data generation pipeline. (a) Image labeling: Layout analyzer segments document into boxes.
(b) Key-box labeling: GPT-4o identifies helpful and confusing boxes given a question-answer pair. (c-1) Task 1:
Box-ID Recognition. (c-2) Task 2: Box-Query Reasoning. The model explains how the specified box contributes to
answering the question. (d) Doc-CoB Training Sample.

is prompted, "What is the index of bi?". It should244

return the corresponding idi. In the second task,245

the model is given XS1, a question Q, and an in-246

dex idi, and is prompted, "What role does idi play247

in answering Q?". It must describe the role of bi248

with respect to Q. These two enabling tasks inject249

layout awareness and query-conditioned reason-250

ing into the MLLM, thereby supporting Doc-CoB251

inference. We construct the training samples for252

these two enabling tasks based on nine datasets253

(Sec. 3.3), resulting in 126,970 samples for Box–ID254

Recognition Enhancement and 269,108 samples for255

Box–Query Reasoning Enhancement.256

3.3 Data Generation257

Existing document understanding corpora lack the258

annotations required by Doc-CoB. To address this,259

we construct an automatic data generation pipeline260

(Figure 2) that uses a reliable commercial MLLM261

as the linguistic annotator and a robust layout anal-262

ysis tool as the visual annotator. Starting from263

widely used document datasets, we retain their im-264

ages XI , question Q and answer A. For each XI ,265

we apply MinerU (Wang et al., 2024a), an high-266

precision layout analysis tool, to obtain a set of267

layout boxes B = {bi}|B|
i=1. These boxes serve as268

the visual primitives for subsequent reasoning.269

As defined in Sec. 3.1, the key annotation step270

is to identify the subset of key boxes Bkey ⊆ B.271

This task requires complex multimodal semantic272

understanding, we use GPT-4o as the linguistic273

annotator. Given (XS1
I , B,Q,A), where XS1

I is274

defined in Sec. 3.1, GPT-4o returns two disjoint275

subsets: the helpful box BH and the confusion276

box BC , such that Bkey = BH ∪ BC . It also 277

generates a natural language description D(b) for 278

each b ∈ Bkey, explaining its function in answering 279

Q. Boxes in BH contain the exact evidence for A, 280

while boxes in BC resemble the query in wording, 281

format, or position but do not contain the answer. 282

We design a comprehensive prompt that specifies 283

the task requirements, defines helpful and confus- 284

ing boxes, and outlines the output format to ensure 285

consistent annotations. Data quality is maintained 286

through automatic sanity checks, including verifi- 287

cation that A is entailed in BH , as well as targeted 288

manual review. Details of the prompt and quality 289

assurance process are provided in the Appendix A. 290

Specifically, we select nine widely used docu- 291

ment datasets: DocVQA (Mathew et al., 2021), 292

DUDE (Van Landeghem et al., 2023), DeepForm 293

(Borchmann et al., 2021), FUNSD (Jaume et al., 294

2019), SROIE (Huang et al., 2019), VRDU-ad- 295

buy (Wang et al., 2023a), VRDU-Registration- 296

Form (Wang et al., 2023a), FeTaQA (Nan et al., 297

2022), and PubLayNet (Zhong et al., 2019). We di- 298

rectly adopt the question–answer pairs provided by 299

DocVQA and DUDE. We convert the annotations 300

of FUNSD, SROIE, FeTaQA, and PubLayNet into 301

question–answer pairs following Luo et al. (2024), 302

and those of DeepForm, VRDU-Ad, and VRDU- 303

RF following Hu et al. (2024). As a result, we 304

construct the Doc-CoB training dataset, which con- 305

tains 249,601 samples. Each query is annotated 306

with an average of three key boxes. Detailed dataset 307

information are provided in the Appendix D. 308
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4 Experiments309

In this section, we investigate four key research310

questions to evaluate the effectiveness and scalabil-311

ity of Doc-CoB through experimentation:312

Model performance. Can Doc-CoB improve doc-313

ument understanding performance? (Sec. 4.2)314

Ablation analysis. Verify the contribution of each315

component. (Sec. 4.3, Sec. 4.4)316

Generalization. Can Doc-CoB generalize to un-317

seen domains and settings? (Sec. 4.5, Sec. 4.6)318

Efficiency and practicality. What is the effi-319

ciency–effectiveness trade-off when integrating320

Doc-CoB into existing MLLMs? (Sec. 4.7)321

4.1 Experimental Setup322

4.1.1 Datasets and Metrics323

We evaluate Doc-CoB on seven widely used324

datasets, categorized into Document QA325

(DocVQA (Mathew et al., 2021), DUDE326

(Van Landeghem et al., 2023)) and Document IE327

(DeepForm (Borchmann et al., 2021), FUNSD328

(Jaume et al., 2019), SROIE (Huang et al., 2019),329

VRDU-Ad-Buy, and VRDU-Registration-Form330

(Wang et al., 2023b)). Detailed statistics of the331

test data are provided in the Appendix E. For332

evaluation metrics, we use Average Normalized333

Levenshtein Similarity (ANLS) (Biten et al., 2019)334

to assess text similarity on DocVQA, DUDE,335

FUNSD, and SROIE, following Luo et al. (2024).336

For DeepForm, we report F1 scores following Hu337

et al. (2024). For VRDU, we adopt micro F1 with338

type-aware fuzzy matching, as proposed by Wang339

et al. (2023b), to accommodate minor variations in340

answer formats.341

4.1.2 Implementation Details342

We select four MLLMs with varying sizes and ar-343

chitectures: InternVL2-2B1 (Chen et al., 2024a),344

InternVL2-8B2, Qwen2.5-VL-3B3 (Bai et al.,345

2023), and DocOwl1.5-8B4 (Hu et al., 2024). The346

InternVL2 series and Qwen2.5-VL-3B are general-347

purpose models, and DocOwl1.5-8B is an MLLM348

focusing on the document understanding.349

During training, we initialize all models with350

weights from HuggingFace. We adopt a two-stage351

1https://huggingface.co/OpenGVLab/
InternVL2-2B

2https://huggingface.co/OpenGVLab/
InternVL2-8B

3https://huggingface.co/Qwen/Qwen2.
5-VL-3B-Instruct

4https://huggingface.co/mPLUG/DocOwl1.5

training strategy: first, we train the models on the 352

enabling task (Sec. 3.2, 126k samples), followed by 353

training on Doc-CoB dataset (Sec. 3.3, 249k sam- 354

ples). Throughout training, the visual encoder of 355

each model remains frozen, and only the language 356

model is updated. InternVL2 series, Qwen2.5-VL, 357

and DocOwl1.5 are trained with learning rates of 358

1e−6, 1e−5, and 2e−5, respectively, for one epoch 359

on eight NVIDIA A100 GPUs. All randomness- 360

inducing hyperparameters are disabled during in- 361

ference to ensure consistent results. Additionally, 362

MinerU is used as the layout analysis tool in Doc- 363

CoB reasoning. 364

4.2 Main Results 365

Table 1 presents the evaluation results. For a fair 366

comparison, we fine-tune each model on the train- 367

ing set of the datasets introduced in Sec. 4.1.1, and 368

report these results as SFT baselines. 369

The results show that Doc-CoB consistently im- 370

proves performance across all seven datasets and 371

all four MLLMs. This demonstrates that Doc-CoB 372

is a general-purpose solution applicable to a wide 373

range of model sizes and architectures. Notable 374

gains appear on DeepForm, SROIE, FUNSD, and 375

VRDU. For instance, InternVL2-8B-CoB achieves 376

80.05% on DeepForm, exceeding the 36.33% SFT 377

baseline by more than 43%. We also present results 378

for variants trained only on the enabling tasks and 379

evaluated with one-pass inference (-E). These set- 380

tings still yield clear gains, indicating that the two 381

tasks inject layout awareness and semantic reason- 382

ing into the MLLM and thus contribute indepen- 383

dently to document-understanding performance. 384

We further compare with larger MLLMs, namely 385

the leading open-source model InternVL2-40B and 386

the leading closed-source model GPT-4o (prompts 387

are provided in the Appendix C). With the sup- 388

port of Doc-CoB, the smaller InternVL2-8B-CoB 389

achieves competitive or superior performance: it 390

surpasses InternVL2-40B on six datasets and out- 391

performs GPT-4o on all seven benchmarks, under- 392

scoring the effectiveness of our method. 393

Several studies investigate visual prompting and 394

demonstrate its effectiveness on natural scene vi- 395

sion tasks, such as Visual CoT (Shao et al., 2024) 396

and TextCoT (Luan et al., 2024). Although effec- 397

tive in natural scenes, these methods have not been 398

explored for document understanding. To address 399

this gap, we re-implement Visual CoT and TextCoT 400

using InternVL2-8B, treating the helpful box (Sec- 401

tion 3.3) as the ROI. Training and inference pro- 402
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DeepForm SROIE FUNSD DUDE VRDU-Ad VRDU-RF DocVQA

Qwen2.5-VL* 38.20 94.99 75.94 63.88 68.30 82.43 90.63
Qwen2.5-VL-E 42.11 95.52 77.50 62.73 69.99 82.79 90.79
Qwen2.5-VL-CoB 79.18 96.05 80.57 64.35 88.65 90.83 91.11

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

Much Larger MLLMs
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

Visual Prompting Methods
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

Table 1: Model performance (%). Bold numbers denote the best within each group. 1st and 2nd indicate the best and
second best per column. * indicates SFT baseline; -E adds enabling tasks, and -CoB denotes models with Doc-CoB.

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

1 36.33 90.39 75.17 64.12 58.66 67.58 90.27
2 ✓ ✓ 48.49 94.31 73.91 63.42 77.77 80.99 91.00
3 ✓ ✓ 64.17 96.37 79.21 64.32 83.39 84.44 91.09
4 ✓ ✓ ✓ 48.55 93.65 71.82 63.78 74.66 80.91 89.16
5 ✓ ✓ ✓ 45.82 91.21 72.51 63.34 72.97 77.29 90.79
6 ✓ ✓ ✓ 72.172nd 96.502nd 80.762nd 64.882nd 87.292nd 85.262nd 91.122nd

7 ✓ ✓ ✓ ✓ 80.051st 97.171st 82.921st 65.901st 93.661st 92.601st 91.171st

Table 2: Ablation study based on InternVL2-8B. E1, E2 and CoB SFT means the models are supervised fine-tuned
on these training datasets. CoB Paradigm means the models adopt the two-stage CoB paradigm during inference.

cedures strictly follow Sec. 4.1.2. As shown in403

Table 1, these natural-scene methods underperform404

on all benchmarks. We attribute this performance405

gap to inaccurate ROI grounding, which fails due406

to neglecting the critical role of document layout.407

4.3 Ablation Study408

Table 2 reports the ablation experiment results of409

the InternVL2-8B. We first isolate the effect of410

the Doc-CoB reasoning paradigm itself. We evalu-411

ate a one-pass variant of InternVL2-8B-CoB (#6),412

which is trained with the CoB dataset but answers413

directly without the two-stage paradigm. While414

(#6) surpasses all other baseline (#1~#5) across415

all benchmarks, it consistently underperforms the416

complete CoB (#7), indicating that the performance417

gain primarily stems from the change in reasoning 418

paradigm rather than the training data alone. 419

Although the results in Table 1 demonstrate the 420

benefits of adding two enabling tasks, we further 421

investigate a setting where the enabling tasks are re- 422

moved. The performance gap between (#3) and the 423

full CoB (#7) suggests that the intrinsic reasoning 424

capabilities of current MLLMs are still insufficient 425

to fully exploit the potential of Doc-CoB. 426

The results show that Doc-CoB’s full effective- 427

ness arises from the combination of explicit reason- 428

ing paradigm and targeted supervision. 429

4.4 Key Box Selection Performance 430

Given that Doc-CoB adopts a two-stage approach, 431

we isolate Stage 1, Key Box Selection, to assess 432
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DeepForm SROIE FUNSD DUDE VRDU-Ad VRDU-RF DocVQA Avg.

Qwen2.5-VL-CoB 98.13 99.06 96.18 91.25 97.43 96.88 92.71 95.95
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

Table 3: Performance on (S1) key box selection.

InfographicVQA MP-DocVQA

InternVL2-8B* 74.71 78.29
InternVL2-8B-E 75.74 78.82
InternVL2-8B-CoB 77.13 81.45

Table 4: Zero-shot performance.

its impact on the overall performance. As defined433

in Sec. 3.1, a "helpful box" contains the exact ev-434

idence required to answer a question. Therefore,435

we report the model’s F1 score for selecting help-436

ful boxes, denoted as F1H . As shown in Table 3,437

on datasets where Doc-CoB achieves substantial438

performance improvements (such as DeepForm,439

SROIE and VRDU), the average F1H consistently440

exceeds 97%. In contrast, on datasets where Doc-441

CoB has a less pronounced impact, such as DUDE,442

the F1H is relatively lower. This suggests that high-443

quality key-box selection tends to correlate with444

improved overall performance, although Table 1445

also shows that Doc-CoB can still offer benefits446

even when F1H is relatively modest. This suggests447

that high-quality intermediate visual reasoning ef-448

fectively supports document understanding.449

4.5 Zero-shot Performance450

To further validate the cross-domain scalability of451

our method, we conduct zero-shot evaluations of452

InternVL2-8B-CoB on InfographicVQA (Mathew453

et al., 2022) and MP-DocVQA (Tito et al., 2023).454

For MP-DocVQA, we numbered the boxes sequen-455

tially and fed all pages into the model for box se-456

lection. Then, we removed unselected pages, gen-457

erated visual prompts based on the selected boxes,458

and asked the model to answer the question. Since459

multiple images were input simultaneously, we had460

to reduce the resolution hyperparameter to avoid461

OOM errors. In this setting, the advantage of CoB462

is that by emphasizing key areas, it can offset the463

model’s need for high effective resolution, thereby464

improving performance on multi-page data. The465

results demonstrate that our model can also be ex-466

tended to infographics and multi-page documents.467

Figure 3: Performance of InternVL2-8B* (blue) and
InternVL2-8B-CoB (red) on four datasets, plotted
against the average token numbers.

4.6 Discussion of Layout Analyzers 468

According to Sec. 3.1, Doc-CoB reasoning uses a 469

layout analysis tool to obtain all layout boxes in a 470

given document image. To examine whether Doc- 471

CoB depends on a specific analyzer, we repeat the 472

experiments using two alternative tools. The first, 473

following Syakur et al. (2018), applies the K-means 474

algorithm to spatially cluster OCR-extracted bound- 475

ing boxes and is referred to as "OCR + K-means". 476

The second is Marker5, an open-source layout an- 477

alyzer similar to MinerU. All experiments use the 478

InternVL2-8B-CoB checkpoint, and only the ana- 479

lyzer is changed without retraining the model. The 480

results in Table 5 show that Doc-CoB consistently 481

improves MLLM performance regardless of the an- 482

alyzer used. These findings suggest that Doc-CoB 483

is practical in real-world applications, as any main- 484

stream analyzer that provides coarse segmentation 485

is sufficient. 486

4.7 Efficiency-Effectiveness Trade-off 487

It is widely acknowledged that image tokens con- 488

stitute the majority of input tokens in MLLMs 489

designed for high-resolution images (Chen et al., 490

5https://github.com/VikParuchuri/marker
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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 5: Performance of InternVL2-8B-CoB with different layout analyzer.

2024b; Hu et al., 2024). Doc-CoB reasoning ap-491

pears to double the total token budget, as two492

images are processed. However, we hypothesize493

that Doc-CoB offsets this overhead by guiding the494

model’s attention to key regions, thereby reduc-495

ing the effective resolution requirement. To val-496

idate this, we conduct additional experiments on497

DeepForm, VRDU-RF, SROIE, and FUNSD using498

InternVL2-8B* and InternVL2-8B-CoB, adjusting499

the hyperparameters that control image resolution500

(i.e., image tokens). For InternVL2-8B*, the token501

count includes tokens used for vanilla inference,502

while for InternVL2-8B-CoB, it includes the total503

input tokens across both stages. As shown in Fig-504

ure 3, Doc-CoB consistently outperforms vanilla505

inference while using an equal or even fewer to-506

kens. These findings indicate that Doc-CoB not507

only enhances efficiency but also has substantial508

potential to improve effectiveness.509

4.8 Case Study510

To further investigate the effectiveness of Doc-511

CoB, Figure 4 presents two cases generated512

by InternVL2-8B* and InternVL2-8B-CoB (Doc-513

CoB). In the top example, the document image con-514

tains substantial irrelevant information. Faced with515

the question "How many eggs are needed to make516

Malasadas?" InternVL2-8B* applies one-pass at-517

tention, is distracted by visually salient but seman-518

tically irrelevant numerals that appear with the519

word "eggs", and therefore outputs "4". In contrast,520

InternVL2-8B-CoB, supported by Doc-CoB, sup-521

presses this noise by selecting only the key boxes522

(3, 5, 6)—the three blocks headed "MALASADAS".523

The model then focuses on these regions and re-524

turns the correct answer. This case confirms that525

Doc-CoB reliably filters noise and directs attention526

to key regions. The bottom example exposes a cur-527

rent limitation of Doc-CoB. Although InternVL2-528

8B-CoB correctly identifies the relevant financial529

table, it still produces an incorrect answer. The530

selected box aggregates several numerical entries,531

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 region

correct region

correct region

Figure 4: Top: Successful case. Bottom: Failure case.

and Doc-CoB currently provides no further gran- 532

ularity to resolve such intra-box ambiguity. More 533

cases and failure analysis are presented in the Ap- 534

pendix F. 535

5 Conclusion 536

In this paper, we propose Doc-CoB, a human-style, 537

coarse-to-fine document understanding mechanism 538

that leverages visual reasoning manner without 539

modifying model architecture. By formulate cog- 540

nitive processes into a two-stage MLLM reason- 541

ing paradigm, Doc-CoB significantly enhances the 542

document understanding capabilities of MLLMs. 543

We also create a tailored dataset with intermediate 544

visual reasoning supervision and introduce two en- 545

abling tasks to support our approach. Experimental 546

results demonstrate that our method not only out- 547

performs strong baselines but is also transferable 548

across different MLLMs, exhibiting strong general- 549

ization capabilities in real-world layout analyzers. 550

8



Limitations551

During inference, our method relies on an exter-552

nal layout analyzer for document layout detection.553

A promising direction for future work is to incor-554

porate layout detection into the MLLM itself, en-555

abling end-to-end layout-aware reasoning and re-556

ducing reliance on external tools. While multiple557

strategies are adopted during data generation to sup-558

press noise introduced by layout analysis (Sec. 3.3),559

such noise cannot be fully eliminated at inference560

time and may accumulate across stages, making the561

performance of Doc-CoB partially dependent on562

the quality of the analyzer. In addition, the current563

pipeline performs only a single round of box se-564

lection; introducing a self-verification mechanism565

that iteratively refines the selected key boxes may566

further improve robustness and performance.567
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A Key Boxes Labeling Prompt and 832

Quality Assurance 833

You are presented with an image contain-
ing multiple pre-labeled boxes, each identi-
fied 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, adher-
ing 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 gen-
uinely 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 answer-
ing 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 gen-
uinely 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, out-
put the reasons (from semantic, layout, etc.
perspectives) why it helps or doesn’t help
answer the question.

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

834
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5. **Output Format**
For each QA pair, output only the question
ID (Q1, Q2, etc.). Output in this strict for-
mat:

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}

835

The prompt is utilized for data annotation using836

GPT-4o, where QA_Pairs represent all question-837

answer pairs corresponding to the given image.838

The quality assurance process consists of two839

sequential steps:840

• A textual matching rule is first applied to val-841

idate the format and confirm whether the ground842

truth appears within the target helpful bounding843

boxes. 844

• If the annotation of a QA_Pair does not pass the 845

rule-based filtering stage, we use Qwen2-VL-72B- 846

instruction to classify the remaining data, filtering 847

out samples with obvious reasoning or understand- 848

ing errors. Samples deemed potentially correct are 849

manually reviewed by four researchers for final 850

inclusion. 851

B Doc-CoB Stage 1 Prompt 852

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

853

C GPT-4o & InternVL2-40B Evaluation 854

Prompt 855

Below is the prompt for InternVL2-40B on all 856

datasets. 857

{question} Answer the question using a sin-
gle word or phrase.

858

Below is the prompt for GPT-4o on the Docu- 859

ment QA datasets. 860

You are provided with an image of a doc-
ument 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:
861

Below is the prompt for GPT-4o on the Docu- 862

ment IE datasets. 863
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You are asked to answer questions asked on
a document image. The answers to ques-
tions 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:
864

D Training Dataset Details865

DeepForm (Borchmann et al., 2021) is a document866

understanding dataset designed for structured infor-867

mation extraction from visually rich documents. It868

focuses on modeling the hierarchical and relational869

structure of document elements such as text blocks,870

tables, and key–value pairs. The dataset supports871

research on form parsing, layout-aware representa-872

tion learning, and joint modeling of visual, textual,873

and structural information.874

SROIE (Huang et al., 2019) targets key informa-875

tion extraction from scanned receipt images. It in-876

cludes annotations for crucial semantic fields such877

as company name, date, address, and total amount.878

SROIE is widely used to evaluate end-to-end doc-879

ument understanding systems that combine OCR,880

layout analysis, and semantic entity recognition.881

FUNSD (Jaume et al., 2019) is designed for se-882

mantic understanding of scanned forms. It pro-883

vides word-level annotations with labels and ex-884

plicit linking relationships between entities, en-885

abling research on both entity classification and886

entity linking. FUNSD is commonly used to bench-887

mark layout-aware language models for form un-888

derstanding tasks.889

DUDE (Van Landeghem et al., 2023) is a large-890

scale dataset aimed at extracting structured infor-891

mation from diverse document types. It empha-892

sizes robustness to layout variation and visual noise,893

making it suitable for studying generalizable docu-894

ment information extraction methods. The dataset895

supports tasks such as key–value extraction and896

document-level semantic understanding.897

VRDU (Wang et al., 2023b) is a visually rich898

document understanding dataset that integrates tex-899

tual content with layout and visual cues. It is de-900

signed to evaluate models on complex document 901

layouts, including multi-column text and mixed 902

content types. VRDU facilitates research on mul- 903

timodal representation learning for documents by 904

combining vision and language features. 905

DocVQA (Mathew et al., 2021) is a benchmark 906

dataset for visual question answering on document 907

images. It requires models to answer natural lan- 908

guage questions based on both the textual con- 909

tent and visual layout of documents. DocVQA 910

is widely used to assess document-level reasoning, 911

cross-modal alignment, and the ability of models 912

to locate and interpret relevant information within 913

documents. 914

Detailed statistics are provided in Table 6, Table 915

7, Table 8. 916

E Test Dataset Statistics 917

Details are provided in Table 9. 918

F Failure Analysis and Cases of Doc-CoB 919

Below is our failure analysis, which resulted in two 920

types of errors. 921

Hallucination Errors (majority): The MLLM 922

misinterprets the question or struggles to under- 923

stand the document content, resulting in unrelated 924

outputs. 925

OCR Recognition Errors (minority): Due to 926

handwritten fonts, image blurriness, or other is- 927

sues, the model’s perception fails, and it cannot 928

correctly output the textual answer. 929

Additionally, we observe that InternVL2-8B- 930

CoB corrects 64% of the errors made by InternVL2- 931

8B. And the performance gains of CoB primarily 932

stem from correcting inter-box errors, rather than 933

improving intra-box accuracy. These case statistics 934

align with the main design goal of Doc-CoB. CoB 935

is intended to enhance the MLLM’s coarse-to-fine 936

reasoning ability at the layout level, rather than at 937

the word-level OCR granularity. 938

We observed that CoB exhibits minimal per- 939

formance improvement on DUDE and DocVQA, 940

but achieves significant gains on DeepForm; there- 941

fore, we conducted a detailed analysis of the case 942

and found that most of the errors on DUDE and 943

DocVQA are not related to key boxes selection. In 944

other words, the model correctly selected the box 945

ID in the first stage, but due to the noise or com- 946

plex content within the box, it caused the model 947

to misinterpret the information, resulting in incor- 948

rect answers. Specifically, among all incorrect 949
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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 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 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 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.

cases of DocVQA, only 14.98% involve wrong box950

selection, compared to 17.38% (DUDE), 21.74%951

(VRDU-RF), and 29.58% (DeepForm). This helps952

explain why the model shows a relatively small953

improvement over the baseline on DocVQA (+0.9),954

better on DUDE (+1.78), and significantly well on955

other five datasets (averaging +23.65).956
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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

Table 8: 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 344 347 47 1295 543 2181 1287
Questions 1423 1388 467 2551 3014 5318 5188

Table 9: 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.

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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