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Abstract001

In recent years, multimodal image editing002
models have achieved substantial progress,003
enabling users to manipulate visual content004
through natural language in a flexible and in-005
teractive manner. Nevertheless, an important006
yet insufficiently explored research direction007
remains visual document image editing, which008
involves modifying textual content within im-009
ages while faithfully preserving the original010
text style and background context. Existing011
approaches, including AnyText, GlyphControl,012
and TextCtrl, predominantly focus on English-013
language scenarios and documents with rela-014
tively sparse textual layouts, thereby failing015
to adequately address dense, structurally com-016
plex documents or non-Latin scripts such as017
Chinese. To bridge this gap, we propose018
Visual Doc Edit Bench(VDE Bench), a rig-019
orously human-annotated and evaluated bench-020
mark specifically designed to assess image edit-021
ing models on multilingual and complex vi-022
sual document editing tasks. The benchmark023
comprises a high-quality dataset encompassing024
densely textual documents in both English and025
Chinese, including academic papers, posters,026
presentation slides, examination materials, and027
newspapers. Furthermore, we introduce a de-028
coupled evaluation framework that systemat-029
ically quantifies editing performance at the030
OCR parsing level, enabling fine-grained as-031
sessment of text modification accuracy. Based032
on this benchmark, we conduct a comprehen-033
sive evaluation of representative state-of-the-034
art image editing models. Manual verification035
demonstrates a strong consistency between hu-036
man judgments and automated evaluation met-037
rics. VDE Bench constitutes the first system-038
atic benchmark for evaluating image editing039
models on multilingual and densely textual vi-040
sual documents.041

1 Introduction042

In recent years, the capabilities of multimodal im-043

age editing models have continuously advanced044

(Wu et al., 2025; Xu et al., 2025; Gao et al., 2025; 045

Cao et al., 2025; Zhang et al., 2023b; Rombach 046

et al., 2022). Image editing models allow users to 047

iteratively manipulate image content through natu- 048

ral language, and this simple and intuitive editing 049

paradigm greatly enhances the flexibility and in- 050

teractivity of visual creation, quickly becoming a 051

core tool in the design field. 052

However, one important category is often over- 053

looked in the field of image editing: visual docu- 054

ment image editing. This task involves modifying 055

text content on input images while preserving the 056

style of both text and background. Although some 057

works have explored text-to-visual document gen- 058

eration or the modification of text in visual docu- 059

ments, such as AnyText (Tuo et al., 2024), Glyph- 060

Control (Yang et al., 2024), and TextCtrl (Zeng 061

et al., 2024), these studies have notable limitations. 062

First, the vast majority of research focuses on En- 063

glish text modification, whereas the real challenge 064

in this field lies in modifying non-Latin scripts 065

such as Chinese (Tuo et al., 2024; Eli et al., 2025). 066

Second, current studies mainly address visual doc- 067

ument editing in scenarios with a small amount of 068

text, such as posters, while neglecting more com- 069

plex documents with dense text, such as papers 070

and exams, which are the most challenging to edit. 071

Although some benchmarks exist to evaluate the 072

ability of image editing models to modify visual 073

documents (Gui et al., 2025; Fu et al., 2025; Wang 074

et al., 2025), the lack of research on multilingual 075

and dense-text visual document editing means that 076

there is currently no comprehensive benchmark to 077

assess image editing models’ performance on com- 078

plex visual documents. To systematically evaluate 079

the usability of different image editing models on 080

multilingual and densely textual documents, it is 081

necessary to construct a challenging benchmark 082

addressing these problem. 083

To tackle these issues, this paper proposes VDE 084

Bench, a rigorously human-evaluated benchmark 085
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Figure 1: Overview of the VDE Bench pipeline, including document data sourcing, instruction generation and
image editing, followed by rigorous manual review and OCR-based global and local evaluation.

designed to diagnose the actual performance of086

image editing models on multilingual and complex087

visual document editing tasks. The main contribu-088

tions of this paper are as follows:089

1. Multilingual complex text document090

dataset: We constructed high-quality evaluation091

sets in English and Chinese, covering various092

densely textual document types such as paper,093

poster, PPT, exam, and newspaper. The dataset094

construction involved extensive human participa-095

tion and rigorous manual curation to ensure quality096

and reliability.097

2. Decoupled and robust evaluation method-098

ology: We propose a decoupled diagnostic eval-099

uation framework to comprehensively assess the100

ability of image editing models to edit textual con-101

tent in complex visual documents. The evaluation102

is conducted at the OCR parsing level, enabling a103

more comprehensive and fine-grained analysis of104

the models’ document editing capabilities.105

3. Systematic diagnostic analysis of main-106

stream image editing models: Based on the pro-107

posed benchmark, we systematically evaluate a va-108

riety of mainstream image editing models, reveal-109

ing their real-world performance. Furthermore, the110

evaluation results were manually verified, showing111

high consistency with automated metrics, further112

demonstrating the effectiveness and reliability of113

VDE Bench.114

2 Related Work115

Image Editing Models. Qwen-Image-edit (Wu116

et al., 2025) has been specifically optimized for117

visual document editing and demonstrates partic-118

ularly strong performance in modifying Chinese119

visual documents. The Nano Banana (LLC, 2025)120

series of models have attracted considerable atten-121

tion due to their robust capabilities in both general 122

image and visual document generation and edit- 123

ing. More recently, Longcat-Image-edit (Team 124

et al., 2025) was introduced as an image edit- 125

ing model with optimizations targeting Chinese 126

image editing tasks. Additionally, models such 127

as Step1X (Liu et al., 2025) and Instruct-pix2pix 128

(Brooks et al., 2023) serve as representative ex- 129

amples of widely adopted general-purpose image 130

editing frameworks. 131

Image Editing Benchmarks. The vast major- 132

ity of existing image editing benchmarks focus on 133

entity-level modifications (Sheynin et al., 2024; 134

Basu et al., 2023; Zhou et al., 2025). For example, 135

I2EBench (Ma et al., 2024) explicitly distinguishes 136

high-level and low-level editing tasks through a 137

hierarchical design; CompBench (Jia et al., 2025) 138

supports multi-turn editing; and ImgEdit-Bench 139

(Ye et al., 2025) emphasizes the evaluation of con- 140

tent memory, content understanding, and version 141

rollback capabilities. While these benchmarks 142

cover a wide range of testing scenarios, none of 143

them consider densely textual images such as vi- 144

sual documents. 145

Visual Text Generation and Modification Bench- 146

marks. AnyText-Bench (Tuo et al., 2024) is the 147

first widely recognized large-scale visual docu- 148

ment editing benchmark, primarily focusing on text 149

editing on regular images. CVTG-2K (Du et al., 150

2025) is a recent English visual document gen- 151

eration benchmark, mainly concentrating on the 152

generation of long-text visual documents. Qwen- 153

Image-edit also recently proposed a Chinese visual 154

document generation benchmark called Chinese- 155

Word (Wu et al., 2025). However, all these existing 156

benchmarks overlook testing with multi-lingual 157
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and complex text documents.158

3 VDE Bench159

Constructing VDE Bench requires extensive man-160

ual annotation and processing. To reduce anno-161

tation time, we utilized Nano Banana Pro for162

assistance. Overall, our processing pipeline is il-163

lustrated in the overview framework in Figure 1,164

which consists of three main stages: data collection,165

groud truth generation, and manual review.The166

main comparisons between our VDE Bench and167

existing open-source image editing benchmarks in168

the community are summarized in Table 1.169

3.1 Data Collection Stage170

To collect high-quality multilingual complex text171

document data, we sourced English and Chinese172

complex text documents from Omni Doc Bench173

(Ouyang et al., 2024). Omni Doc Bench is a high-174

quality OCR benchmark with extensive manually175

annotated complex text documents. Therefore, we176

directly adopt this benchmark as our seed data.177

3.2 Image Generation Stage178

In the Image generation stage, modification instruc-179

tions mainly encompass three types: text replace-180

ment, text addition, and text deletion. To acceler-181

ate data generation, we employed Nano Banana182

Pro and Gemini3-Pro for assistance. Specifically,183

we first used Gemini3-Pro to generate modifica-184

tion instructions for 1,355 document page images185

from Omni Doc Bench, with three randomly gener-186

ated instructions per image covering the aforemen-187

tioned types. This process yielded a total of 4,065188

modification instructions.189

Next, the original images along with their cor-190

responding modification instructions were input191

to Nano Banana Pro to produce the edited images.192

Due to some modification instructions triggering193

safety checks, the final output consisted of 3,989194

successfully edited images.195

3.3 Manual Review Stage196

After image generation, we conducted a rigorous197

manual review stage. The review workflow differs198

for table modifications and text modifications.199

Human Annotation Rules Alignment: Our an-200

notators include 15 master’s and PhD students in201

computer science. Before annotation, we trained202

them to understand the annotation rules and es-203

Figure 2: An example data sample from VDE Bench.

tablish unified standards. The annotation process 204

includes the following metrics: 205

• Instruction Compliance: Whether the modi- 206

fied image accurately follows the modification 207

instructions. 208

• Modification Authenticity: Whether the visual 209

document appears realistic after modification, 210

e.g., no artifacts in the text. 211

• Subjective Satisfaction: Annotators provide 212

subjective scores, allowing them to handle is- 213

sues such as unclear images or incorrect aspect 214

ratios. 215

Each metric is scored from 1 to 3, with 1 being 216

the worst and 3 being the best. 217

Text Modification Annotation: Since text mod- 218

ification often involves full-image edit and dense 219

background text, the annotation workflow is some- 220

what more complex: 221

(1) To obtain the groud truth for text-modified im- 222

ages, annotators first segment the foreground 223

and background. Annotators are divided into 224

three groups and share a common data pool. 225

They initially score the text modification re- 226

gions, filtering out high-quality images with a 227

total score of 9. 228

(2) For the high-quality filtered data, annotators 229

draw bounding boxes around the modified text 230

regions. If a piece of data is annotated by all 231

three groups and the average pairwise IOU of 232

the boxes exceeds 0.95, it is considered ap- 233

proved; otherwise, the data is re-initialized and 234

returned to the pool. This process continues 235

until all data are approved. 236

(3) Once the bounding boxes are completed, the 237

largest box in each annotation is selected as the 238

groud truth. The modified image region within 239

the box is extracted and pasted back onto the 240

original image, producing a new image that 241
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Table 1: The advantages of Visual Doc Bench compared with other image editing benchmarks.

Benchmark Human Verified Mask OCR Based Text Edited
I2EBench ✓ ✓ ✗ ✗
EditBench (Wang et al., 2023) ✓ ✓ ✗ ✗
EditVal (Basu et al., 2023) ✓ ✗ ✗ ✗
EmuEdit (Sheynin et al., 2024) ✓ ✗ ✗ ✗
AnyEdit (Yu et al., 2025) ✗ ✓ ✗ ✗
CompBench ✓ ✓ ✗ ✗
MagicBrush (Zhang et al., 2023a) ✓ ✗ ✗ ✗
ImgEdit-Bench ✓ ✗ ✗ ✗
MuCIE (Zhou et al., 2025) ✗ ✗ ✗ ✗
AnyText ✗ ✗ ✗ ✓

VDE Bench (Ours) ✓ ✓ ✓ ✓

preserves the original background while incor-242

porating the modifications.243

(4) Annotators perform a final screening of the244

generated images. This step is entirely subjec-245

tive. An image is considered approved only if246

all groups agree; otherwise, it is rejected.247

(5) After completing the image-level annotations,248

we further apply PaddleOCR-VL (Cui et al.,249

2025a) to perform OCR recognition on both250

the entire generated image and the modified251

regions. During this step, manual verification252

of the OCR results in the modified regions253

is also required. If the OCR results for the254

modified regions are correct, the data sample255

is approved.256

Upon completion of the aforementioned annotation257

process, we obtained a dataset consisting of 674258

instruction-modified images, along with cropped259

regions corresponding to the modified areas. In260

addition, the dataset includes structured JSON an-261

notation files generated using PaddleOCR-VL, con-262

taining both global annotation information for the263

entire image and localized annotation information264

for the modified regions.265

3.4 Statistical Analysis266

For the final set of 674 generated samples, we con-267

ducted a detailed statistical analysis, as shown in268

Figure 3. With respect to document type, the269

samples are categorized into nine distinct classes,270

which are approximately evenly distributed across271

the dataset. In terms of language, the samples en-272

compass three categories: Chinese, English, and273

mixed Chinese-English. The distribution of these274

language categories is also largely balanced, indi-275

cating that the dataset provides good representative-276

ness in both language and document type, and thus277

Figure 3: Overview of the data distribution.

offers a reliable basis for subsequent evaluation 278

and analysis. 279

4 Evaluation Method and Metrics 280

To systematically evaluate the performance of dif- 281

ferent models in modifying complex text doc- 282

uments, we introduce the following evaluation 283

method and metrics. These metrics consider both 284

spatial localization accuracy and textual content 285

correctness, providing a comprehensive reflection 286

of model performance in real-world document edit- 287

ing scenarios. 288

4.1 Spatial Matching Algorithm 289

4.1.1 Matching Strategy 290

We adopt a greedy distance-based matching algo- 291

rithm to establish one-to-one correspondences be- 292

tween GT (Ground Truth) blocks and predicted 293

blocks. Let the center of groud truth block i be 294

(cgtx , cgty ) and the center of predicted block j be 295

(cpredx , cpredy ). The Euclidean distance is defined 296

as: 297

d(i, j) =

√
(cgtx − cpredx )2 + (cgty − cpredy )2. (1) 298
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The rationale for using a distance-based greedy299

matching strategy is that complex text documents300

often contain multiple text or table blocks with301

irregular spatial distribution. By computing the302

Euclidean distance between block centers, we can303

efficiently establish the most reasonable correspon-304

dences, ensuring that each groud truth block is305

paired with the nearest predicted block. This pro-306

vides a reliable basis for subsequent spatial and307

textual metric calculations.308

4.1.2 Matching Result Categories309

Matched Pairs are groud truth and predicted block310

pairs that were successfully matched; Unmatched311

groud truth Blocks are groud truth blocks with no312

corresponding prediction; and Unmatched Pred313

Blocks are predicted blocks with no corresponding314

groud truth block. In this work, text-related metrics315

are computed exclusively on successfully matched316

text blocks, while IoU is evaluated over all three317

categories: matched pairs, unmatched groud truth318

blocks, and unmatched predicted blocks.319

4.2 Spatial Localization Metrics320

4.2.1 Intersection over Union321

IoU measures the spatial overlap between two322

bounding boxes Ba = (xa1, y
a
1 , x

a
2, y

a
2) and Bb =323

(xb1, y
b
1, x

b
2, y

b
2):324

IoU(Ba, Bb) =
Area(Ba ∩Bb)

Area(Ba ∪Bb)
. (2)325

When computing the overall IoU, all three326

matching scenarios need to be considered. The327

formula is therefore expressed as follows:328

IoUall =
1

N

N∑
i=1

IoU(BGT
i , B

pred
i ), (3)329

where N denotes the number of groud truth bound-330

ing boxes, and BGT
i and B

pred
i represent the i-th331

groud truth bounding box and the i-th bounding332

box detected in the image generated by the model,333

respectively.334

IoU is chosen as the spatial localization metric335

because it directly quantifies the overlap between336

predicted and groud truth blocks in terms of po-337

sition and size. Reporting both matched-pair and338

all-block mean IoU allows evaluation of precision339

on successfully matched blocks as well as overall340

spatial prediction performance, including missed341

and false detections.342

4.3 Text Content Metrics 343

After completing the matching of bounding boxes, 344

in addition to computing spatial performance met- 345

rics, it is more important to evaluate the correctness 346

of the text modification content.These metrics are 347

computed only for matched block pairs to ensure 348

that content evaluation is based on correctly local- 349

ized blocks. 350

4.3.1 Character Distance Metric 351

The Character Distance Metric (CDM) is defined 352

based on the Levenshtein distance dlev (Leven- 353

shtein, 1965), which measures the minimum num- 354

ber of character-level edit operations (insertions, 355

deletions, and substitutions) required to transform 356

one string into another: 357

CDM(c, r) = 1− dlev(c, r)

max(|c|, |r|)
. (4) 358

By normalizing the edit distance with respect 359

to the maximum length of the compared strings, 360

CDM yields a similarity score bounded between 361

0 and 1, where higher values indicate greater 362

character-level consistency between the generated 363

text c and the reference text r. This formulation en- 364

ables fair comparison across text blocks of varying 365

lengths. 366

CDM provides a fine-grained evaluation of tex- 367

tual differences at the character level, making it 368

highly sensitive to minor modification errors, ty- 369

pographical mistakes, or symbol mismatches that 370

may not be adequately captured by word based 371

metrics. 372

4.3.2 BLEU-4 373

BLEU-4 (Papineni et al., 2002) is computed us- 374

ing modified n-gram precision for n = 1 to 4, 375

combined with additive smoothing and a brevity 376

penalty (BP) to account for length discrepancies 377

between the generated and reference texts: 378

BLEU-4 = BP · exp
(1
4

4∑
n=1

logPn

)
. (5) 379

BLEU-4 evaluates the degree of consistency be- 380

tween the generated text and the reference text at 381

the n-gram level, thereby capturing local word or- 382

der and phrase-level correctness. By combining 383

BLEU-4 and CDM, the model’s text editing capa- 384

bility can be evaluated both at the overall level and 385

at the character-level. 386
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Table 2: Performance of image editing models on full-image settings with average scores. AVG represents the
mean of the four metrics for each language. Bold indicates the best value in each column.

Model IoU CDM TEDS BLEU AVG
EN ZH EN ZH EN ZH EN ZH EN ZH

16B+ Models

Step1x 0.721 0.808 0.817 0.829 0.757 0.696 0.546 0.230 0.710 0.641
Qwen 0.593 0.630 0.828 0.868 0.767 0.743 0.568 0.246 0.689 0.622

6B-16B Models

ICEdit 0.021 0.032 0.184 0.153 0.106 0.087 0.100 0.070 0.103 0.086

3B-6B Models

Longcat 0.688 0.823 0.737 0.801 0.648 0.600 0.472 0.217 0.636 0.610
Pix2pix 0.584 0.506 0.273 0.123 0.161 0.088 0.147 0.085 0.291 0.201

Closed-source Models

Gemini 0.692 0.593 0.852 0.797 0.773 0.621 0.316 0.218 0.658 0.558

4.3.3 TEDS-like Similarity387

Token-level Levenshtein distance is calculated be-388

tween token sequences tc and tr:389

TEDS-like(c, r) = 1−
dtoken

lev (tc, tr)

max(|tc|, |tr|)
. (6)390

The TEDS-like metric (Zhong et al., 2020) com-391

bines token-level text similarity and edit distance392

to better reflect structural and sequential fidelity.393

In complex documents, it captures cross-word or394

cross-line editing errors, focusing more on tex-395

tual logic and semantic completeness than purely396

character-level metrics.397

5 Benchmarks398

Based on the aforementioned evaluation metrics,399

we decompose the overall evaluation framework400

into two complementary components to ensure the401

systematicity and reliability of the evaluation pro-402

cess.403

(1) Pipeline Tools. We adopt PaddleOCR (Cui404

et al., 2025b) as the core evaluation tool to perform405

OCR-based text extraction on images generated406

by image editing models. The extracted textual407

content is then quantitatively compared with the408

corresponding ground-truth annotations at both the409

global image level and the local edited-region level.410

This pipeline enables an objective assessment of411

textual correctness and consistency, forming the412

foundation of the automated evaluation process.413

(2) Image Editing Models. We evaluate a series414

of mainstream image editing models, including415

both open-source and closed-source approaches,416

on the Visual Document Editing Benchmark. By 417

conducting comparative analyses under a unified 418

evaluation pipeline and consistent metric set, we 419

are able to systematically reveal the strengths and 420

limitations of different models in handling multilin- 421

gual and densely textual visual document editing 422

tasks. 423

Overall, the proposed evaluation framework can 424

be summarized by the procedural steps illustrated 425

in Figure 4. 426

Figure 4: Overview of the evaluation pipeline. The
model-generated images are cropped according to the
edited region boxes provided in the groud truth data
to obtain the local regions. OCR recognition is then
performed on both the global and local regions using
PaddleOCR-VL, and the discrepancies between the
OCR results and the groud truth are subsequently calcu-
lated.

We primarily evaluate both open-source and 427

closed-source image editing models that support 428

Chinese and English image editing, including 429

Step1X (Liu et al., 2025), Qwen-Image-Edit (Wu 430

et al., 2025), ICEdit (Zhang et al., 2025), Longcat- 431

Image-Edit (Team et al., 2025), Instruct Pix2Pix 432
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Table 3: Performance of image editing models on w/ Crop setting with average scores. AVG is the mean of the four
metrics for each language. Bold indicates the best value in each column.

Model IoU CDM TEDS BLEU AVG
EN ZH EN ZH EN ZH EN ZH EN ZH

16B+ Models

Step1x 0.671 0.725 0.528 0.480 0.348 0.178 0.163 0.039 0.428 0.356
Qwen 0.693 0.725 0.731 0.683 0.647 0.411 0.352 0.036 0.606 0.464

6B-16B Models

ICEdit 0.135 0.162 0.329 0.292 0.232 0.036 0.139 0.016 0.209 0.127

3B-6B Models

Longcat 0.667 0.734 0.681 0.707 0.586 0.424 0.321 0.038 0.564 0.476
Pix2pix 0.534 0.563 0.272 0.096 0.136 0.013 0.117 0.013 0.265 0.171

Closed-source Models

Gemini 0.644 0.608 0.705 0.476 0.600 0.175 0.322 0.040 0.568 0.325

(Brooks et al., 2023), and Gemini 2.5-Flash-Image.433

Notably, Nano Banana corresponds to Gemini 2.5-434

Flash-Image; in the remainder of this paper, we re-435

fer to these models using their abbreviated names.436

5.1 Overall Performance437

We conducted an evaluation of the capabilities of438

several representative image editing models, in-439

cluding Qwen-Image-Edit, LongCat-Image-Edit,440

Step1x, Instruct Pix2Pix, and ICEdit. The evalua-441

tion was carried out from both Chinese and English442

perspectives to assess the models’ ability to per-443

form image editing under instructions in different444

languages. In addition, we evaluated these models445

from global and local perspectives, focusing on446

their ability to preserve the overall image content447

and to accurately modify the targeted regions as448

specified by the editing instructions.449

As shown in Table 2, for English text, Step1X,450

Qwen-Image-Edit, and LongCat-Image-Edit all451

demonstrate strong capabilities in preserving452

global textual content. Although Qwen-Image-453

Edit achieves high scores in text editing perfor-454

mance, it performs poorly in maintaining the over-455

all page layout, resulting in a relatively low IoU456

score. In contrast, models such as Instruct Pix2Pix457

and ICEdit perform significantly worse than more458

recent open-source models, which indirectly indi-459

cates that the ability of image editing models to460

handle dense text is steadily improving.461

On the other hand, all models exhibit noticeable462

shortcomings in Chinese text editing. Compared463

with their performance on English text, the evalua-464

tion metrics for Chinese show a consistent decline465

across all models. 466

Evaluating image editing models solely based 467

on metrics over the entire image is insufficient, 468

because some models have poor instruction- 469

following ability but exhibit strong background 470

preservation. This can lead to artificially inflated 471

performance scores. Therefore, it is necessary to 472

evaluate metrics specifically on the edited regions 473

only. 474

As shown in Table 3, the table reports the eval- 475

uation results of different models on the locally 476

modified regions. It can be observed that Qwen- 477

Image-Edit achieves the best overall performance, 478

while Step1X—despite performing best on global 479

metrics—shows a significant performance drop un- 480

der local-region evaluation. This indicates that 481

Step1X has relatively weak instruction-following 482

capability and cannot adequately meet the require- 483

ments for editing dense text documents. 484

5.2 Performance By Instruction Type 485

Different types of modification instructions inher- 486

ently pose varying levels of difficulty for image 487

editing models. For instance, text deletion instruc- 488

tions typically require only the removal of specific 489

text segments, whereas text replacement instruc- 490

tions involve modifying limited portions of text. 491

Both of these instruction types generally induce 492

minor changes to the overall textual structure, thus 493

representing moderate challenges for the models. 494

In contrast, text addition instructions are consider- 495

ably more complex, as they often impact the overall 496

text layout. For example, inserting several words 497

into the middle of a sentence can expand it from a 498
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single line to multiple lines, potentially affecting499

the alignment and formatting of surrounding con-500

tent. Existing image editing models demonstrate501

pronounced difficulties in handling such modifi-502

cations, frequently producing low-quality results.503

Table 4 summarizes the evaluation outcomes of var-504

ious models for these three instruction types. To505

isolate the effect of layout variations, the metrics506

reported here are restricted to the modified regions507

only. It is evident that performance metrics for text508

addition are significantly lower than those for text509

deletion and text replacement, indicating that text510

addition represents a more challenging scenario511

and remains a critical bottleneck in current visual512

document image editing systems.513

Table 4: Evaluation results of image editing models
across different instruction types, measured using IOU,
BLEU-4, CDM, and TEDS-like metrics. The evaluated
models are categorized into open-source and closed-
source groups for systematic comparison.

Model Type IOU BLEU CDM TEDS
16B+ Models

Qwen
replace 0.815 0.188 0.794 0.586
delete 0.798 0.207 0.574 0.532
add 0.631 0.148 0.457 0.256

Step1X
replace 0.679 0.093 0.572 0.269
delete 0.522 0.119 0.345 0.299
add 0.499 0.095 0.326 0.176

6B-16B Models

ICEdit
replace 0.678 0.093 0.572 0.269
delete 0.522 0.119 0.345 0.299
add 0.499 0.095 0.236 0.176

3B-6B Models

LongCat
replace 0.755 0.172 0.798 0.584
delete 0.666 0.169 0.421 0.326
add 0.553 0.144 0.495 0.284

Pix2pix
replace 0.622 0.064 0.194 0.067
delete 0.347 0.025 0.086 0.065
add 0.442 0.075 0.171 0.082

Closed-source Models

Gemini
replace 0.562 0.180 0.639 0.404
delete 0.547 0.148 0.504 0.422
add 0.405 0.160 0.448 0.250

5.3 Human Eval514

To ensure the validity and reliability of VDE515

Bench, we incorporate a dedicated human eval-516

uation stage. In this stage, human annotators care-517

fully assess the quality and accuracy of the edited518

visual documents. The results of this manual eval-519

uation are then systematically compared with the520

outcomes obtained from automated evaluation met-521

rics. By quantifying the discrepancies between522

human judgments and algorithmic measurements,523

we are able to verify the fidelity of the benchmark,524

assess the consistency of automated metrics, and525

demonstrate that VDE Bench provides a trustwor- 526

thy and rigorous framework for evaluating image 527

editing models on multilingual and densely textual 528

documents. 529

Figure 5: Correlation between human rankings and
automated rankings.The horizontal axis represents the
human ranking results, and the vertical axis represents
the automated ranking results.

Specifically, we randomly sampled 20 instances 530

from VDE Bench and collected the corresponding 531

outputs generated by each image editing model. 532

Human annotators then ranked the models accord- 533

ing to two criteria: detection box alignment and 534

text correctness, assigning scores from 6 for the 535

highest-ranked model down to 1 for the lowest. 536

Bounding box alignment corresponds to the IoU 537

metric, while text correctness is quantified as the 538

mean of BLEU-4, CDM, and TEDS-like metrics. 539

The averaged rankings across all annotators were 540

then compared with the rankings derived from au- 541

tomated evaluation metrics. As shown in Figure 542

5, the human annotation results exhibit a strong 543

correlation with the automated rankings, validating 544

the reliability and effectiveness of the automated 545

evaluation protocol. 546

6 Conclusion 547

This paper introduces VDE Bench, a benchmark 548

designed to systematically evaluate the direct edit- 549

ing capabilities of image editing models on com- 550

plex text-based documents. It assesses model per- 551

formance in text recognition, text modification, for- 552

mat preservation, and layout consistency, provid- 553

ing an accurate reflection of real-world document 554

editing performance. Based on VDE Bench, we 555

evaluate multiple open-source and closed-source 556

image editing models, offering insights into their 557

strengths, limitations, and directions for future op- 558

timization. 559
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Limitations560

While VDE Bench provides a comprehensive eval-561

uation framework for multilingual and densely tex-562

tual visual documents, there are several limitations563

that should be noted. First, although our dataset564

covers English and Chinese, other languages and565

scripts, such as Arabic or Hindi, are not included,566

which limits the generalizability of the benchmark567

to truly multilingual scenarios. Second, our current568

evaluation primarily focuses on static document569

images and does not address dynamic or interac-570

tive document content, such as editable PDFs or571

slides with animations. Third, while human ver-572

ification ensures high-quality ground truth, it is573

labor-intensive and may introduce subtle biases de-574

spite rigorous annotation protocols. Finally, the575

benchmark emphasizes text modification and table576

edits, but other document elements, such as figures,577

charts, or complex layouts, are less represented,578

which may limit the evaluation of models’ holistic579

document editing capabilities. Future work could580

extend the benchmark to more languages, dynamic581

content, and richer document elements to address582

these limitations.583
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A Prompts777

To balance diversity, consistency, and controllabil-778

ity in the design of modification instructions, we779

construct and adopt a systematic set of predefined780

instruction templates. This framework is centered781

on three representative and fundamental document782

editing operations—text deletion, text replacement,783

and text addition—thereby enabling comprehen-784

sive coverage of practical document modification785

scenarios. By constraining instruction generation786

through a template-based formulation, semantic787

ambiguity is effectively reduced, while structural788

consistency across samples and the reproducibility789

of experimental results are enhanced.790

During the dataset construction stage, each doc-791

ument image is systematically assigned the com-792

plete set of modification instructions. This design793

ensures a balanced distribution of different edit-794

ing operations within the dataset and allows the795

generated modification tasks to exhibit structured796

diversity in terms of edited content, target loca-797

tions, and operation sequences. The prompts used798

in the instruction generation process are provided799

below.800

Text Addition Instruction

Generate a text addition instruction
for the input image. You are not
allowed to modify any text inside
tables or within images; only titles
and body text may be modified.
1. Your response must contain only
the editing instruction itself, with
no additional content.
2. Your response must be plain text,
without any Markdown formatting.
3. The instruction you provide must
clearly specify which text in the
image is to be added.
4. The language of your instruction
must match the primary language used
in the image. For example, if the
main language in the image is Chinese,
respond in Chinese; if it is English,
respond in English.
5. Modify only one location.

801

Text Deletion Instruction

Generate a text deletion instruction
for the input image. You are not
allowed to modify any text inside
tables or within images; only titles
and body text may be modified.
1. Your response must contain only
the editing instruction itself, with
no additional content.
2. Your response must be plain text,
without any Markdown formatting.
3. The instruction you provide must
clearly specify which text in the
image is to be deleted.
4. The language of your instruction
must match the primary language used
in the image. For example, if the
main language in the image is Chinese,
respond in Chinese; if it is English,
respond in English.
5. Modify only one location.

802

Text Replacement Instruction

Generate a text modify instruction for
the input image. You are not allowed
to modify any text inside tables or
within images; only titles and body
text may be modified.
1. Your response must contain only
the editing instruction itself, with
no additional content.
2. Your response must be plain text,
without any Markdown formatting.
3. The instruction you provide must
clearly specify which text in the
image is to be deleted.
4. The language of your instruction
must match the primary language used
in the image. For example, if the
main language in the image is Chinese,
respond in Chinese; if it is English,
respond in English.
5. Modify only one location.

803

B Model Edit Example 804

This section provides a series of qualitative exam- 805

ples of image editing results generated by various 806

models, illustrating their respective capabilities and 807

differences in handling complex editing tasks. By 808

examining these examples, we aim to offer a deeper 809

11



understanding of each model’s strengths and limi-810

tations in practical image manipulation scenarios.811

Example 1

Instruction:
将标题“国资背景基金情况”替换为“国
资背景基金分析”

GT

Gemini ICEdit

Qwen Longcat

Pix2pix Step1x

812

Example 2

Instruction:
Change "808" to "900"

GT

Gemini ICEdit

Qwen Longcat

Pix2pix Step1x

81312



C GT Example814

This section presents several representative exam-815

ples of the ground-truth data, providing insight into816

the characteristics and complexity of the dataset.817

These examples serve as a reference for evaluating818

model performance and understanding the types of819

tasks and scenarios encompassed within the data.820

Example 1

Instruction:
Replace \"This is a chart of a car’s fuel con-
sumption during a certain day.\" with \"This
chart illustrates a car’s fuel consumption
over a specific day.\"

Input Output

821

Example 2

Instruction:
将标题“篇目跟踪练习”修改为“《劝
学》篇目跟踪练习”。

Input Output

822

Example 3

Instruction:
Replace \"living survival\" with \"daily liv-
ing survival\"

Input Output

823

Example 4

Instruction:
将标题“江海横流显本色人间正道是沧
桑”替换为“新的时代新的征程伟大复兴
谱新篇”。

Input Output

824

Example 5

Instruction:
Replace \"There are essentially two broad
markets for raisins—domestic and export.\"
with \"There are essentially two broad mar-
kets for dried grapes—domestic and ex-
port.\"

Input Output

825
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Example 6

Instruction:
Add the text ’The following matrices are
examples of these forms.’ after the title
’Upper and Lower Triangular Matrices’.

Input Output

826

Example 7

Instruction:
Replace \"Beyond traditional corporate gov-
ernance: What’s the role of the board in fos-
tering sustainability and innovation?\" with
\"Beyond modern corporate governance:
What’s the role of the board in fostering
sustainability and innovation?\"

Input Output

827

Example 8

Instruction:
Add \"The issue of academic dishonesty,
particularly in scientific publications, has
become a significant concern in the coun-
try’s rapidly expanding research sector.\"
after the heading \"Fake research is ram-
pant in China. The government is trying to
stop it\".

Input Output

828

Example 9

Instruction:
Delete the text: \"S. Korea court issues new
arrest warrant for Yuon\" and the associated
body text below it, starting with \"DELHI
– An Indian court issued a fresh arrest\"
and ending with \"supported by the opposi-
tion.\"

Input Output

829

14



Example 10

Instruction:
Delete \"The 70th William Lowell Putnam
Mathematical Competition\".

Input Output

830
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