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Abstract001

Chinese ancient documents, invaluable carri-002
ers of millennia of Chinese history and cul-003
ture, hold rich knowledge across diverse fields004
but face challenges in digitization and under-005
standing—traditional methods only scan im-006
ages, while current Vision-Language Models007
(VLMs) struggle with their visual/linguistic008
complexity. Existing document benchmarks009
focus on English printed texts or simplified010
Chinese, leaving a gap for evaluating VLMs011
on ancient Chinese documents. To address this,012
we present AncientDoc, the first benchmark013
for Chinese ancient documents, designed to014
assess VLMs from OCR to knowledge reason-015
ing. AncientDoc includes five tasks (page-level016
OCR, vernacular translation, reasoning-based017
QA, knowledge-based QA, linguistic variant018
QA) and covers 14 document types, over 100019
books, and about 3,000 pages. Based on An-020
cientDoc, we evaluate mainstream VLMs using021
multiple metrics, supplemented by a human-022
aligned large language model for scoring.023

1 Introduction024

Chinese ancient documents, which carry thousands025

of years of Chinese history and culture, are treasure026

troves of knowledge spanning history, philosophy,027

medicine, astronomy, etc. They are invaluable cul-028

tural heritage for both China and the world. With029

the wave of digitization of Chinese ancient docu-030

ments in libraries and museums, many captured031

Chinese ancient document images are produced.032

However, traditional digitization methods only stay033

at the level of image scanning, while many down-034

stream applications (knowledge mining, historical035

exploration) urgently need the ability to deeply036

understand the content of ancient documents. At037

the same time, parsing and understanding Chinese038

ancient document images pose huge challenges, in-039

cluding visual complexity, linguistic complexity,040

and poor adaptability of current vision-language041

models (VLMs).042

Existing general document understanding 043

datasets and benchmarks (e.g., DocVQA (Mathew 044

et al., 2021)) are mainly based on printed docu- 045

ments and are predominantly in English. Even 046

Chinese-related datasets (e.g., CN-DocVQA) only 047

involve simplified Chinese characters, which is 048

totally different from Chinese ancient documents. 049

In addition, with the development of large 050

vision-language models (VLMs), an increasing 051

number of VLMs have acquired the capabilities 052

of document OCR and understanding. However, 053

for VLMs, there is currently no benchmark 054

that can systematically evaluate their OCR and 055

understanding capabilities on Chinese ancient 056

documents. 057

To address these issues, we construct the first 058

Chinese ancient document benchmark called An- 059

cientDoc, which is used to comprehensively eval- 060

uate the capabilities of VLMs ranging from OCR 061

to knowledge reasoning. AncientDoc includes 062

five tasks: page-level OCR, vernacular transla- 063

tion, reasoning-based QA (question answering), 064

knowledge-based QA, and linguistic variant QA. 065

AncientDoc has diverse sources, covering 14 types 066

of ancient documents (such as collected works and 067

Chuci-style poetry), approximately 100 books, and 068

a total of 3000 document pages. In addition, we 069

have adopted several evaluation metrics to evalu- 070

ate most mainstream VLMs on the five tasks. To 071

supplement these metrics, we additionally utilize 072

a large language model to score the predictions of 073

VLMs. 074

In summary, the contributions of our work are as 075

follows: 076

• We propose the first benchmark (Ancient- 077

Doc) for Chinese ancient documents, aiming 078

to comprehensively evaluate existing vision- 079

language models from OCR to knowledge rea- 080

soning. 081

• AncientDoc contains five tasks for evaluating 082
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Task DocVQA TKH MTH OCRBench OCRBench v2 AncientDoc

Page-level OCR ✗ ✓ ✓ ✓ ✓ ✓

Vernacular Translation ✗ ✗ ✗ ✗ ✗ ✓

Reasoning-based QA ✓ ✗ ✗ ✓ ✓ ✓

Knowledge-based QA ✗ ✗ ✗ ✗ ✗ ✓

Linguistic Variant QA ✗ ✗ ✗ ✗ ✗ ✓

Table 1: Comparison of task type between different benchmarks.

VLMs: page-level OCR, vernacular transla-083

tion, reasoning-based QA, knowledge-based084

QA, and linguistic variant QA. It covers 14085

types of ancient documents, with 3,000 page086

images extracted from over 100 ancient books.087

• We have conducted a comprehensive evalua-088

tion of existing mainstream vision-language089

models with various metrics. In addition, we090

also adopt a large language model that is the091

most consistent with human scoring to evalu-092

ate them.093

2 Related Work094

In recent years, document understanding095

tasks (Borchmann et al., 2021; Ma et al., 2024;096

Tanaka et al., 2024) have continuously expanded097

from traditional Optical Character Recognition098

(OCR) (Kang et al., 2022; Yin et al., 2017; Ingle099

et al., 2019) to higher-level semantic understanding100

tasks (Ding et al., 2023; Zhang et al., 2024), such101

as question answering (Mishra et al., 2019; Ding102

et al., 2024; Kang et al., 2024), translation (Zhang103

et al., 2018; Wang et al., 2023), and structured104

information extraction (Jaume et al., 2019; Huang105

et al., 2022). With the increasing complexity of106

tasks, multimodal document datasets have become107

increasingly abundant, providing an important108

basis for evaluating the capabilities of different109

models. However, most existing datasets still110

suffer from limitations in task dimensions, making111

it difficult to fully cover the multi-level cognitive112

and language transfer tasks involved in complex113

Chinese ancient documents.114

Among existing datasets, DocVQA (Mathew115

et al., 2021) is an early representative multimodal116

dataset focusing on visual document question an-117

swering tasks, emphasizing linguistic reasoning118

on structured and unstructured text in document119

images. The question format of DocVQA usu-120

ally relies on OCR results rather than the linguistic121

content, and its core task is text logical reasoning,122

which is suitable for evaluating the text understand- 123

ing and document reading abilities of models. How- 124

ever, this dataset does not include page-level OCR 125

task, so it cannot examine the recognition robust- 126

ness of models when faced with complex visual 127

inputs. Therefore, it is still insufficient in evaluat- 128

ing the comprehensive capabilities of models. 129

Additionally, TKH (Yang et al., 2018) and 130

MTH (Yang et al., 2018) focus more on character- 131

level recognition of Chinese historical documents, 132

mainly used to evaluate the OCR capabilities of 133

models on ancient books with low quality and nu- 134

merous variant characters. Both are derived from 135

real historical materials and have strong charac- 136

teristics of ancient book images, such as vertical 137

typesetting and cursive script, making them suit- 138

able for basic OCR evaluation datasets. However, 139

neither of them involves tasks at the level of lan- 140

guage understanding or language generation, so 141

they cannot be used to evaluate the model’s ability 142

to understand the semantics, grammatical structure, 143

or background knowledge of ancient Chinese. They 144

also lack vernacular output or question-answer in- 145

teraction forms, which limits their value in lan- 146

guage transfer ability analysis. 147

To alleviate the above problem of single tasks, 148

OCRBench (Liu et al., 2024b) and its enhanced 149

version OCRBench v2 (Fu et al., 2024) have in- 150

troduced more diverse settings, covering multiple 151

subtasks, including character recognition, text lo- 152

calization, and some document-level question an- 153

swering and logical reasoning problems. Among 154

them, OCRBench v2 has improved in the task com- 155

plexity compared to the first version, making it suit- 156

able for evaluating the comprehensive performance 157

of multimodal models in real scenarios. However, 158

these two datasets mainly focus on modern Chi- 159

nese or English documents. At the same time, they 160

do not cover tasks such as translation, knowledge 161

question answering, or language style transfer, so 162

they are difficult to use for evaluating the general- 163

ization performance of models in cross-lingual and 164
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Linguistic Variant QA
Rhetorical Device

Identification

Page-level OCR

Please extract 
the text from 
the image and 

output it in 
reading order.

OCR
请从图像中提取
文本，并按阅读
顺序输出。

Vernacular Translation
Translation

Please translate 
the text in the 

image into 
modern Chinese.

请将图像中的
文本翻译为现
代汉语。

Reasoning-based QA
Ideological Inference Causal Explanation

Why does the 
protagonist regret 

living in 
seclusion instead 
of becoming an 

official?

主角为什么
会后悔隐居
而不做官？

为什么作者认为陈
寿在《三国志》中
的记载存在偏见?

Why does the author
believe that Chen

Shou's records in the
Records of the Three
Kingdoms are biased?

Knowledge-based QA
Conceptual Explanation Historical Entity & Context Cultural Reference  Historical Fact

文中"黄泉煞"指
的是什么?

What does "黄泉
煞" refer to in the 

text?

对韩信进行介绍。

Introduce Han 
Xin.

经文中“童牛之
牿”“豮豕之

牙”有什么典故
内涵？

What is the cultural 
or classical 

significance of the 
phrases "童牛之牿" 
and "豮豕之牙" in 

the text?

明朝初期有哪
些著名的战役?

What were the 
major battles in 
the early Ming 

Dynasty?

Stylistic Categorization Stylistic Feature Analysis Historical Style Recognition

“实如拳有大如
甌者”运用了什
么修辞手法？ 

What rhetorical 
device is employed 
in the expression 

“实如拳，有大如
甌者” in the text?

这段文本的语言
风格有哪些特

点？

What are the 
characteristics of 
the language style 
in this passage?

这段文本体现了
哪个时代的文学

风格？

Which historical 
literary style is 
reflected in this 

text?

这篇《成都草堂
诗碑序》属于什
么文体风格？

What is the literary 
style of the 

“Chengdu Thatched 
Cottage Poetry Stele 

Preface”?

🧠

🎨

📚

🖌️

Figure 1: Some examples of each task in AncientDoc.

cross-style understanding abilities.165

To this end, we have constructed a multi-task166

evaluation benchmark dataset AncientDoc for Chi-167

nese ancient documents. This dataset not only in-168

cludes traditional OCR recognition tasks but also169

systematically integrates multiple high-level lan-170

guage understanding tasks. The comparison of task171

diversity is shown in Tab. 1.172

3 Benchmark Construction173

3.1 Task Definition174

In this paper, we define five tasks for evaluating175

VLMs on Chinese ancient documents: page-level176

OCR, vernacular translation, reasoning-based QA177

(question answering), knowledge-based QA, and178

linguistic variant QA. Some examples of these179

tasks are shown in Fig. 1.180

Page-level OCR: This task aims to directly ex-181

tract complete and correctly ordered text content182

from an entire page of ancient documents, with-183

out relying on the character detection (Tian et al.,184

2016; Zhou et al., 2017), segmentation (He et al.,185

2016; Xu and Xiang, 2025), and recognition (Ak-186

oushideh et al., 2025; Cui et al., 2025) processes187

in traditional OCR systems. This task presents the 188

following challenges: 1) Vertical texts: Most Chi- 189

nese ancient documents are vertically typeset from 190

right to left, so the model needs to understand the 191

correct reading order and the rules for line breaks 192

within columns. 2) Various annotations: Chinese 193

ancient documents sometimes contain interlinear 194

notes, comments, small characters, postscripts, etc., 195

requiring the model to have visual and semantic 196

filtering capabilities. 3) Traditional Chinese char- 197

acters: There are a large number of traditional 198

Chinese characters or obsolete glyphs in Chinese 199

ancient documents. Nevertheless, training samples 200

of these characters are scarce. 201

Vernacular Translation: It aims to translate 202

the Chinese texts in ancient documents into mod- 203

ern common vernacular expressions, enabling non- 204

professional readers to understand the meaning 205

of original texts and providing a clearer linguistic 206

foundation for downstream tasks (such as question 207

answering and summarization.). Unlike transla- 208

tion between languages, this task is intralingual 209

translation. The difficulties of this task are: 1) Pol- 210

ysemy: Some ancient Chinese words often have 211
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multiple meanings, and the model needs to under-212

stand the context or even the semantics of the entire213

paragraph to select the correct interpretation. 2) Se-214

mantic punctuation: There is a lack of punctuation215

in the text of Chinese ancient documents. There-216

fore, the model needs to insert punctuation based217

on semantic understanding.218

Reasoning-based QA: Based on an image of219

a page from ancient documents, reasoning-based220

QA aims at extracting implicit information to an-221

swer questions that are not directly stated. Differ-222

ent from extractive question answering, reasoning-223

based QA requires the model to have the ability to224

understand and derive deep-level information such225

as facts, causality, and semantic relationships. The226

reasoning-based QA task is one of the advanced227

types of OCR-free document understanding. It in-228

tegrates the understanding of graphic information,229

the interpretation of ancient Chinese language, and230

the connection and deduction of knowledge and231

logic, serving as an important scenario to test the232

deep language understanding and multi-step rea-233

soning abilities of large models.234

Knowledge-based QA: This task requires the235

model to answer questions related to objective236

knowledge in ancient documents, including time,237

place names, objects, medical terms, etc. Although238

this task belongs to factual QA, it still differs from239

encyclopedia QA. This task requires the model240

to understand the knowledge expression methods241

in ancient languages and have a certain reserve242

of historical and cultural background knowledge.243

Knowledge-based QA not only tests the model’s244

ability to handle the explicit expression of knowl-245

edge but also deeply challenges its ability to sum-246

marize and infer knowledge under vague descrip-247

tions, putting forward new requirements for OCR-248

free document understanding and the knowledge249

transfer ability of VLMs in historical corpora.250

Linguistic Variant QA: It aims to evaluate the251

model’s ability to understand and reason about vari-252

ant phenomena in ancient Chinese, such as lan-253

guage styles, rhetorical methods, and stylistic fea-254

tures. This task requires the model to generate255

or answer relevant questions around the aforemen-256

tioned linguistic features. The linguistic variant257

question answering task is a key task connecting258

the understanding of linguistic artistry and genera-259

tive language expression, representing a high-level260

language ability that moves from text recognition to261

the mastery of stylistic features. This task not only262

assesses whether the model "understands ancient263

Chinese" but also evaluates whether it understands 264

how ancient Chinese is written, what its style is, 265

and how rhetoric affects semantics. 266

3.2 Data Curation 267

3.2.1 Data Resources 268

The original images of the proposed AncientDoc 269

are mainly derived from the digitized resources of 270

Chinese ancient documents held by the Harvard 271

Library1. The digitized collection of ancient books 272

in this library covers multiple dynasties and fields, 273

featuring high scanning quality and rich typesetting 274

styles, which provides a solid foundation for con- 275

structing a multi-task dataset of Chinese ancient 276

documents. In combination with the requirements 277

of semantic-related tasks, all collected ancient doc- 278

uments have undergone manual verification and 279

classification. Finally, we divide the ancient docu- 280

ments into 14 semantic categories, including “col- 281

lected works”,“Chuci-style Poetry”,“Literary Crit- 282

icism of Poetry and Prose”, “Eclectics”, etc. All 283

categories and corresponding explanations will be 284

detailed in the supplementary materials. 285

3.2.2 Data Collection 286

In the process of data collection, we select repre- 287

sentative Chinese printed ancient documents dating 288

from the Qing Dynasty and earlier (The distribu- 289

tion of page counts across different dynasties is 290

shown in Fig. 2(c)). To ensure the usability and 291

challenge of the collected documents in terms of 292

visual quality, linguistic content, and task adapt- 293

ability, we establish the following priority criteria 294

for collection: 295

1) Vertical typesetting with traditional Chinese 296

characters: The selected pages conform to the ty- 297

pographic style of traditional ancient documents 298

and feature structurally challenging information. 299

Thus, they are suitable for evaluating the ability of 300

OCR-free models to understand reading directions 301

and inter-column structures. 302

2) Clear fonts with partial degradation or dam- 303

age: They should cover real-world scenarios such 304

as ink blurring, simulating common degradation 305

in the digitization of ancient documents. These 306

selected samples can evaluate the robustness of 307

models against low-quality inputs. 308

3) Content with potential for linguistic, struc- 309

tural, knowledge-based, and reasoning tasks: Po- 310

ems, annotations, encyclopedias, historical biogra- 311

1https://hollis.harvard.edu/
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(a): Categories of Ancient Books

(b):  AncientDoc Script Distribution

(c):  AncientDoc Dynasty Distribution

Figure 2: (a) The page count distribution of different categories of ancient books. (b) The proportion of cursive
script and regular script in AncientDoc. (c) The distribution of page counts across different dynasties in AncientDoc.

phies, and medical theories are widely chosen312

since they have high semantic density and are suit-313

able for setting multi-level understanding tasks314

(e.g., vernacular translation, reasoning-based QA,315

knowledge-based QA);316

4) High readability of images for convenient an-317

notation: We select versions with clear scans and318

complete page numbers to ensure effective OCR319

annotations, translation alignment, etc.320

Ultimately, we collect approximately 100 an-321

cient books for AncientDoc, covering various322

themes and styles and containing a total of about323

3,000 pages of image data.324

3.2.3 Data Annotation325

To construct a high-quality multi-task dataset for326

Chinese ancient documents, we adopt an annota-327

tion pipeline that combines large language model328

(LLM)-assisted pre-annotation with manual verifi-329

cation. Specifically, we use the Qwen2.5-VL-72B330

model (Bai et al., 2025b) to generate task-aligned331

initial annotations for each document page, includ-332

ing page-level OCR, vernacular translation, and333

multiple types of question–answer pairs. For each334

page, we construct one QA pair for page-level OCR335

and vernacular translation, and two QA pairs for336

each of the remaining three tasks.337

All model-generated annotations are subse-338

quently reviewed and refined by human annotators. 339

Manual revisions focus on correcting OCR reading 340

order and layout structure, improving translation 341

accuracy and fluency, and ensuring semantic consis- 342

tency across different tasks, rather than large-scale 343

content rewriting. A small fraction of ambiguous or 344

insufficiently grounded samples are conservatively 345

filtered out during this process. 346

Instead of relying on numerical inter-annotator 347

agreement metrics, which are less suitable for open- 348

ended generation and high-level semantic tasks, 349

annotation consistency is ensured through unified 350

task definitions, detailed annotation guidelines, and 351

iterative cross-checking. For edge cases such as 352

degraded pages or historically ambiguous texts, we 353

follow an evaluability-first principle and exclude 354

samples that cannot support clear and objective 355

evaluation. 356

All annotations are produced by annotators with 357

experience in reading classical Chinese. The goal 358

of AncientDoc is not philological adjudication, but 359

to provide a well-defined multi-task benchmark for 360

systematically evaluating vision–language models 361

on Chinese ancient document understanding. 362

3.3 Statistical Analysis 363

We have collected a total of 2,973 pages of Chi- 364

nese ancient documents and conducted a system- 365
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Model CER Char Precision Char Recall Char F1 GPT-4o

Open-source
MLLMs

2B-4B MLLMs

InternVL2.5-2B (2024) 120.72 1.76 1.69 1.72 2.03
InternVL3-2B (2025) 95.59 2.46 1.79 2.07 2.52
Qwen2.5-VL-3B (2025b) 50.36 9.44 9.02 9.23 5.56
Qwen2.5-Omni-3B (2025) 63.42 5.4 4.78 5.07 4.56
InternVL2.5-4B (2024) 79.75 5.27 4.05 4.58 3.65
Qwen3-VL-4B (2025a) 66.05 8.62 10.22 9.35 5.71

7B-8B MLLMs

Qwen2.5-VL-7B (2025b) 35.47 12.95 12.75 12.85 6.37
Qwen2.5-Omni-7B (2025) 70.46 3.44 3.35 3.39 4.30
LLaVA-1.5-7B (2024a) 129.71 0.04 0.03 0 0.05
InternVL2.5-8B (2024) 96.88 2.87 2.59 2.72 3.00
InternVL3-8B (2025) 51.8 7.3 6.67 6.97 5.06
Qwen3-VL-8B (2025a) 35.4 19.78 20.63 20.2 7.93

Table 2: Evaluation on page-level OCR.

atic analysis from multiple dimensions. Firstly, in366

terms of chronological distribution, the dataset cov-367

ers major dynasties from the Warring States, Qin,368

and Han dynasties to the Ming and Qing dynas-369

ties, showing a broad historical span (as shown in370

Fig. 2(c)). Among them, documents from the Ming371

Dynasty (1,148 pages) and the Qing Dynasty (778372

pages) are the most abundant, together accounting373

for approximately 65% of the total pages. This re-374

flects the relatively complete preservation and wide375

circulation of documents from these periods. Next376

are documents from the Song Dynasty (540 pages)377

and the Tang Dynasty (208 pages), while materials378

from the Han, Yuan, and Northern and Southern379

Dynasties are relatively scarce, largely due to his-380

torical loss and limited large-scale digitization.381

In terms of genre distribution, the dataset covers382

14 categories of mainstream traditional Chinese lit-383

erature, including biographies, Confucianism, phi-384

losophy of war, collected works, medical authors,385

astronomy and mathematics, masters of unofficial386

history, general anthologies, eclectics, Chuci-style387

poetry, Leishu, art, literary criticism of poetry and388

prose, and genealogies and catalogues. Statistical389

results (see Fig. 2(a)) indicate that the three largest390

categories by page count are astronomy and mathe-391

matics (238 pages), Confucianism (232 pages), and392

art (234 pages), demonstrating a diverse coverage393

of disciplinary domains that supports multi-task394

evaluation such as OCR, translation, and question395

answering.396

In terms of font style, the majority of pages in397

AncientDoc are written in regular script, with ap-398

proximately 97% in regular script and 3% in cur-399

sive or semi-cursive forms (see Fig. 2(b)). This im- 400

balance is not an arbitrary design choice, but rather 401

reflects the historical transmission and preservation 402

of Chinese ancient documents. Most large-scale 403

digitized resources available today originate from 404

recompiled or reprinted editions from the Ming and 405

Qing dynasties, during which regular script gradu- 406

ally became the dominant and standardized writing 407

form for both woodblock printing and manuscript 408

copying. Earlier script forms or highly cursive vari- 409

ants are comparatively scarce, often fragmented 410

across different collections, and difficult to dig- 411

itize at scale under consistent quality standards. 412

As a result, the observed script-style distribution 413

largely mirrors the current state of accessible histor- 414

ical archives, rather than a bias introduced during 415

dataset construction. 416

Overall, AncientDoc exhibits broad coverage 417

across historical periods and literary genres, and 418

reflects realistic visual and linguistic characteristics 419

of extant Chinese ancient documents. This makes 420

it a practical and representative benchmark for eval- 421

uating vision–language models on a wide range of 422

ancient document understanding tasks. 423

3.4 Evaluation Metric 424

To assess the accuracy of page-level OCR, we use 425

the following four metrics: CER (Character Er- 426

ror Rate), Char Precision, Char Recall and Char 427

F1. The detailed description of them are shown 428

in the supplementary material. Differently, when 429

evaluating the remaining four tasks (i.e., vernacu- 430

lar translation, reasoning-based QA, knowledge- 431

based QA and linguistic variant QA), we use 432

CHRF++ (Popović, 2017) and BERTScore (BS- 433
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Model GPT-4o BS-F1

Open-source
MLLMs

2B-4B MLLMs

InternVL2.5-2B 0.03 53.92
InternVL3-2B 0.10 51.83
Qwen2.5-VL-3B 0.66 55.2
Qwen2.5-Omni-3B 0.56 56.8
InternVL2.5-4B 0.53 58.46
Qwen3-VL-4B 3.01 70.75

7B-8B MLLMs

Qwen2.5-VL-7B 2.30 65.59
Qwen2.5-Omni-7B 0.46 53.99
LLaVA-1.5-7B 0.01 50
InternVL2.5-8B 0.58 59.24
InternVL3-8B 0.29 53.16
Qwen3-VL-8B 3.52 71.66

Table 3: Evaluation on vernacular translation.

F1) as the key metrics (Zhang et al., 2019).434

Considering that hard automatic metrics may not435

always align with human judgment, we additionally436

adopt a large language model as an evaluator to437

score model outputs on a 0–10 scale. Based on438

comparison with human ratings, GPT-4o exhibits439

the highest consistency with human judgment and440

is therefore adopted as the evaluator. Details are441

provided in the supplementary materials.442

4 Results443

4.1 Model Selection444

For evaluation, we select models including GPT-445

4o (Hurst et al., 2024), Qwen series (Bai et al.,446

2025b, 2023; Xu et al., 2025), InternVL se-447

ries (Chen et al., 2024; Zhu et al., 2025), as well448

as Doubao (Team, 2025), Gemini (Comanici et al.,449

2025), LLaVA (Liu et al., 2024a), DeepSeek (Wu450

et al., 2024), etc. Considering the limited pages,451

we only show part of results in the main text. More452

evaluation results are shown in the supplementary453

material.454

4.2 Main Results455

Results in Page-level OCR. Table 2 reports the per-456

formance of representative open-source MLLMs457

in the 2B–8B parameter range on page-level OCR.458

Overall, 7B–8B models consistently outperform459

2B–4B models across character-level metrics. In460

particular, Qwen3-VL-8B achieves the best over-461

all performance, obtaining the highest Char Preci-462

sion (19.78), Char Recall (20.63), and Char F1463

score (20.2), together with the highest GPT-4o464

score among the evaluated models. Compared with465

Model GPT-4o BS-F1

Open-source
MLLMs

2B-4B MLLMs

InternVL2.5-2B 3.55 65.29
InternVL3-2B 4.39 66.45
Qwen2.5-VL-3B 4.67 65.83
Qwen2.5-Omni-3B 4.90 66.96
InternVL2.5-4B 4.75 66.12
Qwen3-VL-4B 7.84 73.76

7B-8B MLLMs

Qwen2.5-VL-7B 6.44 69.96
Qwen2.5-Omni-7B 6.05 68.70
LLaVA-1.5-7B 1.64 61.69
InternVL2.5-8B 5.93 68.40
InternVL3-8B 4.98 65.62
Qwen3-VL-8B 7.96 74.06

Table 4: Evaluation on reasoning-based QA.

smaller variants, Qwen3-VL-8B exhibits substan- 466

tially improved glyph discrimination and more sta- 467

ble transcription across long character sequences. 468

These results suggest that page-level OCR on an- 469

cient documents benefits from sufficient visual rep- 470

resentation capacity and balanced multimodal mod- 471

eling, rather than from aggressive language model- 472

ing alone. Detailed analyses on larger-scale open- 473

source models and closed-source models are pro- 474

vided in the supplementary material. 475

Results in Vernacular Translation. Table 3 re- 476

veals a pronounced performance gap among open- 477

source MLLMs below 8B parameters. Notably, the 478

Qwen3-VL series exhibits a clear advantage over 479

other models at comparable scales, with Qwen3- 480

VL-4B and Qwen3-VL-8B achieving substantially 481

higher BS-F1 scores than all other 2B–8B counter- 482

parts. 483

This sharp improvement is likely related to the 484

stronger language-centric pretraining and enhanced 485

vision–language alignment in Qwen3-VL, which 486

are particularly beneficial for intralingual transla- 487

tion that requires accurate semantic grounding be- 488

tween ancient and modern Chinese. 489

Results in Reasoning-based QA. Table 4 shows 490

a consistent performance advantage of the Qwen3- 491

VL series on reasoning-based QA across differ- 492

ent model scales. In both the 2B–4B and 7B– 493

8B ranges, Qwen3-VL models achieve the high- 494

est BS-F1 scores among all evaluated open-source 495

MLLMs, indicating a stable superiority beyond 496

parameter scale effects. This advantage is likely re- 497

lated to the stronger language-centric modeling and 498

more robust long-context integration emphasized 499
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Model GPT-4o BS-F1

Open-source
MLLMs

2B-4B MLLMs

InternVL2.5-2B 2.48 64.24
InternVL3-2B 3.52 66.21
Qwen2.5-VL-3B 3.77 62.86
Qwen2.5-Omni-3B 4.11 66.10
InternVL2.5-4B 3.92 64.81
Qwen3-VL-4B 7.68 73.63

7B-8B MLLMs

Qwen2.5-VL-7B 5.23 66.75
Qwen2.5-Omni-7B 4.94 66.85
LLaVA-1.5-7B 0.78 60.37
InternVL2.5-8B 4.88 67.68
InternVL3-8B 4.31 63.60
Qwen3-VL-8B 7.83 73.98

Table 5: Evaluation on knowledge-based QA.

in Qwen3-VL, which are particularly beneficial for500

reasoning-based QA that requires multi-sentence501

understanding and stable semantic grounding over502

ancient document content.503

Results in Knowledge-based QA. Table 5 illus-504

trates the relationship between model scale and505

performance on knowledge-based QA. Overall,506

larger models in the 7B–8B range tend to achieve507

higher BS-F1 scores than 2B–4B models, indicat-508

ing that increased model capacity generally benefits509

knowledge-intensive tasks.510

However, performance does not scale mono-511

tonically with parameter size. Substantial perfor-512

mance gaps are observed among models of similar513

scales, suggesting that pretraining data composi-514

tion and knowledge organization play a critical role515

beyond model size alone. Notably, Qwen3-VL-4B516

achieves performance comparable to 7B–8B mod-517

els, highlighting that effective knowledge modeling518

can partially compensate for smaller scale.519

Results in Linguistic Variant QA. Table 6 shows520

that performance on linguistic variant QA does not521

exhibit a clear correlation with model scale. Mod-522

els in the 2B–4B range can achieve comparable or523

even better BS-F1 scores than their 7B–8B coun-524

terparts, indicating that larger parameter capacity525

does not necessarily translate into improved perfor-526

mance on this task.527

Notably, the InternVL2.5 series consistently out-528

performs other models across different scales, sug-529

gesting that linguistic variant QA relies more on530

exposure to stylistically rich and form-diverse train-531

ing data than on model size alone.532

Model GPT-4o BS-F1

Open-source
MLLMs

2B-4B MLLMs

InternVL2.5-2B 2.25 62.24
InternVL3-2B 2.83 58.95
Qwen2.5-VL-3B 3.75 52.30
Qwen2.5-Omni-3B 3.40 56.87
InternVL2.5-4B 3.26 58.22
Qwen3-VL-4B 3.36 56.02

7B-8B MLLMs

Qwen2.5-VL-7B 4.75 57.48
Qwen2.5-Omni-7B 4.12 58.62
LLaVA-1.5-7B 0.87 56.56
InternVL2.5-8B 3.63 61.52
InternVL3-8B 3.53 55.96
Qwen3-VL-8B 3.57 56.62

Table 6: Evaluation on linguistic variant QA.

4.3 Comparison between BERTScore and 533

GPT-4o Scoring 534

Through the results in Tab. 2- 6, BERTScore ratings 535

largely align with those of GPT-4o scores, showing 536

a positive correlation. This result demonstrates the 537

rationality of selecting GPT-4o as a scoring tool 538

for large models, which also validates our conclu- 539

sion in Sec. 3.4. However, due to the existence of 540

numerous possible outcomes in vernacular transla- 541

tion results, GPT-4o’s scoring tends to be conser- 542

vative. The top-performing model only achieves a 543

score of 4.72 (out of 10) in GPT-4o’s evaluation. 544

Even more notably, when evaluating GPT-4o’s own 545

performance in vernacular translation, the score 546

is merely 0.92, indicating that it does not exhibit 547

biased scoring towards its own predictions. 548

5 Conclusion 549

In conclusion, this work addresses the critical gap 550

in Chinese ancient document understanding. We 551

construct the first systematic benchmark called An- 552

cientDoc, featuring a multi-task design (page-level 553

OCR, vernacular translation, reasoning-based QA, 554

knowledge-based QA, and linguistic variant QA) 555

with diverse sources (14 types of ancient docu- 556

ments from over 100 books, about 3000 page im- 557

ages) and tailored metrics. Comprehensive metrics, 558

along with using human-consistent LLMs GPT-4o 559

as a metric, are adopted. This benchmark paves the 560

way for exploring ancient Chinese cultural heritage 561

via VLMs, stimulates ancient Chinese research. 562
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Limitations563

This work has several limitations that should be564

acknowledged. First, although AncientDoc spans565

diverse document types and historical periods, its566

data distribution is constrained by the availability567

of digitized resources, leading to an overrepresen-568

tation of Ming–Qing documents and regular script,569

with limited coverage of earlier periods and highly570

cursive writings. Second, while multiple tasks be-571

yond OCR are included, the benchmark remains572

primarily text-centric at the page level and does not573

explicitly evaluate cross-page reasoning, complex574

layout understanding, or document-level structural575

coherence. Third, the evaluation of higher-level576

understanding tasks relies on automatic metrics577

and an LLM-based evaluator, which may introduce578

biases and cannot fully replace expert human judg-579

ment for open-ended outputs.580

References581

Alireza Akoushideh, Atefeh Ranjkesh Rashtehroudi,582
and Asadollah Shahbahrami. 2025. Persian/arabic583
scene text recognition with convolutional recurrent584
neural network. IET Smart Cities, 7(1):e70001.585

Jinze Bai, Shuai Bai, Shusheng Yang, Shijie Wang,586
Sinan Tan, Peng Wang, Junyang Lin, Chang Zhou,587
and Jingren Zhou. 2023. Qwen-vl: A versatile588
vision-language model for understanding, localiza-589
tion, text reading, and beyond. arXiv preprint590
arXiv:2308.12966.591

Shuai Bai, Yuxuan Cai, Ruizhe Chen, Keqin Chen,592
Xionghui Chen, Zesen Cheng, Lianghao Deng, Wei593
Ding, Chang Gao, Chunjiang Ge, Wenbin Ge, Zhi-594
fang Guo, Qidong Huang, Jie Huang, Fei Huang,595
Binyuan Hui, Shutong Jiang, Zhaohai Li, Mingsheng596
Li, and 45 others. 2025a. Qwen3-vl technical report.597
Preprint, arXiv:2511.21631.598

Shuai Bai, Keqin Chen, Xuejing Liu, Jialin Wang, Wen-599
bin Ge, Sibo Song, Kai Dang, Peng Wang, Shijie600
Wang, Jun Tang, and 1 others. 2025b. Qwen2. 5-vl601
technical report. arXiv preprint arXiv:2502.13923.602

Łukasz Borchmann, Michał Pietruszka, Tomasz Stanis-603
lawek, Dawid Jurkiewicz, Michał Turski, Karolina604
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A Explanations of 14 Document777

Categories in AncientDoc778

The 14 categories of Chinese ancient documents in-779

cluded in AncientDoc cover a wide range of genres,780

reflecting the diversity of knowledge and literary781

forms in traditional Chinese culture. Their specific782

explanations are as follows:783

• Biography: These texts focus on recording the784

life stories, achievements, and moral virtues of785

historical figures, typically presenting chrono-786

logical narratives that serve as moral examples787

for readers.788

• Confucianism: Works centered on Confucian789

philosophy and ethics, including interpreta-790

tions of the "Five Classics" (e.g., Book of791

Changes, Book of Songs) and writings by792

Confucian scholars that elaborate on concepts793

like benevolence, righteousness, and propri-794

ety.795

• The Philosophy of War: Military strategy796

texts, such as Sun Tzu’s Art of War, which797

explore tactics, command principles, and the798

philosophy of warfare, emphasizing strategic799

thinking and battlefield wisdom.800

• Collected Works: Comprehensive anthologies801

compiling poems, essays, or other writings by802

multiple authors (or a single author across gen-803

res), often organized thematically (e.g., nature,804

politics) or chronologically.805

• Medical Authors: Ancient medical texts that806

discuss diagnostic methods, herbal remedies,807

acupuncture techniques, and classical medical808

theories (e.g., yin-yang and five elements),809

forming the foundation of traditional Chinese810

medicine.811

• Astronomy and Mathematics: Scientific trea-812

tises on calendrical systems, astronomical813

observations (e.g., eclipses, planetary move-814

ments), and mathematical operations, reflect-815

ing ancient China’s advancements in natural816

sciences.817

• Masters of Unofficial History: Semi-historical818

or fictional works that offer alternative per-819

spectives on historical events, anecdotes, or820

folklore, often filling gaps in official historical821

records with vivid narratives.822

• General Anthologies: Anthologies dedicated 823

to the literary works of a single author, distinct 824

from "Collected Works" (which include multi- 825

ple authors). These texts highlight the unique 826

style and creative characteristics of individual 827

writers. 828

• Eclectics: Works that integrate ideas from 829

multiple philosophical schools, such as Con- 830

fucianism, Taoism, and Legalism, aiming to 831

synthesize diverse thoughts into a coherent 832

worldview. 833

• Chuci-style Poetry: Poetry modeled after the 834

Chuci (Songs of Chu), a classic collection of 835

ancient Chinese poetry. This genre is known 836

for its rich imagery, mythological allusions, 837

and emotional intensity, often expressing pa- 838

triotic or melancholic sentiments. 839

• Leishu: Traditional encyclopedic works or- 840

ganized by topic (e.g., astronomy, geography, 841

literature), serving as reference tools for schol- 842

ars and educators to access comprehensive 843

knowledge efficiently. 844

• Art: Texts focusing on traditional Chinese 845

arts, including painting, calligraphy, music, 846

and handicrafts, discussing techniques, aes- 847

thetic principles, and the cultural significance 848

of artistic creation. 849

• Literary Criticism of Poetry and Prose: Ana- 850

lytical writings that evaluate classical litera- 851

ture, focusing on literary form, rhetorical de- 852

vices, and artistic merit. These works shape 853

critical standards for poetry, essays, and other 854

genres. 855

• Genealogies and Catalogues: Documents 856

recording family lineages (genealogies), bibli- 857

ographic records of texts, or catalogs of arti- 858

facts (e.g., antiques, books), playing a key role 859

in preserving historical and cultural heritage. 860

Together, these 14 categories encompass histori- 861

cal records, philosophical treatises, literary works, 862

scientific texts, and practical references, provid- 863

ing a comprehensive sample of Chinese ancient 864

documents for evaluating VLMs’ cross-domain un- 865

derstanding capabilities. 866

B Evaluation Metrics 867

To rigorously assess the performance of Vision- 868

Language Models (VLMs) on the tasks in Ancient- 869
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Doc, we employ a set of metrics tailored to different870

task characteristics, as detailed below:871

B.1 Metrics for Page-level OCR872

Four character-level metrics are used to evaluate the873

accuracy of text extraction from ancient document874

pages:875

Character Error Rate (CER): Measures the876

normalized number of character-level errors (sub-877

stitutions, insertions, deletions) between the pre-878

dicted sequence and the reference text:879

CER =
S + I +D

|T |
(1)880

where S, I , and D represent the counts of substi-881

tuted, inserted, and deleted characters, respectively,882

and |T | is the length of the reference sequence883

(Ground Truth).884

Character Precision: Reflects the proportion of885

correctly predicted characters relative to the total886

number of characters in the model’s output:887

CharPrecision =
M

|P |
(2)888

where M is the number of correctly predicted char-889

acters, and |P | is the total number of characters in890

the predicted sequence.891

Character Recall: Measures the proportion of892

correctly predicted characters relative to the total893

number of characters in the reference text:894

CharRecall =
M

|T |
(3)895

where |T | denotes the length of the reference se-896

quence.897

Character F1: A harmonic mean of Charac-898

ter Precision and Character Recall, balancing both899

metrics to provide a comprehensive evaluation of900

OCR accuracy:901

CharF1 = 2· CharPrecision · CharRecall
CharPrecision + CharRecall

(4)902

B.2 Metrics for Higher-Level Understanding903

Tasks904

For vernacular translation, reasoning-based QA,905

knowledge-based QA, and linguistic variant QA,906

the following metrics are adopted:907

CHRF++: Computes the F-score based on char-908

acter and word n-grams, with β = 2 to emphasize909

recall:910

CHRF++ = Fβ(Ngramchar,Ngramword) (5)911

BERTScore (BS-F1): A semantic-level met- 912

ric that calculates precision and recall using co- 913

sine similarities between BERT embeddings of 914

predicted and reference texts, then derives the F1 915

score: 916

BS−F1(P, T ) =
2 · Precision · Recall
Precision + Recall

(6) 917

GPT-4o Score: A human-aligned metric where 918

GPT-4o scores model predictions against refer- 919

ences on a scale of 0–10. The final score is the 920

average of all individual scores: 921

GPT4o_Score =
1

N

N∑
i=1

si (7) 922

where si is the score for the i-th sample, and N is 923

the total number of samples. 924

C Metrics for Evaluating Differences 925

Between Human and LLM Scoring 926

To quantify the consistency and discrepancy be- 927

tween human scoring and large model scoring, we 928

employ six statistical metrics, defined as follows: 929

Pearson correlation coefficient: Measures the 930

linear correlation between two sets of scores (x for 931

human scores, y for model scores): 932

Pearson(x, y) =

∑n
i=1(xi − x̄)(yi − ȳ)√∑n

i=1(xi − x̄)2 ·
√∑n

i=1(yi − ȳ)2

(8) 933

where x̄ and ȳ denote the means of x and y, respec- 934

tively. 935

Spearman rank correlation coefficient: Evalu- 936

ates the monotonic relationship by comparing score 937

ranks: 938

Spearman(x, y) = 1− 6
∑n

i=1 d
2
i

n(n2 − 1)
(9) 939

with di = rank(xi) − rank(yi) representing the 940

rank difference of the i-th sample, and n being the 941

total number of samples. 942

Kendall tau coefficient: Assesses ordinal associ- 943

ation by counting concordant and discordant pairs: 944

Kendall(x, y) =
C −D

1
2n(n− 1)

(10) 945

where C is the number of concordant pairs (consis- 946

tent order) and D is the number of discordant pairs 947

(inconsistent order). 948
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Mean Squared Error (MSE): Quantifies the aver-949

age squared difference between scores:950

MSE(x, y) =
1

n

n∑
i=1

(xi − yi)
2 (11)951

Mean Absolute Error (MAE): Measures the av-952

erage absolute difference between scores:953

MAE(x, y) =
1

n

n∑
i=1

|xi − yi| (12)954

Bias: Represents the systematic deviation be-955

tween the mean of human scores and model scores:956

Bias(x, y) =
1

n

n∑
i=1

xi −
1

n

n∑
i=1

yi = x̄− ȳ (13)957

These metrics collectively capture lin-958

ear/correlation trends, ordinal relationships, error959

magnitudes, and systematic deviations, providing a960

comprehensive assessment of scoring consistency.961

D Analysis Between Human Scoring and962

LLM Scoring Across Five Subtasks963

To ensure that the large language model used as964

an automatic evaluator reflects human judgment965

as faithfully as possible, we conduct a human-966

alignment analysis between model-based scores967

and human ratings across the five subtasks of An-968

cientDoc. The goal of this analysis is to identify969

the evaluator whose scoring behavior is most con-970

sistent with human preferences.971

Specifically, we compare the scoring results pro-972

duced by several mainstream large models, includ-973

ing Qwen2.5-VL-72B, Gemini, Doubao, Qwen-974

Plus, and GPT-4o, against human ratings. For each975

subtask, we randomly sample 50 QA pairs, result-976

ing in a total of 250 QA pairs. Each QA pair is977

independently scored by human annotators and by978

the candidate models on a scale from 0 to 10.979

To quantify the alignment between model-based980

scores and human judgments, we compute six com-981

monly used metrics, including Pearson, Spearman,982

and Kendall correlation coefficients, as well as983

mean squared error (MSE), mean absolute error984

(MAE), and Bias. These metrics jointly measure985

both rank-level consistency and absolute score de-986

viation between the two sources of evaluation.987

The results 7 demonstrate that GPT-4o consis-988

tently achieves the strongest alignment with human989

ratings across all five subtasks, exhibiting higher990

correlation and lower error compared to other can- 991

didate evaluators (as illustrated in Fig. 3–7). Based 992

on these findings, GPT-4o is selected as the auto- 993

matic evaluator in our main experiments. 994

E Supplementary Analysis of 995

Experimental Results 996

Results in Page-level OCR. The results in Tab. 2 997

and Tab. 8 demonstrate clear performance dif- 998

ferences among MLLMs on page-level OCR 999

for AncientDoc. Among all evaluated models, 1000

Qwen3-VL-8B achieves the best character-level 1001

performance, obtaining the highest Char Precision 1002

(19.78), Char Recall (20.63), and Char F1 score 1003

(20.2). This indicates strong glyph discrimina- 1004

tion ability as well as stable and consistent tran- 1005

scription across long character sequences. No- 1006

tably, Qwen3-VL-8B outperforms not only smaller 1007

open-source models but also several larger open- 1008

and closed-source MLLMs, highlighting the effec- 1009

tiveness of its vision-language modeling for OCR- 1010

centric tasks. 1011

We attribute the superior performance of Qwen3- 1012

VL-8B to its balanced architectural scale and OCR- 1013

friendly inductive bias. Compared to smaller mod- 1014

els, the 8B variant provides sufficient capacity to 1015

capture subtle stroke-level variations and complex 1016

spatial layouts in ancient documents. Meanwhile, 1017

unlike larger models with stronger reasoning or 1018

semantic correction tendencies, Qwen3-VL-8B ap- 1019

pears to prioritize faithful visual transcription over 1020

semantic inference, which is crucial for ancient 1021

scripts that lack modern linguistic regularities and 1022

exhibit high visual similarity across characters. 1023

Gemini-2.5-Pro achieves the lowest CER (32.03) 1024

and the second-best Char F1 (18.12), indicating 1025

strong overall stability at the page level and fewer 1026

edit operations. This suggests that Gemini mod- 1027

els are particularly effective in maintaining global 1028

transcription consistency. In contrast, Doubao- 1029

V2 attains high recall but suffers from a substan- 1030

tially higher CER, implying frequent character 1031

substitutions or ordering errors despite detecting 1032

character-like regions, which reflects difficulty in 1033

fine-grained glyph differentiation. 1034

The Qwen2.5 series also performs reliably 1035

across model scales. Interestingly, Qwen2.5-VL- 1036

7B consistently outperforms Qwen2.5-VL-72B on 1037

all OCR-related metrics and achieves the highest 1038

GPT-4o score, further suggesting that page-level 1039

OCR primarily depends on accurate visual percep- 1040
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Pearson Spearman Kendall MSE MAE Bias

Qwen2.5-VL-72B (Bai et al., 2025b) 0.833 0.824 0.718 3.415 1.364 1.044
Gemini (Comanici et al., 2025) 0.829 0.822 0.67 4.463 1.644 -1.436
Doubao (Team, 2025) 0.695 0.774 0.637 10.739 2.696 -2.616
Qwen-Plus (Qwen et al., 2024) 0.767 0.743 0.618 3.631 1.54 0.724
GPT-4o (Hurst et al., 2024) 0.846 0.837 0.689 2.939 1.32 -0.896

Table 7: Comparison of differences between large model scoring and human scoring.

Figure 3: Comparison of consistency between Doubao scoring and human scoring.

tion and stable sequence generation rather than ad-1041

vanced reasoning capabilities. Excessive semantic1042

priors in larger models may instead interfere with1043

strict character-level transcription.1044

Overall, these results indicate that medium-scale1045

vision-language models with strong visual induc-1046

tive biases, such as Qwen3-VL-8B and Qwen2.5-1047

VL-7B, together with Gemini-2.5-Pro, provide the1048

most practical and reliable solutions for page-level1049

OCR of ancient documents.1050

Results in Vernacular Translation. As shown1051

in Tab. 3 and Tab. 10, Gemini-2.5-Pro achieves1052

the best overall performance, obtaining the highest1053

BS-F1 score (72.5) and the highest GPT-4o score1054

(4.72), demonstrating its strong capability in ver-1055

nacular translation of ancient texts. Its superior per-1056

formance across both automatic and LLM-based1057

evaluation metrics indicates robust semantic un-1058

derstanding and fluent modern Chinese generation,1059

making it a strong baseline for vernacular transla-1060

tion tasks.1061

Among open-source models, the Qwen series1062

consistently outperforms other alternatives. No-1063

tably, Qwen3-VL-8B achieves a BS-F1 score of1064

71.66, surpassing all other open-source models and1065

approaching the performance of Gemini-2.5-Pro,1066

despite its relatively moderate model size. This sug- 1067

gests that Qwen3-VL-8B possesses strong semantic 1068

alignment between ancient and modern Chinese, 1069

benefiting from effective language modeling and 1070

balanced multimodal representation learning. Com- 1071

pared to smaller variants, the 8B model provides 1072

sufficient capacity for capturing long-range seman- 1073

tic dependencies and implicit historical context, 1074

which are essential for faithful vernacular transla- 1075

tion. 1076

Within the Qwen family, Qwen-VL-Max (71.03) 1077

and Qwen2.5-VL-72B (69.87) also achieve strong 1078

results, while Qwen2.5-VL-7B (65.59) signifi- 1079

cantly outperforms most other open-source mod- 1080

els, demonstrating that the Qwen series exhibits 1081

stable and scalable capabilities in ancient text un- 1082

derstanding and modern Chinese expression. In 1083

contrast, the InternVL and LLaVA series generally 1084

perform worse on this task, suggesting that their 1085

multimodal modeling is more oriented toward gen- 1086

eral vision-language tasks and lacks specialized 1087

semantic modeling for ancient Chinese corpora. 1088

It is also noteworthy that the closed-source 1089

model GPT-4o achieves a relatively low BS-F1 1090

score (58.86), lagging behind several open-source 1091

models with fewer parameters, such as Qwen2.5- 1092
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Figure 4: Comparison of consistency between Gemini scoring and human scoring.

Figure 5: Comparison of consistency between GPT-4o scoring and human scoring.

VL-7B and Qwen3-VL-4B. This further indicates1093

that vernacular translation of ancient texts relies1094

heavily on language-specific semantic alignment1095

rather than general multimodal reasoning capabili-1096

ties. Finally, due to the inherent diversity of valid1097

vernacular translations, GPT-4o-based scores re-1098

main relatively low across all models: even the1099

best-performing model only achieves an average1100

score of 4.72 out of 10.1101

Results in Reasoning-based QA. As shown in1102

Tab. 4 and Tab. 9, Qwen3-VL-8B achieves the best1103

overall performance in BS-F1 (74.06), followed1104

by Qwen3-VL-4B (73.76). This indicates that the1105

Qwen3-VL series provides the strongest semantic1106

matching to reference answers in reasoning-based1107

QA over ancient texts. Notably, Qwen3-VL-8B out-1108

performs both large-scale open-source models (e.g.,1109

Qwen2.5-VL-72B with 71.40) and several closed-1110

source baselines, suggesting that model quality1111

here is not purely scale-driven. 1112

We attribute Qwen3-VL’s advantage to two fac- 1113

tors that are particularly critical for reasoning- 1114

based QA: (1) stronger context integration, i.e., 1115

better modeling of long-range dependencies and 1116

implicit relations in ancient passages; and (2) more 1117

stable answer grounding, where the model is less 1118

likely to drift into fluent but semantically mis- 1119

aligned responses. This is consistent with the ob- 1120

servation that Qwen3-VL maintains high BS-F1 1121

even at 4B scale, implying improved representation 1122

learning rather than simply increased parameters. 1123

Within the Qwen2.5 family, Qwen2.5-VL-72B 1124

still achieves strong performance (BS-F1 71.40), 1125

and Qwen2.5-VL-7B remains competitive (69.96), 1126

indicating good reasoning efficiency at moderate 1127

scale. In contrast, the InternVL and LLaVA series 1128

generally obtain lower BS-F1 scores on this task, 1129

suggesting difficulties in establishing reliable con- 1130
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Figure 6: Comparison of consistency between Qwen-Plus scoring and human scoring.

Figure 7: Comparison of consistency between Qwen-VL-72B scoring and human scoring.

textual understanding and causal/implicit reasoning1131

for ancient Chinese QA.1132

Finally, the GPT-4o-based scores are relatively1133

higher than those in translation (with the best score1134

reaching 7.76 from Gemini-2.5-Pro), which is rea-1135

sonable because QA outputs are typically more1136

constrained than free-form vernacular translation,1137

reducing evaluation variance across different valid1138

generations.1139

Results in Knowledge-based QA. From the ex-1140

perimental results in Tab. 5 and Tab. 11, Qwen3-1141

VL-8B achieves the highest BS-F1 score (73.98),1142

followed by Qwen3-VL-4B (73.63), indicating that1143

the Qwen3-VL series exhibits the strongest overall1144

performance in knowledge-based QA over ancient1145

texts. These results suggest that Qwen3-VL bene-1146

fits from effective knowledge grounding and strong1147

semantic alignment, even at relatively moderate1148

model scales. 1149

Among closed-source models, GPT-4o achieves 1150

a competitive BS-F1 score (70.01), reflecting its 1151

strong general language modeling capability and 1152

broad coverage of ancient Chinese knowledge. In 1153

terms of GPT-4o-based evaluation, Doubao-V2 and 1154

Gemini-2.5-Pro achieve the highest scores (7.36), 1155

indicating their advantage in producing fluent and 1156

knowledge-consistent answers under LLM-based 1157

evaluation criteria. 1158

Within the Qwen2.5 family, Qwen2.5-VL-72B 1159

achieves a BS-F1 score (69.15) close to that of 1160

GPT-4o, suggesting that its training process incor- 1161

porates a substantial amount of ancient-text-related 1162

data and provides relatively rich historical and cul- 1163

tural knowledge. In contrast, Qwen2.5-VL-7B does 1164

not demonstrate the same level of performance in 1165

knowledge-based QA as it does in page-level OCR, 1166
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highlighting the increased demand for broad factual1167

and cultural knowledge in this task.1168

These results indicate that, unlike OCR or1169

reasoning-based QA, knowledge-based QA places1170

stronger emphasis on the coverage and organi-1171

zation of pre-trained knowledge. While smaller1172

and medium-sized models may perform well on1173

perception- or reasoning-centric tasks, they can be1174

limited by insufficient exposure to historical and1175

cultural content during pre-training. The strong1176

performance of Qwen3-VL suggests that improve-1177

ments in data composition and knowledge-aware1178

representation learning can partially compensate1179

for model scale in knowledge-intensive settings.1180

Results in Linguistic Variant QA. From the eval-1181

uation results in Tab. 6 and Tab. 12, GPT-4o and1182

Gemini-2.5-Pro once again demonstrate leading1183

performance, achieving the highest BS-F1 scores1184

of 64.58 and 62.06, respectively. These results in-1185

dicate the reliability of large closed-source models1186

in language style transformation and stylistic un-1187

derstanding, where fluent paraphrasing and preser-1188

vation of linguistic style play a central role.1189

A notable observation is that the InternVL2.51190

series performs significantly better in this task than1191

in previous OCR, translation, and QA tasks. In par-1192

ticular, InternVL2.5-2B achieves the highest BS-F11193

score (62.24) among all open-source models, even1194

surpassing Gemini-2.5-Pro. This suggests that In-1195

ternVL2.5 exhibits strong capability in modeling1196

stylistic patterns and surface-level linguistic trans-1197

formations, despite its relatively small parameter1198

size.1199

Moreover, the overall performance of the In-1200

ternVL2.5 series is consistently higher than that of1201

the InternVL3 series, indicating a regression rather1202

than improvement for this specific task. A plausible1203

explanation is that InternVL2.5 incorporates more1204

ancient-style or classical-language-related data dur-1205

ing training, which benefits the modeling of classi-1206

cal expressions, rhetorical structures, and stylistic1207

allusions required in this task. In contrast, newer1208

model versions may emphasize general multimodal1209

capabilities at the expense of style-specific linguis-1210

tic sensitivity.1211

By comparison, the Qwen2.5 and Qwen3-VL1212

series do not exhibit the same level of advantage in1213

language-style transformation as they do in OCR1214

or reasoning-based tasks. This further suggests1215

that style transformation relies more heavily on1216

language-centric pretraining and exposure to stylis-1217

tically rich corpora, rather than on visual grounding1218

or advanced reasoning abilities. 1219

F All evaluation results 1220

Since the limited length of the main text, we only 1221

show some results in the main text. In the follow- 1222

ing table, we have displayed all evaluation results 1223

(shown in Tab. 8- 12). 1224
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Table 8: Evaluation Results on Page-level OCR of AncientDoc

Model CER CharPrecision CharRecall CharF1 GPT-4o

Qwen-VL-Max 66.39 9.62 9.93 9.77 5.7
DeepSeek-VL2 147.28 0.25 0.22 0.11 0.6
InternVL2.5-1B 97.77 2.38 1.92 2.13 2.63
InternVL2.5-2B 120.72 1.76 1.69 1.72 2.03
InternVL2.5-4B 79.75 5.27 4.05 4.58 3.65
InternVL2.5-8B 96.88 2.87 2.59 2.72 3
Qwen2-VL-2B 81.75 4 2.66 3.2 3.79
Qwen2-VL-7B 71.61 7.99 6.8 7.35 4.66
Qwen2.5-VL-3B 50.36 9.44 9.02 9.23 5.56
Qwen2.5-VL-7B 35.47 12.95 12.75 12.85 6.37
Qwen2.5-VL-32B 59.65 14.72 14.65 14.68 5.67
Qwen2.5-VL-72B 58.83 10.62 9.56 10.06 5.73
Qwen2.5-Omni-3B 63.42 5.4 4.78 5.07 4.56
Qwen2.5-Omni-7B 70.46 3.44 3.35 3.39 4.3
Doubao-V2 71.95 13.14 20.44 16 6.27
Gemini2.5-Pro 32.03 17.73 18.53 18.12 6.08
GPT-4o 75.1 4.83 2.72 3.48 2.97
InternVL3-1B 97.49 3.57 1.83 2.42 1.83
InternVL3-2B 95.59 2.46 1.79 2.07 2.52
InternVL3-8B 51.8 7.3 6.67 6.97 5.06
InternVL3-38B 103.02 3.26 3.75 3.49 2.98
InternVL3-78B 78.67 4.7 4.89 4.79 4.04
LLaVA-Onevision-5B 215.31 0.05 0.07 0.01 0
LLaVA-Onevision-72B 190.67 0.29 0.43 0.25 0.01
LLaVA1.5-7B 129.71 0.04 0.03 0 0.05
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Table 9: Evaluation Results on Reasoning-based QA of
AncientDoc

Model CHRF++ BS-F1 GPT-4o

Qwen-VL-Max 8.6 71.3 7.46
DeepSeek-VL2 3.42 59.09 1.01
InternVL2.5-1B 4.58 63.8 2.38
InternVL2.5-2B 5.01 65.29 3.55
InternVL2.5-4B 5.77 66.12 4.75
InternVL2.5-8B 7.47 68.4 5.93
Qwen2-VL-2B 6.12 67.8 4.45
Qwen2-VL-7B 6.91 69.03 5.79
Qwen2.5-VL-3B 4.8 65.83 4.67
Qwen2.5-VL-7B 7.34 69.96 6.44
Qwen2.5-VL-32B 9.69 70.9 7.49
Qwen2.5-VL-72B 9.04 71.4 7.43
Qwen2.5-Omni-3B 5.63 66.96 4.9
Qwen2.5-Omni-7B 6.52 68.7 6.05
Doubao-V2 7.15 68.78 7.4
Gemini2.5-Pro 8.68 69.33 7.76
GPT-4o 7.99 70.52 6.92
InternVL3-1B 5.12 64.24 2.85
InternVL3-2B 5.66 66.45 4.39
InternVL3-8B 5.21 65.62 4.98
InternVL3-38B 5.36 67.29 5.78
InternVL3-78B 4.95 65.99 5.18
LLaVA-Onevision-5B 2.21 55.79 0.89
LLaVA-Onevision-72B 5.96 67.2 5.48
LLaVA1.5-7B 3.99 61.69 1.64

Table 10: Evaluation Results on Vernacular Translation
of AncientDoc

Model CHRF++ BS-F1 GPT-4o

Qwen-VL-Max 12.3 71.03 3.22
DeepSeek-VL2 0.49 50.27 0
InternVL2.5-1B 1.35 52.73 0.02
InternVL2.5-2B 1.33 53.92 0.03
InternVL2.5-4B 2.84 58.46 0.53
InternVL2.5-8B 3.2 59.24 0.58
Qwen2-VL-2B 1.9 52.31 0.46
Qwen2-VL-7B 4.34 60.74 1.17
Qwen2.5-VL-3B 1.63 55.2 0.66
Qwen2.5-VL-7B 7.04 65.59 2.3
Qwen2.5-VL-32B 9.9 67.9 2.87
Qwen2.5-VL-72B 9.77 69.87 2.98
Qwen2.5-Omni-3B 2.06 56.8 0.56
Qwen2.5-Omni-7B 1.13 53.99 0.46
Doubao-V2 0.56 52.39 2.12
Gemini2.5-Pro 11.41 72.5 4.72
GPT-4o 3.02 58.86 0.92
InternVL3-1B 1.86 54.92 0.06
InternVL3-2B 0.97 51.83 0.1
InternVL3-8B 0.85 53.16 0.29
InternVL3-38B 1.99 56.93 0.56
InternVL3-78B 4.45 62.4 1.21
LLaVA-Onevision-5B 0.76 50.85 0
LLaVA-Onevision-72B 0.44 48.83 0.03
LLaVA1.5-7B 0.43 50 0.01

Table 11: Evaluation Results on Knowledge-based QA
of AncientDoc

Model CHRF++ BS-F1 GPT-4o

Qwen-VL-Max 7.58 68.67 6.78
DeepSeek-VL2 3.77 59.83 0.94
InternVL2.5-1B 3.73 61.59 1.68
InternVL2.5-2B 4.47 64.24 2.48
InternVL2.5-4B 4.95 64.81 3.92
InternVL2.5-8B 6.93 67.68 4.88
Qwen2-VL-2B 5.27 66.6 3.37
Qwen2-VL-7B 5.75 66.82 4.83
Qwen2.5-VL-3B 4.47 62.86 3.77
Qwen2.5-VL-7B 5.87 66.75 5.23
Qwen2.5-VL-32B 9.44 69.35 6.84
Qwen2.5-VL-72B 7.82 69.15 6.84
Qwen2.5-Omni-3B 5.33 66.1 4.11
Qwen2.5-Omni-7B 5.67 66.85 4.94
Doubao-V2 8.75 69.15 7.36
Gemini2.5-Pro 8.88 68.94 7.36
GPT-4o 8.02 70.01 6.53
InternVL3-1B 4.46 63.05 1.82
InternVL3-2B 5.43 66.21 3.52
InternVL3-8B 4.75 63.6 4.31
InternVL3-38B 4.84 65.45 5.11
InternVL3-78B 5.25 65.79 5.18
LLaVA-Onevision-5B 2.32 56.67 0.51
LLaVA-Onevision-72B 5.56 66.31 5.04
LLaVA1.5-7B 3.23 60.37 0.78

Table 12: Evaluation Results on Linguistic Variant QA
of AncientDoc

Model CHRF++ BS-F1 GPT-4o

Qwen-VL-Max 3.31 58.77 5.67
DeepSeek-VL2-Tiny 3.7 60.05 0.91
InternVL2.5-1B 2.61 59.27 1.59
InternVL2.5-2B 3.42 62.24 2.25
InternVL2.5-4B 2.85 58.22 3.26
InternVL2.5-8B 3.65 61.52 3.63
Qwen2-VL-2B 3.49 58.97 3.1
Qwen2-VL-7B 2.3 56.73 3.67
Qwen2.5-VL-3B 1.03 52.3 3.75
Qwen2.5-VL-7B 2.65 57.48 4.75
Qwen2.5-VL-32B 4.62 61.18 5.61
Qwen2.5-VL-72B 3.65 59.34 5.63
Qwen2.5-Omni-3B 2.12 56.87 3.4
Qwen2.5-Omni-7B 2.66 58.62 4.12
Doubao-V2 3.32 57.7 5.79
Gemini2.5-Pro 5.22 62.06 5.92
GPT-4o 4.16 64.58 5.03
InternVL3-1B 3.69 61.92 1.51
InternVL3-2B 2.9 58.95 2.83
InternVL3-8B 1.93 55.96 3.53
InternVL3-38B 1.96 56.87 3.99
InternVL3-78B 2.38 57.78 4.13
LLaVA-Onevision-5B 1.72 56.12 0.48
LLaVA-Onevision-72B 2.51 57.57 3.43
LLaVA1.5-7B 2.27 56.56 0.87
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