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Abstract

Chinese ancient documents, invaluable carri-
ers of millennia of Chinese history and cul-
ture, hold rich knowledge across diverse fields
but face challenges in digitization and under-
standing—traditional methods only scan im-
ages, while current Vision-Language Models
(VLMs) struggle with their visual/linguistic
complexity. Existing document benchmarks
focus on English printed texts or simplified
Chinese, leaving a gap for evaluating VLMs
on ancient Chinese documents. To address
this, we present AncientDoc, the first bench-
mark for Chinese ancient documents, de-
signed to assess VLMs from OCR to knowl-
edge reasoning. AncientDoc includes five
tasks (page-level OCR, vernacular translation,
reasoning-based QA, knowledge-based QA,
linguistic variant QA) and covers 14 docu-
ment types, over 100 books, and about 3,000
pages. Based on AncientDoc, we evaluate
mainstream VLMs using multiple metrics, sup-
plemented by a human-aligned large language
model for scoring. The benchmark is available
at https://bytedance.github.io/AncientDoc/.

1 Introduction

Chinese ancient documents, which carry thousands
of years of Chinese history and culture, are treasure
troves of knowledge spanning history, philosophy,
medicine, astronomy, etc. They are invaluable cul-
tural heritage for both China and the world. With
the wave of digitization of Chinese ancient docu-
ments in libraries and museums, many captured
Chinese ancient document images are produced.
However, traditional digitization methods only stay
at the level of image scanning, while many down-
stream applications (knowledge mining, historical
exploration) urgently need the ability to deeply
understand the content of ancient documents. At
the same time, parsing and understanding Chinese
ancient document images pose huge challenges, in-
cluding visual complexity, linguistic complexity,

and poor adaptability of current vision-language
models (VLMs).

Existing general document understanding
datasets and benchmarks (e.g., DocVQA (Mathew
et al., 2021)) are mainly based on printed docu-
ments and are predominantly in English. Even
Chinese-related datasets (e.g., CN-DocVQA) only
involve simplified Chinese characters, which is
totally different from Chinese ancient documents.
In addition, with the development of large
vision-language models (VLMs), an increasing
number of VLMs have acquired the capabilities
of document OCR and understanding. However,
for VLMs, there is currently no benchmark
that can systematically evaluate their OCR and
understanding capabilities on Chinese ancient
documents.

To address these issues, we construct the first
Chinese ancient document benchmark called An-
cientDoc, which is used to comprehensively eval-
uate the capabilities of VLMs ranging from OCR
to knowledge reasoning. AncientDoc includes
five tasks: page-level OCR, vernacular transla-
tion, reasoning-based QA (question answering),
knowledge-based QA, and linguistic variant QA.
AncientDoc covers 14 types of ancient documents
(such as collected works and Chuci-style poetry),
approximately 100 books, and a total of 3000 doc-
ument pages. In addition, we have adopted several
evaluation metrics to evaluate most mainstream
VLMs on the five tasks. To supplement these met-
rics, we additionally utilize a large language model
to score the predictions of VLMs.

Our main contributions are as follows:

* We propose the first benchmark (Ancient-
Doc) for Chinese ancient documents, aiming
to comprehensively evaluate existing vision-
language models from OCR to knowledge rea-
soning.

* AncientDoc contains five tasks for evaluating
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Task

DocVQA TKH MTH OCRBench OCRBenchv2 AncientDoc

Page-level OCR X

Vernacular Translation X X
Reasoning-based QA X
Knowledge-based QA X X
Linguistic Variant QA X X

> X X X

X X
X X
X X

Table 1: Comparison of task type between different benchmarks.

VLMs: page-level OCR, vernacular transla-
tion, reasoning-based QA, knowledge-based
QA, and linguistic variant QA. It covers 14
types of ancient documents, with 3,000 page
images extracted from over 100 ancient books.

* We have conducted a comprehensive evalua-
tion of existing mainstream vision-language
models with various metrics. In addition, we
also adopt a large language model that is the
most consistent with human scoring to evalu-
ate them.

2 Related Work

In recent years, document understanding
tasks (Borchmann et al., 2021; Ma et al., 2024,
Tanaka et al., 2024) have continuously expanded
from traditional Optical Character Recognition
(OCR) (Kang et al., 2022; Yin et al., 2017; Ingle
et al., 2019) to higher-level semantic understanding
tasks (Ding et al., 2023; Zhang et al., 2024), such
as question answering (Mishra et al., 2019; Ding
et al., 2024; Kang et al., 2024), translation (Zhang
et al., 2018; Wang et al., 2023), and structured
information extraction (Jaume et al., 2019; Huang
et al., 2022). With the increasing complexity of
tasks, multimodal document datasets have become
increasingly abundant, providing an important
basis for evaluating the capabilities of different
models. However, most existing datasets still
suffer from limitations in task dimensions, making
it difficult to fully cover the multi-level cognitive
and language transfer tasks involved in complex
Chinese ancient documents.

Among existing datasets, DocVQA (Mathew
et al., 2021) is an early representative multimodal
dataset focusing on visual document question an-
swering tasks, emphasizing linguistic reasoning
on structured and unstructured text in document
images. The question format of DocVQA usu-
ally relies on OCR results rather than the linguistic
content, and its core task is text logical reasoning,

which is suitable for evaluating the text understand-
ing and document reading abilities of models. How-
ever, this dataset does not include page-level OCR
task, so it cannot examine the recognition robust-
ness of models when faced with complex visual
inputs. Therefore, it is still insufficient in evaluat-
ing the comprehensive capabilities of models.

Additionally, TKH (Yang et al., 2018) and
MTH (Yang et al., 2018) focus more on character-
level recognition of Chinese historical documents,
mainly used to evaluate the OCR capabilities of
models on ancient books with low quality and nu-
merous variant characters. Both are derived from
real historical materials and have strong charac-
teristics of ancient book images, such as vertical
typesetting and cursive script, making them suit-
able for basic OCR evaluation datasets. However,
neither of them involves tasks at the level of lan-
guage understanding or language generation, so
they cannot be used to evaluate the model’s ability
to understand the semantics, grammatical structure,
or background knowledge of ancient Chinese. They
also lack vernacular output or question-answer in-
teraction forms, which limits their value in lan-
guage transfer ability analysis.

To alleviate the above problem of single tasks,
OCRBench (Liu et al., 2024b) and its enhanced
version OCRBench v2 (Fu et al., 2024) have in-
troduced more diverse settings, covering multiple
subtasks, including character recognition, text lo-
calization, and some document-level question an-
swering and logical reasoning problems. Among
them, OCRBench v2 has improved in the task com-
plexity compared to the first version, making it suit-
able for evaluating the comprehensive performance
of multimodal models in real scenarios. However,
these two datasets mainly focus on modern Chi-
nese or English documents. At the same time, they
do not cover tasks such as translation, knowledge
question answering, or language style transfer, so
they are difficult to use for evaluating the general-
ization performance of models in cross-lingual and
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Figure 1: Some examples of each task in AncientDoc.

cross-style understanding abilities.

To this end, we have constructed a multi-task
evaluation benchmark dataset AncientDoc for Chi-
nese ancient documents. This dataset not only in-
cludes traditional OCR recognition tasks but also
systematically integrates multiple high-level lan-
guage understanding tasks. The comparison of task
diversity is shown in Tab. 1.

3 Benchmark Construction

3.1 Task Definition

In this paper, we define five tasks for evaluating
VLMs on Chinese ancient documents: page-level
OCR, vernacular translation, reasoning-based QA
(question answering), knowledge-based QA, and
linguistic variant QA. Some examples of these
tasks are shown in Fig. 1.

Page-level OCR: This task aims to directly ex-
tract complete and correctly ordered text content
from an entire page of ancient documents, with-
out relying on the character detection (Tian et al.,
2016; Zhou et al., 2017), segmentation (He et al.,
2016; Xu and Xiang, 2025), and recognition (Ak-
oushideh et al., 2025; Cui et al., 2025) processes

in traditional OCR systems. This task presents the
following challenges: 1) Vertical texts: Most Chi-
nese ancient documents are vertically typeset from
right to left, so the model needs to understand the
correct reading order and the rules for line breaks
within columns. 2) Various annotations: Chinese
ancient documents sometimes contain interlinear
notes, comments, small characters, postscripts, etc.,
requiring the model to have visual and semantic
filtering capabilities. 3) Traditional Chinese char-
acters: There are a large number of traditional
Chinese characters or obsolete glyphs in Chinese
ancient documents. Nevertheless, training samples
of these characters are scarce.

Vernacular Translation: It aims to translate
the Chinese texts in ancient documents into mod-
ern common vernacular expressions, enabling non-
professional readers to understand the meaning
of original texts and providing a clearer linguistic
foundation for downstream tasks (such as question
answering and summarization.). Unlike transla-
tion between languages, this task is intralingual
translation. The difficulties of this task are: 1) Pol-
ysemy: Some ancient Chinese words often have
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multiple meanings, and the model needs to under-
stand the context or even the semantics of the entire
paragraph to select the correct interpretation. 2) Se-
mantic punctuation: There is a lack of punctuation
in the text of Chinese ancient documents. There-
fore, the model needs to insert punctuation based
on semantic understanding.

Reasoning-based QA: Based on an image of
a page from ancient documents, reasoning-based
QA aims at extracting implicit information to an-
swer questions that are not directly stated. Differ-
ent from extractive question answering, reasoning-
based QA requires the model to have the ability to
understand and derive deep-level information such
as facts, causality, and semantic relationships. The
reasoning-based QA task is one of the advanced
types of OCR-free document understanding. It in-
tegrates the understanding of graphic information,
the interpretation of ancient Chinese language, and
the connection and deduction of knowledge and
logic, serving as an important scenario to test the
deep language understanding and multi-step rea-
soning abilities of large models.

Knowledge-based QA: This task requires the
model to answer questions related to objective
knowledge in ancient documents, including time,
place names, objects, medical terms, etc. Although
this task belongs to factual QA, it still differs from
encyclopedia QA. This task requires the model
to understand the knowledge expression methods
in ancient languages and have a certain reserve
of historical and cultural background knowledge.
Knowledge-based QA not only tests the model’s
ability to handle the explicit expression of knowl-
edge but also deeply challenges its ability to sum-
marize and infer knowledge under vague descrip-
tions, putting forward new requirements for OCR-
free document understanding and the knowledge
transfer ability of VLMs in historical corpora.

Linguistic Variant QA: It aims to evaluate the
model’s ability to understand and reason about vari-
ant phenomena in ancient Chinese, such as lan-
guage styles, rhetorical methods, and stylistic fea-
tures. This task requires the model to generate
or answer relevant questions around the aforemen-
tioned linguistic features. The linguistic variant
question answering task is a key task connecting
the understanding of linguistic artistry and genera-
tive language expression, representing a high-level
language ability that moves from text recognition to
the mastery of stylistic features. This task not only
assesses whether the model "understands ancient

Chinese" but also evaluates whether it understands
how ancient Chinese is written, what its style is,
and how rhetoric affects semantics.

3.2 Data Curation
3.2.1 Data Resources

The original images of the proposed AncientDoc
are mainly derived from the digitized resources of
Chinese ancient documents held by the Harvard
Library'. The digitized collection of ancient books
in this library covers multiple dynasties and fields,
featuring high scanning quality and rich typesetting
styles, which provides a solid foundation for con-
structing a multi-task dataset of Chinese ancient
documents. In combination with the requirements
of semantic-related tasks, all collected ancient doc-
uments have undergone manual verification and
classification. Finally, we divide the ancient docu-
ments into 14 semantic categories, including “col-
lected works”,“Chuci-style Poetry”,“Literary Crit-
icism of Poetry and Prose”, “Eclectics”, etc. All
categories and corresponding explanations will be
detailed in the supplementary materials. At the
same time, we acknowledge that using a single in-
stitutional source may introduce collection-specific
bias, including differences in preservation condi-
tion, edition preference, and document style distri-
bution. Therefore, AncientDoc should be viewed
as a realistic first-step benchmark built from cur-
rently accessible high-quality resources, rather than
a fully source-balanced representation of all Chi-
nese ancient documents.

3.2.2 Data Collection

In the process of data collection, we select repre-
sentative Chinese printed ancient documents dating
from the Qing Dynasty and earlier (The distribu-
tion of page counts across different dynasties is
shown in Fig. 2(c)). To ensure the usability and
challenge of the collected documents in terms of
visual quality, linguistic content, and task adapt-
ability, we establish the following priority criteria
for collection:

1) Vertical typesetting with traditional Chinese
characters: The selected pages conform to the ty-
pographic style of traditional ancient documents
and feature structurally challenging information.
Thus, they are suitable for evaluating the ability of
OCR-free models to understand reading directions
and inter-column structures.

"https://hollis.harvard.edu/

28796



Dynasty:

Warring States M Jin dynasty

B Yuan dynasty Han dynasty
Song dynasty M Qing dynasty
250
232 138
21
217
2 210 200 210
200 B [ | B
. 153
= 150
5 100 I I
z
s |

Northern and Southern dynasties

B Tang dynasty

M

ing dynasty

134

220

199

M Regular Script M Cursive Seript

(b): AncientDoc Script Distribution

(a): Categories of Ancient Books

(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.

2) Clear fonts with partial degradation or dam-
age: They should cover real-world scenarios such
as ink blurring, simulating common degradation
in the digitization of ancient documents. These
selected samples can evaluate the robustness of
models against low-quality inputs.

3) Content with potential for linguistic, struc-
tural, knowledge-based, and reasoning tasks: Po-
ems, annotations, encyclopedias, historical biogra-
phies, and medical theories are widely chosen
since they have high semantic density and are suit-
able for setting multi-level understanding tasks
(e.g., vernacular translation, reasoning-based QA,
knowledge-based QA);

4) High readability of images for convenient an-
notation: We select versions with clear scans and
complete page numbers to ensure effective OCR
annotations, translation alignment, etc.

Ultimately, we collect approximately 100 an-
cient books for AncientDoc, covering various
themes and styles and containing a total of about
3,000 pages of image data. This distribution is
not an intentional balancing choice, but a reflec-
tion of the current availability of digitized ancient
documents that satisfy both image quality and an-
notation feasibility requirements.

3.2.3 Data Annotation

To construct a high-quality multi-task dataset for
Chinese ancient documents, we adopt an annota-
tion pipeline that combines large language model
(LLM)-assisted pre-annotation with manual verifi-
cation. Specifically, we use the Qwen2.5-VL-72B
model (Bai et al., 2025b) to generate task-aligned
initial annotations for each document page, includ-
ing page-level OCR, vernacular translation, and
multiple types of question—answer pairs. For each
page, we construct one QA pair for page-level OCR
and vernacular translation, and two QA pairs for
each of the remaining three tasks.

All model-generated annotations are subse-
quently reviewed and refined by human annotators.
Manual revisions focus on correcting OCR reading
order and layout structure, improving translation
accuracy and fluency, and ensuring semantic consis-
tency across different tasks, rather than large-scale
content rewriting. A small fraction of ambiguous or
insufficiently grounded samples are conservatively
filtered out during this process.

Instead of relying on numerical inter-annotator
agreement metrics, which are less suitable for open-
ended generation and high-level semantic tasks,
annotation consistency is ensured through unified
task definitions, detailed annotation guidelines, and
iterative cross-checking. For edge cases such as

28797



Model CER Char Precision Char Recall Char F1 GPT-40
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
Open-source
MLLMs 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) 354 19.78 20.63 20.2 7.93

Table 2: Evaluation on page-level OCR.

degraded pages or historically ambiguous texts, we
follow an evaluability-first principle and exclude
samples that cannot support clear and objective
evaluation.

All annotations are produced by annotators with
experience in reading classical Chinese. The goal
of AncientDoc is not philological adjudication, but
to provide a well-defined multi-task benchmark for
systematically evaluating vision—language models
on Chinese ancient document understanding.

3.3 Statistical Analysis

We have collected a total of 2,973 pages of Chi-
nese ancient documents and conducted a system-
atic analysis from multiple dimensions. Firstly, in
terms of chronological distribution, the dataset cov-
ers major dynasties from the Warring States, Qin,
and Han dynasties to the Ming and Qing dynas-
ties, showing a broad historical span (as shown in
Fig. 2(c)). Among them, documents from the Ming
Dynasty (1,148 pages) and the Qing Dynasty (778
pages) are the most abundant, together accounting
for approximately 65% of the total pages. This re-
flects the relatively complete preservation and wide
circulation of documents from these periods. Next
are documents from the Song Dynasty (540 pages)
and the Tang Dynasty (208 pages), while materials
from the Han, Yuan, and Northern and Southern
Dynasties are relatively scarce, largely due to his-
torical loss and limited large-scale digitization.

In terms of genre distribution, the dataset covers
14 categories of mainstream traditional Chinese lit-
erature, including biographies, Confucianism, phi-
losophy of war, collected works, medical authors,
astronomy and mathematics, masters of unofficial

history, general anthologies, eclectics, Chuci-style
poetry, Leishu, art, literary criticism of poetry and
prose, and genealogies and catalogues. Statistical
results (see Fig. 2(a)) indicate that the three largest
categories by page count are astronomy and mathe-
matics (238 pages), Confucianism (232 pages), and
art (234 pages), demonstrating a diverse coverage
of disciplinary domains that supports multi-task
evaluation such as OCR, translation, and question
answering.

In terms of font style, the majority of pages in
AncientDoc are written in regular script, with ap-
proximately 97% in regular script and 3% in cur-
sive or semi-cursive forms (see Fig. 2(b)). This im-
balance is not an arbitrary design choice, but rather
reflects the historical transmission and preservation
of Chinese ancient documents. Most large-scale
digitized resources available today originate from
recompiled or reprinted editions from the Ming and
Qing dynasties, during which regular script gradu-
ally became the dominant and standardized writing
form for both woodblock printing and manuscript
copying. Earlier script forms or highly cursive vari-
ants are comparatively scarce, often fragmented
across different collections, and difficult to dig-
itize at scale under consistent quality standards.
As a result, the observed script-style distribution
largely mirrors the current state of accessible histor-
ical archives, rather than a bias introduced during
dataset construction.

Overall, AncientDoc exhibits broad coverage
across historical periods and literary genres, and
reflects realistic visual and linguistic characteristics
of extant Chinese ancient documents. This makes
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it a practical and representative benchmark for eval-
uating vision—language models on a wide range of
ancient document understanding tasks.

3.4 Evaluation Metric

To assess the accuracy of page-level OCR, we use
the following four metrics: CER (Character Er-
ror Rate), Char Precision, Char Recall and Char
F1. The detailed description of them are shown
in the supplementary material. Differently, when
evaluating the remaining four tasks (i.e., vernacu-
lar translation, reasoning-based QA, knowledge-
based QA and linguistic variant QA), we use
CHRF++ (Popovié, 2017) and BERTScore (BS-
F1) as the key metrics (Zhang et al., 2019).

Considering that hard automatic metrics may not
always align with human judgment, we additionally
adopt a large language model as an evaluator to
score model outputs on a 0—-10 scale. Based on
comparison with human ratings, GPT-40 exhibits
the highest consistency with human judgment and
is therefore adopted as the evaluator. Details are
provided in the supplementary materials.

4 Results
4.1 Model Selection

For evaluation, we select models including GPT-
40 (Hurst et al., 2024), Qwen series (Bai et al.,
2025b, 2023; Xu et al., 2025), InternVL se-
ries (Chen et al., 2024; Zhu et al., 2025), as well
as Doubao (Team, 2025), Gemini (Comanici et al.,
2025), LLaVA (Liu et al., 2024a), DeepSeek (Wu
et al., 2024), etc. Considering the limited pages,
we only show part of results in the main text. More
evaluation results are shown in the supplementary
material.

4.2 Main Results

Results in Page-level OCR. Table 2 reports the per-
formance of representative open-source MLLMs
in the 2B—8B parameter range on page-level OCR.
Overall, 7B—8B models consistently outperform
2B-4B models across character-level metrics. In
particular, Qwen3-VL-8B achieves the best over-
all performance, obtaining the highest Char Preci-
sion (19.78), Char Recall (20.63), and Char F1
score (20.2), together with the highest GPT-40
score among the evaluated models. Compared with
smaller variants, Qwen3-VL-8B exhibits substan-
tially improved glyph discrimination and more sta-
ble transcription across long character sequences.

Model GPT-40 BS-F1
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
Open-source Qwen3-VL-4B 3.01 70.75
MLLMs
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.

Model GPT-40 BS-F1
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
Open-source Qwen3-VL-4B 7.84 73.76
MLLMs
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 498 65.62
Qwen3-VL-8B 7.96 74.06

Table 4: Evaluation on reasoning-based QA.

These results suggest that page-level OCR on an-
cient documents benefits from sufficient visual rep-
resentation capacity and balanced multimodal mod-
eling, rather than from aggressive language model-
ing alone. Detailed analyses on larger-scale open-
source models and closed-source models are pro-
vided in the supplementary material.
Results in Vernacular Translation. Table 3 re-
veals a pronounced performance gap among open-
source MLLMs below 8B parameters. Notably, the
Qwen3-VL series exhibits a clear advantage over
other models at comparable scales, with Qwen3-
VL-4B and Qwen3-VL-8B achieving substantially
higher BS-F1 scores than all other 2B—8B counter-
parts.

This sharp improvement is likely related to the
stronger language-centric pretraining and enhanced
vision—language alignment in Qwen3-VL, which

28799



Model GPT-40 BS-F1
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
Open-source Qwen3-VL-4B 7.68 73.63
MLLMs
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 431 63.60
Qwen3-VL-8B 7.83 73.98

Table 5: Evaluation on knowledge-based QA.

are particularly beneficial for intralingual transla-
tion that requires accurate semantic grounding be-
tween ancient and modern Chinese.

Results in Reasoning-based QA. Table 4 shows
a consistent performance advantage of the Qwen3-
VL series on reasoning-based QA across differ-
ent model scales.= In both the 2B—4B and 7B—
8B ranges, Qwen3-VL models achieve the high-
est BS-F1 scores among all evaluated open-source
MLLMs, indicating a stable superiority beyond
parameter scale effects. This advantage is likely re-
lated to the stronger language-centric modeling and
more robust long-context integration emphasized
in Qwen3-VL, which are particularly beneficial for
reasoning-based QA that requires multi-sentence
understanding and stable semantic grounding over
ancient document content.

Results in Knowledge-based QA. Table 5 illus-
trates the relationship between model scale and
performance on knowledge-based QA. Overall,
larger models in the 7B—8B range tend to achieve
higher BS-F1 scores than 2B—4B models, indicat-
ing that increased model capacity generally benefits
knowledge-intensive tasks.

However, performance does not scale mono-
tonically with parameter size. Substantial perfor-
mance gaps are observed among models of similar
scales, suggesting that pretraining data composi-
tion and knowledge organization play a critical role
beyond model size alone. Notably, Qwen3-VL-4B
achieves performance comparable to 7B—8B mod-
els, highlighting that effective knowledge modeling
can partially compensate for smaller scale.

Results in Linguistic Variant QA. Table 6 shows

Model GPT-40 BS-F1
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
Open-source  (yyen3.vL-4B 336 56.02
MLLMs
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.

that performance on linguistic variant QA does not
exhibit a clear correlation with model scale. Mod-
els in the 2B—4B range can achieve comparable or
even better BS-F1 scores than their 7B—8B coun-
terparts, indicating that larger parameter capacity
does not necessarily translate into improved perfor-
mance on this task.

Notably, the InternVL2.5 series consistently out-
performs other models across different scales, sug-
gesting that linguistic variant QA relies more on
exposure to stylistically rich and form-diverse train-
ing data than on model size alone.

4.3 Comparison between BERTScore and
GPT-40 Scoring

Through the results in Tab. 2- 6, BERTScore ratings
largely align with those of GPT-40 scores, showing
a positive correlation. This result demonstrates the
rationality of selecting GPT-40 as a scoring tool
for large models, which also validates our conclu-
sion in Sec. 3.4. However, due to the existence of
numerous possible outcomes in vernacular transla-
tion results, GPT-40’s scoring tends to be conser-
vative. The top-performing model only achieves a
score of 4.72 (out of 10) in GPT-40’s evaluation.
Even more notably, when evaluating GPT-40’s own
performance in vernacular translation, the score
is merely 0.92, indicating that it does not exhibit
biased scoring towards its own predictions.

4.4 Preliminary Diagnostic Analysis of
Cross-task Bottlenecks

Beyond model ranking, the results in AncientDoc
also reveal several diagnostic patterns about cur-
rent VLM limitations on Chinese ancient docu-
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ments. First, page-level OCR remains a major bot-
tleneck. Even the strongest models only obtain
relativel low character-level scores, indicating that
vertically arranged text, annotation interference, de-
graded glyphs, and historical character forms are
still difficult to transcribe faithfully. However, the
gap between weak OCR performance and substan-
tially stronger results on reasoning-based QA and
knowledge-based QA suggests that exact character-
level transcription is not the only prerequisite for
downstream understanding. In many cases, models
may still exploit partial lexical cues, local visual
evidence, and semantic priors to answer questions
without producing reliable full-page OCR. This pat-
tern indicates that ancient-document understanding
is constrained not only by recognition quality, but
also by how models can ground higher-level rea-
soning on incomplete visual-textual evidence.

Second, different subtasks appear to expose
different failure sources. The relatively weak
performance on vernacular translation suggests
that the challenge is not merely visual perception,
but semantic transfer from classical Chinese to
modern Chinese, which requires word-sense dis-
ambiguation, punctuation recovery, and context-
sensitive paraphrasing. By contrast, reasoning-
based QA more strongly depends on multi-sentence
integration and stable answer grounding, while
knowledge-based QA additionally exposes limi-
tations in historical and cultural knowledge cov-
erage. Finally, the fact that linguistic variant QA
does not scale monotonically with model size sug-
gests that stylistic understanding depends less on
parameter count alone and more on exposure to
stylistically rich pretraining data. Although these
observations do not constitute controlled causal
evidence, they provide a useful preliminary fail-
ure attribution for future ancient-document VLM
development: improving OCR alone is unlikely
to solve all downstream errors, and progress will
likely require joint advances in visual grounding,
classical-Chinese semantic modeling, and histori-
cally informed knowledge representation.

5 Conclusion

In this work, we present AncientDoc, the first
benchmark for systematically evaluating vision-
language models on Chinese ancient documents
from OCR to higher-level understanding. Ancient-
Doc covers five tasks—page-level OCR, vernacular
translation, reasoning-based QA, knowledge-based

QA, and linguistic variant QA—and spans 14 doc-
ument categories, over 100 books, and about 3,000
page images. Extensive experiments show that Chi-
nese ancient documents remain highly challeng-
ing for current VLMs, especially at the page-level
OCR stage, while stronger performance on down-
stream QA tasks suggests that ancient-document
understanding is constrained not only by visual
transcription quality, but also by higher-level se-
mantic grounding and reasoning ability.

Beyond benchmarking, our preliminary analysis
suggests that different subtasks expose different
bottlenecks: vernacular translation is closely tied
to semantic transfer from classical Chinese to mod-
ern Chinese, reasoning-based QA depends more
on multi-sentence integration and stable grounding,
and knowledge-based QA further reveals limita-
tions in historical and cultural knowledge coverage.
In addition, the weak correlation between model
scale and linguistic variant QA suggests that stylis-
tic understanding may depend more on training
data composition than on parameter count alone.
At the same time, AncientDoc should be viewed
as a realistic first-step benchmark built from cur-
rently accessible digitized resources, rather than a
fully balanced representation of all Chinese ancient
documents.

Limitations

This work still has several limitations. First, while
AncientDoc covers diverse document types and pe-
riods, its data distribution is limited by digitized
resource availability, overrepresenting Ming—Qing
documents and regular script, with sparse cover-
age of earlier periods and highly cursive scripts.
Second, the benchmark includes multiple tasks be-
yond OCR but remains page-level and text-centric,
without explicit evaluation of cross-page reasoning,
complex layout understanding, or document-level
structural coherence. Third, high-level understand-
ing tasks rely on automatic and LLM-based met-
rics, which may introduce biases and cannot fully
replace expert human evaluation.
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A Explanations of 14 Document
Categories in AncientDoc

The 14 categories of Chinese ancient documents in-
cluded in AncientDoc cover a wide range of genres,
reflecting the diversity of knowledge and literary
forms in traditional Chinese culture. Their specific
explanations are as follows:

* Biography: These texts focus on recording the
life stories, achievements, and moral virtues of
historical figures, typically presenting chrono-
logical narratives that serve as moral examples
for readers.

* Confucianism: Works centered on Confucian
philosophy and ethics, including interpreta-
tions of the "Five Classics" (e.g., Book of
Changes, Book of Songs) and writings by
Confucian scholars that elaborate on concepts
like benevolence, righteousness, and propri-
ety.

* The Philosophy of War: Military strategy
texts, such as Sun Tzu’s Art of War, which
explore tactics, command principles, and the
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philosophy of warfare, emphasizing strategic
thinking and battlefield wisdom.

* Collected Works: Comprehensive anthologies
compiling poems, essays, or other writings by
multiple authors (or a single author across gen-
res), often organized thematically (e.g., nature,
politics) or chronologically.

* Medical Authors: Ancient medical texts that
discuss diagnostic methods, herbal remedies,
acupuncture techniques, and classical medical
theories (e.g., yin-yang and five elements),
forming the foundation of traditional Chinese
medicine.

* Astronomy and Mathematics: Scientific trea-
tises on calendrical systems, astronomical
observations (e.g., eclipses, planetary move-
ments), and mathematical operations, reflect-
ing ancient China’s advancements in natural
sciences.

* Masters of Unofficial History: Semi-historical
or fictional works that offer alternative per-
spectives on historical events, anecdotes, or
folklore, often filling gaps in official historical
records with vivid narratives.

* General Anthologies: Anthologies dedicated
to the literary works of a single author, distinct
from "Collected Works" (which include multi-
ple authors). These texts highlight the unique
style and creative characteristics of individual
writers.

» Eclectics: Works that integrate ideas from
multiple philosophical schools, such as Con-
fucianism, Taoism, and Legalism, aiming to
synthesize diverse thoughts into a coherent
worldview.

 Chuci-style Poetry: Poetry modeled after the
Chuci (Songs of Chu), a classic collection of
ancient Chinese poetry. This genre is known
for its rich imagery, mythological allusions,
and emotional intensity, often expressing pa-
triotic or melancholic sentiments.

e Leishu: Traditional encyclopedic works or-
ganized by topic (e.g., astronomy, geography,
literature), serving as reference tools for schol-
ars and educators to access comprehensive
knowledge efficiently.

* Art: Texts focusing on traditional Chinese
arts, including painting, calligraphy, music,
and handicrafts, discussing techniques, aes-
thetic principles, and the cultural significance
of artistic creation.

* Literary Criticism of Poetry and Prose: Ana-
lytical writings that evaluate classical litera-
ture, focusing on literary form, rhetorical de-
vices, and artistic merit. These works shape
critical standards for poetry, essays, and other
genres.

* Genealogies and Catalogues: Documents
recording family lineages (genealogies), bibli-
ographic records of texts, or catalogs of arti-
facts (e.g., antiques, books), playing a key role
in preserving historical and cultural heritage.

Together, these 14 categories encompass histori-
cal records, philosophical treatises, literary works,
scientific texts, and practical references, provid-
ing a comprehensive sample of Chinese ancient
documents for evaluating VLMs’ cross-domain un-
derstanding capabilities.

B Evaluation Metrics

To rigorously assess the performance of Vision-
Language Models (VLMs) on the tasks in Ancient-
Doc, we employ a set of metrics tailored to different
task characteristics, as detailed below:

B.1 Metrics for Page-level OCR

Four character-level metrics are used to evaluate the
accuracy of text extraction from ancient document
pages:

Character Error Rate (CER): Measures the
normalized number of character-level errors (sub-
stitutions, insertions, deletions) between the pre-
dicted sequence and the reference text:

CER— 2 +HI+D )
T
where S, I, and D represent the counts of substi-
tuted, inserted, and deleted characters, respectively,
and |T'| is the length of the reference sequence
(Ground Truth).

Character Precision: Reflects the proportion of
correctly predicted characters relative to the total
number of characters in the model’s output:

M
CharPrecision = ﬁ )
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where M is the number of correctly predicted char-
acters, and | P| is the total number of characters in
the predicted sequence.

Character Recall: Measures the proportion of
correctly predicted characters relative to the total
number of characters in the reference text:

M
CharRecall = — 3)
T
where |T| denotes the length of the reference se-
quence.

Character F1: A harmonic mean of Charac-
ter Precision and Character Recall, balancing both
metrics to provide a comprehensive evaluation of
OCR accuracy:

CharPrecision - CharRecall

harF1 = 2. 4
Char CharPrecision + CharRecall “)

B.2 Metrics for Higher-Level Understanding
Tasks

For vernacular translation, reasoning-based QA,
knowledge-based QA, and linguistic variant QA,
the following metrics are adopted:

CHRF++: Computes the F-score based on char-
acter and word n-grams, with 5 = 2 to emphasize
recall:

CHRF*t = F, 53(Ngramy,., Ngramy, 4)  (5)

BERTScore (BS-F1): A semantic-level met-
ric that calculates precision and recall using co-
sine similarities between BERT embeddings of
predicted and reference texts, then derives the F1
score:

2 - Precision - Recall
BS-F1(P,T) = 6
(PT) Precision + Recall ©)

GPT-40 Score: A human-aligned metric where
GPT-40 scores model predictions against refer-
ences on a scale of 0-10. The final score is the
average of all individual scores:

1 N
=D s M
v

where s; is the score for the ¢-th sample, and N is
the total number of samples.

GPT40_Score =

C Metrics for Evaluating Differences
Between Human and LLLM Scoring

To quantify the consistency and discrepancy be-
tween human scoring and large model scoring, we
employ six statistical metrics, defined as follows:

Pearson correlation coefficient: Measures the
linear correlation between two sets of scores (x for
human scores, y for model scores):

i 1(3«"@ —7)(yi — )

Pearson(z,y) =

\/Zz 1 x1_$

where T and ¢ denote the means of x and y, respec-
tively.

Spearman rank correlation coefficient: Evalu-
ates the monotonic relationship by comparing score
ranks:

_1_621 1 z

Spearman(z, y) n(n2 1)

©)

with d; = rank(x;) — rank(y;) representing the
rank difference of the i-th sample, and n being the
total number of samples.

Kendall tau coefficient: Assesses ordinal associ-
ation by counting concordant and discordant pairs:

-D
Kendall(z,y) = 1 ¢

sy "

where C' is the number of concordant pairs (consis-
tent order) and D is the number of discordant pairs
(inconsistent order).

Mean Squared Error (MSE): Quantifies the aver-
age squared difference between scores:

n

LY -

i=1

MSE(z,y) = (11)

Mean Absolute Error (MAE): Measures the av-
erage absolute difference between scores:

Z ‘xz yz

MAE(z,y) (12)

Bias: Represents the systematic deviation be-
tween the mean of human scores and model scores:

Z:cz—nyz—x—y (13)

Bias(z, y)

These metrics collectively capture lin-
ear/correlation trends, ordinal relationships, error
magnitudes, and systematic deviations, providing a
comprehensive assessment of scoring consistency.
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D Analysis Between Human Scoring and
LLM Scoring Across Five Subtasks

To ensure that the large language model used as
an automatic evaluator reflects human judgment
as faithfully as possible, we conduct a human-
alignment analysis between model-based scores
and human ratings across the five subtasks of An-
cientDoc. The goal of this analysis is to identify
the evaluator whose scoring behavior is most con-
sistent with human preferences.

Specifically, we compare the scoring results pro-
duced by several mainstream large models, includ-
ing Qwen2.5-VL-72B, Gemini, Doubao, Qwen-
Plus, and GPT-40, against human ratings. For each
subtask, we randomly sample 50 QA pairs, result-
ing in a total of 250 QA pairs. Each QA pair is
independently scored by human annotators and by
the candidate models on a scale from O to 10.

To quantify the alignment between model-based
scores and human judgments, we compute six com-
monly used metrics, including Pearson, Spearman,
and Kendall correlation coefficients, as well as
mean squared error (MSE), mean absolute error
(MAE), and Bias. These metrics jointly measure
both rank-level consistency and absolute score de-
viation between the two sources of evaluation.

The results 7 demonstrate that GPT-40 consis-
tently achieves the strongest alignment with human
ratings across all five subtasks, exhibiting higher
correlation and lower error compared to other can-
didate evaluators (as illustrated in Fig. 3—7). Based
on these findings, GPT-4o is selected as the auto-
matic evaluator in our main experiments.

E Supplementary Analysis of
Experimental Results

Results in Page-level OCR. The results in Tab. 2
and Tab. 8 demonstrate clear performance dif-
ferences among MLLMs on page-level OCR
for AncientDoc. Among all evaluated models,
Qwen3-VL-8B achieves the best character-level
performance, obtaining the highest Char Precision
(19.78), Char Recall (20.63), and Char F1 score
(20.2). This indicates strong glyph discrimina-
tion ability as well as stable and consistent tran-
scription across long character sequences. No-
tably, Qwen3-VL-8B outperforms not only smaller
open-source models but also several larger open-
and closed-source MLLMs, highlighting the effec-
tiveness of its vision-language modeling for OCR-
centric tasks.

We attribute the superior performance of Qwen3-
VL-8B to its balanced architectural scale and OCR-
friendly inductive bias. Compared to smaller mod-
els, the 8B variant provides sufficient capacity to
capture subtle stroke-level variations and complex
spatial layouts in ancient documents. Meanwhile,
unlike larger models with stronger reasoning or
semantic correction tendencies, Qwen3-VL-8B ap-
pears to prioritize faithful visual transcription over
semantic inference, which is crucial for ancient
scripts that lack modern linguistic regularities and
exhibit high visual similarity across characters.

Gemini-2.5-Pro achieves the lowest CER (32.03)
and the second-best Char F1 (18.12), indicating
strong overall stability at the page level and fewer
edit operations. This suggests that Gemini mod-
els are particularly effective in maintaining global
transcription consistency. In contrast, Doubao-
V2 attains high recall but suffers from a substan-
tially higher CER, implying frequent character
substitutions or ordering errors despite detecting
character-like regions, which reflects difficulty in
fine-grained glyph differentiation.

The Qwen2.5 series also performs reliably
across model scales. Interestingly, Qwen2.5-VL-
7B consistently outperforms Qwen2.5-VL-72B on
all OCR-related metrics and achieves the highest
GPT-40 score, further suggesting that page-level
OCR primarily depends on accurate visual percep-
tion and stable sequence generation rather than ad-
vanced reasoning capabilities. Excessive semantic
priors in larger models may instead interfere with
strict character-level transcription.

Opverall, these results indicate that medium-scale

vision-language models with strong visual induc-
tive biases, such as Qwen3-VL-8B and Qwen2.5-
VL-7B, together with Gemini-2.5-Pro, provide the
most practical and reliable solutions for page-level
OCR of ancient documents.
Results in Vernacular Translation. As shown
in Tab. 3 and Tab. 10, Gemini-2.5-Pro achieves
the best overall performance, obtaining the highest
BS-F1 score (72.5) and the highest GPT-40 score
(4.72), demonstrating its strong capability in ver-
nacular translation of ancient texts. Its superior per-
formance across both automatic and LLM-based
evaluation metrics indicates robust semantic un-
derstanding and fluent modern Chinese generation,
making it a strong baseline for vernacular transla-
tion tasks.

Among open-source models, the Qwen series
consistently outperforms other alternatives. No-
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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 1364 1.044
Gemini (Comanici et al., 2025) 0.829 0.822 0.67 4463 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  3.631 154 0.724
GPT-40 (Hurst et al., 2024) 0.846 0.837 0.689 2939 132 -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.

tably, Qwen3-VL-8B achieves a BS-F1 score of
71.66, surpassing all other open-source models and
approaching the performance of Gemini-2.5-Pro,
despite its relatively moderate model size. This sug-
gests that Qwen3-VL-8B possesses strong semantic
alignment between ancient and modern Chinese,
benefiting from effective language modeling and
balanced multimodal representation learning. Com-
pared to smaller variants, the 8B model provides
sufficient capacity for capturing long-range seman-
tic dependencies and implicit historical context,
which are essential for faithful vernacular transla-
tion.

Within the Qwen family, Qwen-VL-Max (71.03)
and Qwen2.5-VL-72B (69.87) also achieve strong
results, while Qwen2.5-VL-7B (65.59) signifi-
cantly outperforms most other open-source mod-
els, demonstrating that the Qwen series exhibits
stable and scalable capabilities in ancient text un-
derstanding and modern Chinese expression. In
contrast, the InternVL and LLaVA series generally
perform worse on this task, suggesting that their
multimodal modeling is more oriented toward gen-
eral vision-language tasks and lacks specialized
semantic modeling for ancient Chinese corpora.

It is also noteworthy that the closed-source

model GPT-40 achieves a relatively low BS-F1
score (58.86), lagging behind several open-source
models with fewer parameters, such as Qwen?2.5-
VL-7B and Qwen3-VL-4B. This further indicates
that vernacular translation of ancient texts relies
heavily on language-specific semantic alignment
rather than general multimodal reasoning capabili-
ties. Finally, due to the inherent diversity of valid
vernacular translations, GPT-4o-based scores re-
main relatively low across all models: even the
best-performing model only achieves an average
score of 4.72 out of 10.
Results in Reasoning-based QA. As shown in
Tab. 4 and Tab. 9, Qwen3-VL-8B achieves the best
overall performance in BS-F1 (74.06), followed
by Qwen3-VL-4B (73.76). This indicates that the
Qwen3-VL series provides the strongest semantic
matching to reference answers in reasoning-based
QA over ancient texts. Notably, Qwen3-VL-8B out-
performs both large-scale open-source models (e.g.,
Qwen2.5-VL-72B with 71.40) and several closed-
source baselines, suggesting that model quality
here is not purely scale-driven.

We attribute Qwen3-VL’s advantage to two fac-
tors that are particularly critical for reasoning-
based QA: (1) stronger context integration, i.e.,
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Figure 5: Comparison of consistency between GPT-40 scoring and human scoring.

better modeling of long-range dependencies and
implicit relations in ancient passages; and (2) more
stable answer grounding, where the model is less
likely to drift into fluent but semantically mis-
aligned responses. This is consistent with the ob-
servation that Qwen3-VL maintains high BS-F1
even at 4B scale, implying improved representation
learning rather than simply increased parameters.

Within the Qwen2.5 family, Qwen2.5-VL-72B
still achieves strong performance (BS-F1 71.40),
and Qwen2.5-VL-7B remains competitive (69.96),
indicating good reasoning efficiency at moderate
scale. In contrast, the InternVL and LLaVA series
generally obtain lower BS-F1 scores on this task,
suggesting difficulties in establishing reliable con-
textual understanding and causal/implicit reasoning
for ancient Chinese QA.

Finally, the GPT-40-based scores are relatively
higher than those in translation (with the best score

reaching 7.76 from Gemini-2.5-Pro), which is rea-
sonable because QA outputs are typically more
constrained than free-form vernacular translation,
reducing evaluation variance across different valid
generations.
Results in Knowledge-based QA. From the ex-
perimental results in Tab. 5 and Tab. 11, Qwen3-
VL-8B achieves the highest BS-F1 score (73.98),
followed by Qwen3-VL-4B (73.63), indicating that
the Qwen3-VL series exhibits the strongest overall
performance in knowledge-based QA over ancient
texts. These results suggest that Qwen3-VL bene-
fits from effective knowledge grounding and strong
semantic alignment, even at relatively moderate
model scales.

Among closed-source models, GPT-40 achieves
a competitive BS-F1 score (70.01), reflecting its
strong general language modeling capability and
broad coverage of ancient Chinese knowledge. In
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Figure 7: Comparison of consistency between Qwen-VL-72B scoring and human scoring.

terms of GPT-4o0-based evaluation, Doubao-V?2 and
Gemini-2.5-Pro achieve the highest scores (7.36),
indicating their advantage in producing fluent and
knowledge-consistent answers under LLLM-based
evaluation criteria.

Within the Qwen2.5 family, Qwen2.5-VL-72B
achieves a BS-F1 score (69.15) close to that of
GPT-40, suggesting that its training process incor-
porates a substantial amount of ancient-text-related
data and provides relatively rich historical and cul-
tural knowledge. In contrast, Qwen2.5-VL-7B does
not demonstrate the same level of performance in
knowledge-based QA as it does in page-level OCR,
highlighting the increased demand for broad factual
and cultural knowledge in this task.

These results indicate that, unlike OCR or
reasoning-based QA, knowledge-based QA places
stronger emphasis on the coverage and organi-

zation of pre-trained knowledge. While smaller
and medium-sized models may perform well on
perception- or reasoning-centric tasks, they can be
limited by insufficient exposure to historical and
cultural content during pre-training. The strong
performance of Qwen3-VL suggests that improve-
ments in data composition and knowledge-aware
representation learning can partially compensate
for model scale in knowledge-intensive settings.

Results in Linguistic Variant QA. From the eval-
uation results in Tab. 6 and Tab. 12, GPT-40 and
Gemini-2.5-Pro once again demonstrate leading
performance, achieving the highest BS-F1 scores
of 64.58 and 62.06, respectively. These results in-
dicate the reliability of large closed-source models
in language style transformation and stylistic un-
derstanding, where fluent paraphrasing and preser-
vation of linguistic style play a central role.
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A notable observation is that the InternVL2.5
series performs significantly better in this task than
in previous OCR, translation, and QA tasks. In par-
ticular, InternVL2.5-2B achieves the highest BS-F1
score (62.24) among all open-source models, even
surpassing Gemini-2.5-Pro. This suggests that In-
ternVL2.5 exhibits strong capability in modeling
stylistic patterns and surface-level linguistic trans-
formations, despite its relatively small parameter
size.

Moreover, the overall performance of the In-
ternVL2.5 series is consistently higher than that of
the InternVL3 series, indicating a regression rather
than improvement for this specific task. A plausible
explanation is that InternVL2.5 incorporates more
ancient-style or classical-language-related data dur-
ing training, which benefits the modeling of classi-
cal expressions, rhetorical structures, and stylistic
allusions required in this task. In contrast, newer
model versions may emphasize general multimodal
capabilities at the expense of style-specific linguis-
tic sensitivity.

By comparison, the Qwen2.5 and Qwen3-VL
series do not exhibit the same level of advantage in
language-style transformation as they do in OCR
or reasoning-based tasks. This further suggests
that style transformation relies more heavily on
language-centric pretraining and exposure to stylis-
tically rich corpora, rather than on visual grounding
or advanced reasoning abilities.

F All evaluation results

Since the limited length of the main text, we only
show some results in the main text. In the follow-
ing table, we have displayed all evaluation results
(shown in Tab. 8- 12).
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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 54 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-40 75.1 4.83 2.72 348 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 ~ Table 11: Evaluation Results on Knowledge-based QA

AncientDoc of AncientDoc
Model CHRF++ BS-F1 GPT-40 Model CHRF++ BS-F1 GPT-40
Qwen-VL-Max 8.6 71.3 7.46 Qwen-VL-Max 7.58 68.67 6.78
DeepSeek-VL2 3.42 59.09 1.01 DeepSeek-VL2 3.77 59.83 0.94
InternVL2.5-1B 4.58 63.8 2.38 InternVL2.5-1B 3.73 61.59 1.68
InternVL2.5-2B 5.01 65.29 3.55 InternVL2.5-2B 447 64.24 248
InternVL2.5-4B 5.77 66.12 4.75 InternVL2.5-4B 4.95 64.81 3.92
InternVL2.5-8B 7.47 68.4 5.93 InternVL2.5-8B 6.93 67.68 4.38
Qwen2-VL-2B 6.12 67.8 445 Qwen2-VL-2B 5.27 66.6 3.37
Qwen2-VL-7B 6.91 69.03 5.79 Qwen2-VL-7B 5.75 66.82 4.83
Qwen2.5-VL-3B 4.8 65.83 4.67 Qwen2.5-VL-3B 4.47 62.86 3.77
Qwen2.5-VL-7B 7.34 69.96 6.44 Qwen2.5-VL-7B 5.87 66.75 5.23
Qwen2.5-VL-32B 9.69 70.9 7.49 Qwen2.5-VL-32B 9.44 69.35 6.84
Qwen2.5-VL-72B 9.04 714 7.43 Qwen2.5-VL-72B 7.82 69.15 6.84
Qwen2.5-Omni-3B 5.63 66.96 4.9 Qwen2.5-Omni-3B 5.33 66.1 4.11
Qwen2.5-Omni-7B 6.52 68.7 6.05 Qwen2.5-Omni-7B 5.67 66.85 4.94
Doubao-V2 7.15 68.78 7.4 Doubao-V2 8.75 69.15 7.36
Gemini2.5-Pro 8.68 69.33 7.76 Gemini2.5-Pro 8.88 68.94 7.36
GPT-40 7.99 70.52 6.92 GPT-40 8.02 70.01 6.53
InternVL3-1B 5.12 64.24 285 InternVL3-1B 4.46 63.05 1.82
InternVL3-2B 5.66 66.45 439 InternVL3-2B 5.43 6621  3.52
InternVL3-8B 5.21 65.62 4.98 InternVL3-8B 4775 63.6 431
InternVL3-38B 5.36 67.29 5.78 InternVL3-38B 4.84 65.45 5.11
InternVL3-78B 4.95 65.99 5.18 InternVL3-78B 5.25 65.79 5.18
LLaVA-Onevision-5B 221 5579 0.89 LLaVA-Onevision-5B 2.32 56.67 0.1
LLaVA-Onevision-72B 5.96 67.2 5.48 LLaVA-Onevision-72B 5.56 66.31 5.04
LLaVAL.5-7B 3.99 61.69  1.64 LLaVA1.5-7B 3.23 6037  0.78

Table 10: Evaluation Results on Vernacular Translation ~ Table 12: Evaluation Results on Linguistic Variant QA

of AncientDoc of AncientDoc

Model CHRF++ BS-F1 GPT-40 Model CHRF++ BS-F1 GPT-40
Qwen-VL-Max 12.3 71.03 3.22 Qwen-VL-Max 3.31 58.77 5.67
DeepSeek-VL2 0.49 50.27 0 DeepSeek-VL2-Tiny 3.7 60.05 0.91
InternVL2.5-1B 1.35 52.73 0.02 InternVL2.5-1B 2.61 59.27 1.59
InternVL2.5-2B 1.33 53.92 0.03 InternVL2.5-2B 342 62.24 2.25
InternVL2.5-4B 2.84 58.46 0.53 InternVL2.5-4B 2.85 58.22 3.26
InternVL2.5-8B 3.2 59.24 0.58 InternVL2.5-8B 3.65 61.52 3.63
Qwen2-VL-2B 1.9 52.31 0.46 Qwen2-VL-2B 349 58.97 3.1
Qwen2-VL-7B 4.34 60.74 1.17 Qwen2-VL-7B 2.3 56.73 3.67
Qwen2.5-VL-3B 1.63 55.2 0.66 Qwen2.5-VL-3B 1.03 52.3 3.75
Qwen2.5-VL-7B 7.04 65.59 2.3 Qwen2.5-VL-7B 2.65 57.48 4.75
Qwen2.5-VL-32B 9.9 67.9 2.87 Qwen2.5-VL-32B 4.62 61.18 5.61
Qwen2.5-VL-72B 9.77 69.87 2.98 Qwen2.5-VL-72B 3.65 59.34 5.63
Qwen2.5-Omni-3B 2.06 56.8 0.56 Qwen2.5-Omni-3B 2.12 56.87 34
Qwen2.5-Omni-7B 1.13 53.99 0.46 Qwen2.5-Omni-7B 2.66 58.62 4.12
Doubao-V2 0.56 52.39 2.12 Doubao-V2 3.32 57.7 5.79
Gemini2.5-Pro 11.41 72.5 4.72 Gemini2.5-Pro 5.22 62.06 5.92
GPT-40 3.02 58.86 0.92 GPT-40 4.16 64.58 5.03
InternVL3-1B 1.86 54.92 0.06 InternVL3-1B 3.69 61.92 1.51
InternVL3-2B 0.97 51.83 0.1 InternVL3-2B 2.9 58.95 2.83
InternVL3-8B 0.85 53.16 0.29 InternVL3-8B 1.93 55.96 3.53
InternVL3-38B 1.99 56.93 0.56 InternVL3-38B 1.96 56.87 3.99
InternVL3-78B 4.45 62.4 1.21 InternVL3-78B 2.38 57.78 4.13
LLaVA-Onevision-5B 0.76 50.85 0 LLaVA-Onevision-5B 1.72 56.12 0.48
LLaVA-Onevision-72B 0.44 48.83 0.03 LLaVA-Onevision-72B 2.51 57.57 343
LLaVA1.5-7B 0.43 50 0.01 LLaVA1.5-7B 2.27 56.56 0.87
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