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Abstract

Reading Chinese historical documents across diverse car-
riers is central to understanding the evolution of Chinese
civilization, yet remains labor-intensive and dependent on
scarce expert knowledge. Although recent large-scale mod-
els show promise on isolated historical collections, they do
not systematically probe the fundamental ability to read his-
torical documents across heterogeneous carriers. There-
fore, we present MCHDoc, a comprehensive benchmark for
reading multi-carrier Chinese historical documents. MCH-
Doc spans over 3,000 years of history and contains 15,724
high-resolution documents from six major carriers, cap-
turing rich variations in material, layout, etc. Mimicking
expert workflows, the benchmark supports page-level and
character-level recognition, as well as LLM-based post-
correction with and without external knowledge. We sys-
tematically evaluate a wide range of large-scale models
on MCHDoc. The results show that even top-tier mod-
els struggle with multi-carrier historical documents. Fur-
thermore, our analysis highlights several key factors for ef-
fectively adapting large models to Chinese historical texts.
MCHDoc thus offers a standardized, challenging, and his-
torically grounded benchmark for reading Chinese histor-
ical documents and provides a foundation for future re-
search in document analysis and digital humanities. The
dataset will be released in https://github.com/
blackprotoss/MCHDoc.

1. Introduction

Chinese historical documents embody the extensive and
profound traditional Chinese culture. Over the long course
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Figure 1. (a) Examples of six carriers. (b) Expert reading process
for Chinese historical documents (Red characters: uncertain, Blue
text: relevant reference, Green characters: rectified)

of history, the carriers of these texts have undergone con-
tinuous evolution, ranging from early forms such as Silk
to later manuscripts on Paper, each reflecting distinct calli-
graphic and aesthetic characteristics, as shown in Fig. 1(a).
Such artifacts enable digital preservation and support fur-
ther historical studies [41]. In the past, experts manually
recognized characters from documents and then consulted
other professional historical sources or relied on their own
domain knowledge to correct these recognized texts, as
shown in Fig. 1(b). However, such traditional methods are
time-consuming, labor-intensive [33], and heavily depen-
dent on experts with highly differentiated expertise tailored
to each historical carrier [11]. For instance, experts profi-
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Figure 2. The Illustration of four Evaluation Tasks for Recognition and Post-Correction on Chinese Historical Documents (Red characters:

uncertain, Green characters: rectified)

cient in reading books from the Ming dynasty may not be
able to transcribe the Oracle Bone from the Shang dynasty
precisely.

Recently, Multimodal Large Language Models
(MLLMs) and Large Language Models (LLMs) [1, 10, 14]
have shown potential in dealing with Chinese docu-
ments [12, 34, 37]. As a result, we aim to explore their
ability to read Chinese historical documents. Although
several studies have conducted preliminary explorations on
reading Chinese historical documents [21, 23, 38], several
limitations still remain. Firstly, most studies are devoted
to Chinese cultural analysis [2, 21, 38], yet paying little
attention to the basic reading capability. Secondly, some
works focus only on the document recognition [21, 38],
ignoring the importance of the text post-correction by
verification and citation, which is essential for maintaining
the integrity of historical records and enabling reliable
scholarly study. Thirdly, the recent Chinese historical
documents benchmarks are restricted to a narrow range
of carriers [2, 22, 23, 38] and comprise a relatively small
number of documents [28, 38, 45], limiting their ability to
support broad and systematic studies of Chinese history.

To tackle these challenges, we introduce a comprehen-
sive benchmark for reading Chinese historical documents.
It features a wide array of characteristics reflecting both
diversity and breadth, containing over 15,000 annotated
images across six main carriers in history: AncientBook
(Hemp Paper), JianDu (Bamboo Slips), Calligraphy (Xuan
Paper), Inscription, Silk, and Oracle Bone. Notably, to en-
hance the diversity and temporal span of carriers, we man-
ually annotated a large number of inscription-based doc-
uments. This enriched dataset provides a holistic bench-
mark for evaluating model performance across various his-

torical contexts on different materials. Our benchmark
bridges different dynasties, covering varied visual forms,
damage levels, and calligraphic styles that serve as a rigor-
ous testbed for evaluating comprehensive reading capabil-
ity of large multimodal models. Based on this benchmark,
we conduct a comprehensive evaluation of over 20 repre-
sentative MLLMs and LLMs through four reading tasks
for the MCHDoc (Fig. 2), mimicking the workflow of hu-
man experts: (1) Page-level recognition, (2) Character-level
recognition, (3) Traditional Chinese text post-correction
with internal knowledge, (4) Traditional Chinese text post-
correction with an external ancient Chinese text knowledge
base. The results demonstrate that while top-tier MLLMs
and LLMs attain encouraging results on certain carriers,
their performance fluctuates significantly across different
carriers. This notable variation highlights the challenge
of achieving true cross-carrier generalization. The further
analysis of results reveal several interesting phenomena that
warrant deeper investigation.

In summary, our main contributions are:

¢ A large-scale, multi-carrier benchmark for reading
Chinese historical documents, featuring unprecedented
diversity across six carrier types ranging from the 16th
century BC to the 20th century AD to facilitate robust
model evaluation.

¢ A thorough evaluation of the reading capabilities of
MLLMs and LLMs on MCHDoc. We conduct a
thorough experiment of testing open-source models and
closed-source models for reading the MCHDoc.

* A comprehensive analysis of the results, revealing their
existing strengths and shortcomings, thereby providing
directions for Chinese historical culture research.
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Figure 3. Overview and Statistics of Multi-carrier Chinese Historical Documents (MCHDoc).

2. Related Work

2.1. Benchmarks for Chinese Historical Documents

In recent years, document reading tasks have made some
preliminary progress, supported by the development of
deep learning [15, 30] and the availability of large-scale
datasets [5, 43]. Within this field, Chinese historical doc-
uments present additional challenges due to their complex
layouts, diverse scripts, and various types of degradation. A
number of datasets have been proposed to facilitate research
on these materials. MSHisDoc [28] serves as a large-scale
collection of over 8,000 ancient books. HisDoc-1B [29] ex-
tends this resource by enlarging the data scale and improv-
ing annotation accuracy and scenario diversity. Ancient-
Doc [38] includes more than 3,000 ancient books and de-
fines five representative tasks for evaluation. In addition
to textual corpora, several datasets focus on other histor-
ical carriers. DeeplianDu [22] contains digitized images
of bamboo slip manuscripts with aligned Chinese seman-
tic annotations. CalliBench [23] provides data for Chi-
nese Calligraphy analysis. CIRI [45] focuses on Inscription
restoration using images augmented with synthetic noise,
and OBI-Bench [2] covers Oracle Bone with multiple tasks
such as classification and retrieval.

2.2. Chinese Text Post-Correction

Text correction aims to automatically detect and rectify
spelling, grammatical, or semantic errors in text. Early
neural approaches [17, 18] formulated Chinese text post-
correction as a sequence labeling or sequence-to-sequence
problem. PLOME [20] introduces a masking strategy based
on a confusion set that replaces masked tokens with visu-
ally or phonetically similar characters during pre-training,
enabling the BERT model [6] to better understand common
error patterns and increase correction accuracy. A training-
free LLM-based approach [42] has been developed for gen-
eral Chinese character error correction, addressing not only
traditional substitution errors but also insertion and deletion
errors that are often overlooked. GrammarGPT [7] demon-
strates that open-source LLMs can achieve strong perfor-
mance on Chinese grammatical error correction through in-
struction tuning on a small hybrid dataset with error invari-
ant augmentation. However, existing text correction models
developed for modern Chinese are inadequate for ancient
Chinese texts, due to significant differences in grammar and
linguistic structure.

2.3. Retrieval-Augmented Generation

Querying external knowledge bases requires mechanisms
for effectively accessing and leveraging relevant informa-
tion. Retrieval-Augmented Generation (RAG) [16] in-



tegrates retrieval approaches into large language models
to improve factual grounding and contextual reasoning.
By retrieving relevant evidence, RAG enables models to
overcome the limitations of parametric memory and en-
hances their robustness in knowledge-intensive scenarios.
In the context of reading Chinese historical documents, such
retrieval-augmented frameworks can serve as reliable post-
correction tools by correcting the original text against real
textual sources.

3. MCHDoc

In Section 3.1, we present the sources of different carriers in
MCHDoc, followed by a description of the manual labeling
process for the Inscription carrier in Section 3.2. Then, In
Section 3.3, we provide a statistical analysis of our bench-
mark and conduct comparisons with previous benchmarks..
Finally, In Section 3.4, we describe how the external knowl-
edge base is constructed.

3.1. Data Collection

Our data collection is distinguished by its comprehensive
inclusion of multi-carrier Chinese historical documents,
moving beyond the single carrier focus typical of prior stud-
ies. The corpus covers six representative carriers: (1) An-
cientBook (Hemp Paper), sourced from M5HisDoc [28],
representing traditional bookmaking widely used through-
out imperial China. (2) JianDu (Bamboo Slips) from
DeeplianDu [22], excavated primarily in the northwest-
ern regions of China, preserving early administrative and
legal records. (3) Calligraphy (Xuan Paper) from Cal-
liBench [23], providing high-quality samples of literary and
artistic writing that reflect classical scholarly culture. (4)
Inscription, collected from museum holdings, document-
ing carved historical records on stone or metal surfaces that
serve as direct epigraphic evidence. (5) Silk, a key medium
for manuscripts and artworks, is adopted from the Wa-net
dataset [19] and represented in a character-level format due
to its unique degradation and preservation characteristics.
(6) Oracle Bone, drawn from OBI-Bench [2] and discovered
at the Yinxu archaeological site, provided in character-level
format to capture the earliest stages of Chinese writing used
in divination practices. By integrating both page-level and
character-level data across these materially and geograph-
ically diverse carriers, our dataset offers a more holistic
foundation for research on multi-carrier Chinese historical
documents.

3.2. Inscription Document Annotation

The annotation of inscription documents, particularly rub-
bings of steles and other carved artifacts, poses unique chal-
lenges due to the complex degradation and stylistic char-
acteristics of ancient scripts [45]. Each inscription image
was transcribed by annotators trained in ancient Chinese

epigraphy and subsequently verified through peer review.
For ambiguous characters, annotators consulted relevant lit-
erature and epigraphic resources, and disagreements were
resolved through third-party adjudication. After verifica-
tion, all inscriptions were systematically organized by dy-
nasty and inscription name, forming a structured corpus for
downstream research and cultural heritage preservation.

3.3. Benchmark Analysis

Building on the above efforts, we construct MCHDoc with a
total of 15,724 Chinese historical document pages and con-
duct a detailed analysis of its composition. Concretely, the
dataset spans six carrier types from the 16th century BC
to the 20th century AD (Fig. 3(a)), including AncientBook
(Hemp Paper), JianDu (Bamboo Slips), Calligraphy (Xuan
Paper), Inscription (Stone), Silk, and Oracle Bone. Fig. 1(a)
shows representative examples of each carrier, highlight-
ing their distinct visual characteristics and material textures.
Each carrier contributes a different proportion to the over-
all corpus, naturally reflecting the diversity and imbalance
inherent in real-world historical materials.

Compared with previous benchmarks (Tab. 1), MCH-
Doc offers a substantially more comprehensive and realistic
evaluation setting. It jointly supports both recognition and
post-correction tasks, extends the scope from single carrier
collections to six materially heterogeneous and historically
grounded carriers, and scales the corpus to a larger and more
diverse benchmark that is substantially larger than existing
Chinese historical document recognition benchmarks. This
design better captures the real-world complexity of reading
Chinese historical documents.

To provide a deeper understanding of the dataset com-
position, we further analyze each carrier in terms of im-
age scale, average page resolution, and average number of
characters per page. As reported in Tab. 2, image resolu-
tions vary significantly across carriers, from 77x135 pixels
for small Oracle Bone fragments to over 2,300x2,000 pixels
for AncientBook pages. Moreover, for page-level carriers,
as shown in Fig. 3(b), AncientBook pages typically contain
hundreds of characters, with a relatively balanced distribu-
tion between 200 and 1,000 characters. In contrast, JianDu,
Calligraphy, and Inscription images usually contain fewer
than 100 characters per image. We also analyze character-
level feature distributions for Silk and Oracle Bone by vi-
sualizing CLIP-based [27] embeddings with UMAP [24].
As illustrated in Fig. 3(c), characters on Silk form relatively
compact clusters, whereas Oracle Bone characters exhibit a
much more scattered structure, indicating higher diversity
within class and stronger shape variation. This aligns with
their different recording carriers and writing forms: An-
cientBook pages are paragraph-based, while other carriers
(e.g., Inscription, JianDu) are dominated by fragmented or
short textual content.



Table 1. Comparison between MCHDoc and Previous Chinese Historical Document Benchmark. v* indicates support for the task.

Benchmarks Scale Carrier Task
AncientBook JianDu Calligraphy Inscription Silk Oracle Bone | OCR Post-Correction

MS5HisDoc [28] 8,000 v X X X X X v X

CalliBench [23] 3,192 X X v X X X v X

AncientDoc [38] 3,000 v X X X X X v X

OBI-Bench [2] 1,500 X X X X X v v X

MCHDoc(Ours) 15,724 v v v v v v v v

Table 2. Statistics of Different Carriers 10000 a

Carrier Scale  Avg. Size  Avg. Character § so00

AncientBook 3,000 2327x2039 577 g 000

JianDu 3,000 278x1834 14 g 2000 s

Calligraphy 3192 1211x1647 38 g

Inscription 5152 691x159%4 15 Z 2000 1835

Silk 881 114x162 - [

Oracle Bone 499 77 %135 - ® " o-100 100-300  300-1000 1000-5000 5000-10000 10000+

Overall, these analyses reveal three key challenge fac-
tors in MCHDoc: large variation in image pixels, highly
diverse and imbalanced character count distributions, and
glyph shape diversity across carriers. Together, they make
MCHDoc a challenging and comprehensive benchmark for
Chinese historical document reading.

3.4. Knowledge Base Construction

Post-Correction with references is the most rigorous read-
ing method. In view of the overwhelming volume of his-
torical sources in real life, the knowledge base is a vast col-
lection of Chinese historical documents, functioning as an
essential reference for post-correction. The primary source
for our knowledge base is Daizhige [8], which functions
as a comprehensive database of ancient Chinese texts. It
encompasses nearly 16,000 ancient books across ten major
categories, including Classics, Histories, Philosophers, Col-
lections, Poetry and Arts, I Ching studies, Medicine, Bud-
dhism, and Taoism. The total number of characters in the
knowledge base surpasses 1.7 billion. During the knowl-
edge base construction, we adopt an adaptive, hierarchical
chunking strategy to accommodate the substantial variation
in document lengths within the corpus (Fig. 4). The detailed
chunking strategy is provided in the Appendix.

4. Experiment

4.1. Experiment Protocol

In this benchmark, we evaluate multiple MLLMs/LLMs, in-
cluding both locally open-source models, fine-tuned mod-
els, and remote API-based closed-source models. All the
versions were released before 2025 October 1st. In evalua-

Character Count Range

Figure 4. Overview of Knowledge Base Data Distribution.

tion, some models may fail to return results for certain sam-
ples due to various reasons, including model limitations,
network issues, or violations of the API security guidelines.
All such missing predictions, which account for a small
number of cases (overall less than 3%), are treated as failed
samples (counted as 0) in metric computation to reflect both
model performance and practical usability.

4.2. Evaluation Metric

To thoroughly assess the model performance, we employ
three representative metrics: Accurate Rate (AR) [25], Cor-
rect Rate (CR) [25], and 1-NED (1-Normalized Edit Dis-
tance) [40] to compute the similarity between the predicted
and ground-truth strings.

AR :(Nt—De_Se_Ie)/Nt7
CR = (Nt— Dc— Sc)/Nt,
Where D., S., and I, represent the total number of dele-

tion, substitution, and insertion errors, respectively, and NV,
is the total number of characters in the annotations.

(eY)

Degit

1-NED =1 maxEorets Lome) 2)
Where D.q4;: is the Levenshtein edit distance, defined as
the minimum number of single-character operations (inser-
tion, deletion, or substitution) required to transform one
string into another. Lyeq and Lyye denote the lengths of
the predicted and ground-truth sequences, respectively. A
higher 1-NED value indicates greater sequence similarity

and better overall correction performance.
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Figure 5. The Performance of Top-Tier Models on four Tasks.

4.3. Results

Page-level Recognition. Page-level recognition is the dom-
inant paradigm in large-scale digitization of Chinese his-
torical documents, so we first evaluate all models in this
end-to-end setting [36]. As shown in Tab. 3, the results
can be summarized from three perspectives: (1) Overall
capability. Doubao-Seed-1.6-VL achieves the best over-
all performance, with Qwen2.5-VL-3B (SFT) and GLM-
4.5V-106B as close followers, whereas the GPT series and
MiniCPM-V-4.5-8B perform poorly on AncientBook, indi-
cating that generic MLLMs struggle with long-context his-
torical pages. (2) Carrier-wise difficulty. Performance
varies dramatically across carriers: while top-tier mod-
els handle AncientBook and Inscription relatively well, all
models perform poorly on JianDu, showing that its se-
vere degradation and unique texture remain challenging.
(3) Scaling and training strategy. Within the Qwen2.5-
VL and InternVL3.5 families, larger variants generally
yield better results on harder carriers, and the fine-tuned
Qwen2.5-VL-3B (SFT) nearly closes the gap to the closed-
source Doubao model, suggesting that domain adaptation is
as important as model size.

Character-level Recognition. Character-level recognition
offers a more fine-grained view by reducing the reliance
on long-range language modeling and focusing on visual
decoding. For Silk and Oracle Bone, where page-level
samples are scarce, we only conduct character-level exper-
iments. In addition, from the first four carriers, we select
pages whose page-level accuracy (1-NED) is below 15%,
crop them into individual characters using coordinates, and
uniformly sample 500 characters per carrier. As shown in
Tab. 4, the main observations are: (1) Overall capability.
Qwen-VL-Max achieves the best overall performance, with
GLM-4.5V-106B and InternVL3.5-1B (LoRA [13]) close
behind; Qwen and GLM are consistently strong on An-
cientBook and Calligraphy, while the GPT series remains
clearly inferior. (2) Carrier-wise difficulty. All models
perform poorly on JianDu, Silk, and Oracle Bone, indicat-

ing that even at the character level, their extreme degra-
dation and atypical writing styles are still hard to recog-
nize. (3) Scaling vs. adaptation. Parameter scaling does
not yield monotonic gains: compact, domain-adapted vari-
ants (e.g., InternVL3.5-1B (LoRA [13])) can rival or sur-
pass much larger general models, a trend that echoes but is
more pronounced than in the page-level results.

LLM Post-Correction. We further evaluate whether LLMs
can improve recognition through post-correction using only
their internal knowledge. Concretely, we feed the page-
level outputs of Doubao-Seed-1.6-VL [9] into each LLM
and let it revise the text without external retrieval. As shown
in Tab. 5, we have three main observations: (1) Overall ef-
fect. Post-correction rarely helps and often hurts: almost
all LLMs degrade the original 1-NED, with the inscription
carrier suffering the largest performance drop. (2) Carrier-
wise behavior. For AncientBook, JianDu, and Calligraphy,
the changes are generally small, indicating that naive post-
correction neither consistently fixes errors nor catastrophi-
cally corrupts the outputs. (3) Reasoning vs. robustness.
Models that perform more aggressive reasoning (e.g., the
Gemini and Deepseek series) tend to introduce larger degra-
dations, suggesting that blind LLM-based correction with
internal knowledge alone is unsafe for high-stakes histori-
cal text digitization.

Knowledge-based LLM Post-Correction. We further
evaluate knowledge-based post-correction, where LLMs are
augmented with an external epigraphic knowledge base.
Complete results are deferred to the Appendix. As shown
in Tab. 6, we observe: (1) Overall gains. Most mod-
els achieve clear improvements on AncientBook and Cal-
ligraphy, often surpassing the raw recognition outputs
and the internal-only post-correction setting. (2) Role of
reasoning. Reasoning-enhanced variants (e.g., Gemini-
2.5-Flash-Think, Deepseek-V3.1-Think) consistently out-
perform their non-reasoning counterparts when external
knowledge is available, in contrast to the degradation ob-
served with internal knowledge alone. (3) Failure cases.
On JianDu, the extremely low recognition quality leads to



Table 3. Recognition Accuracy (%) on Page-level Benchmark. The Red and Blue denote the optimal and sub-optimal results, respectively.

Models AncientBook JianDu Calligraphy Inscription

AR CR 1-NED AR CR 1-NED AR CR I-NED AR CR 1-NED

Closed-Source MLLMs
GPT-40 [14] 241 5.49 3.92 6.59  9.51 4.35 26.78 31.25 2520 20.00 27.00 18091
GPT-5 [14] 6.02  7.58 6.87 10.68 1149 1042 31.87 34.19 3123 5132 5265 50.86
Doubao-Seed-1.6-VL [9] 54.05 61.62 56.52 19.52 21.68 18.82 50.71 57.64 4981 6596 6827 65.90
Gemini-2.5-Pro [3] 4598 5696 4831 1059 1291 896 4379 5044 4259 4586 49.39 45.78
Qwen-VL-Max [26] 30.69 41.12 3329 1482 17.51 1347 4733 5299 4647 4351 49.13 4325
Open-Source MLLMs
MiniCPM-V-4.5-8B [39] 1.44 1.57 1.58 7.80  8.53 726 3525 40.80 3390 28.76 30.12 27.73
GLM-4.1V-10B [32] 3426 4470 3504 16.14 19.03 15.11 3390 49.89 30.56 44.18 58.15 42.70
GLM-4.5V-106B [32] 4637 5443 4759 1818 19.84 17.68 4645 51.06 4555 5415 57.20 53.71
Qwen2.5-VL-3B [1] 30.57 33.89 29.55 7.18  7.68 6.88 33.69 37.70 3334 49.32 50.13 4896
Qwen2.5-VL-7B [1] 33.05 3831 3546 1050 11.38 12.63 35.16 40.88 3454 30.07 36.94 3093
Qwen2.5-VL-32B [1] 1391 23.62 17.01 886 1122 7.14  39.63 48.14 3822 3698 4454 36.18
Qwen2.5-VL-72B [1] 4486 53.13 4695 1750 1935 16.06 48.11 53.68 47.22 5124 5468 50.77
InternVL3.5-1B [35] 30.76  39.57 33.10 440 5.01 3.78 34.69 4194 3388 3049 3529 29.13
InternVL3.5-4B [35] 3745 41.16 38.15 425 496 3.68 4475 50.67 4391 3347 35.14 32.60
InternVL3.5-8B [35] 4221 4754 4330 537  6.67 4.13 4323 4942 4202 3480 36.68 33.54
InternVL3.5-38B [35] 5240 5749 5403 979 11.02 857 4265 47773 42,65 5445 5649 53.79
InternVL3-78B [44] 11.04 1633 14.18 9.17 1040 8.39 3421 40.25 3399 4528 4848 44.63
Fine-tuned MLLMs

Qwen2.5-VL-3B(SFT) [26] 52.53 56.46 5253 17.80 21.42 17.09 55.09 57.71 5426 49.26 5156 48.44

Table 4. Recognition Accuracy (%) on Character-level Bench-
mark. The Red and Blue denote the optimal and sub-optimal re-
sults, respectively.

Models ACC (%)
Anc. Jian. Calli. Ins. Silk Oracle.
Closed-Source MLLMs
Qwen-VL-Max [26] 67.6 13.0 548 282 49 4.0
Gemini-2.5-Pro [3] 430 64 392 156 32 5.6
GPT-4o0 [14] 33.0 42 296 98 2.0 2.6
GPT-5 [14] 350 54 266 86 30 6.0
Doubao-Seed-1.6-VL [9] 640 88 480 138 39 34
Open-Source MLLMs
GLM-4.1V-10B [32] 648 86 468 106 25 24
GLM-4.5V-106B [32] 662 116 49.0 166 38 4.4
Qwen2.5-VL-3B [26] 622 86 344 1.2 28 24
Qwen2.5-VL-7B [26] 65.6 134 468 70 4.0 2.8
Qwen2.5-VL-32B [26] 500 64 320 22 23 1.8
Qwen2.5-VL-72B [20] 620 128 348 68 2.7 2.8
InternVL3.5-1B [35] 13.6 03 144 58 08 0.2
InternVL3.5-4B [35] 54 1.5 10.5 25 1.0 04
InternVL3.5-8B [35] 19.6 0.6 120 22 1.4 0.4
InternVL3.5-38B [35] 358 44 454 200 52 5.0
MiniCPM-V-4.5-8B [35] 390 7.6 320 114 124 6.0
Fine-tuned MLLMs
InternVL3.5-1B(LoRA) [35] 62.6 17.6 40.8 18.6 5.5 5.6

unreliable retrieval, leaving little room for effective correc-
tion; on Inscription, each cropped image covers only a small
fragment of a long stele, so fragment-level queries often
miss the correct entry in the knowledge base, resulting in
limited gains.

4.4. Discussion

In this section, we conduct a comprehensive analysis of the
performance of the model on reading multi-carrier Chinese
historical documents and find several factors affecting the
ability of the model. More detailed analyses are provided in
the Appendix.

Importance of Training Corpus. As shown in Fig. 5(a)
and (b), models trained with Chinese historical document
image recognition generally outperform those without such
training. For instance, Doubao-Seed-1.6-VL [9] reported
utilizing extensive Chinese historical document images and
corresponding text as training data during pre-training, en-
abling it to achieve the strongest overall performance in
multi-source classical text document recognition. To fur-
ther validate this observation, we constructed a page-level
and character-level training dataset (Appendix) for multi-
carrier Chinese historical text recognition. Qwen2.5-VL-
3B [1] significantly outperformed many large-parameter
models under full-parameter fine-tuning in page-level
recognition, with its overall performance trailing only
Doubao-Seed-1.6-VL [1].  InternVL3.5-1B [35] with
LoRA [13] also surpasses various large-scale models in
character-level recognition.

Limitation of Internal Knowledge. As shown in Fig. 5(c),
when leveraging their internal knowledge without external
retrieval, LLMs fail to perform effective correction across
all six historical carriers. Even for specific carriers such
as AncientBook and Inscription, where the recognition ac-



Table 5. LLM Post-Correction Performance based on Recognition Results of Doubao-Seed-1.6-VL [9]. The Red and Blue denote the
optimal and sub-optimal results, respectively.

Models AncientBook JianDu Calligraphy Inscription
AR CR 1-NED AR CR 1-NED AR CR 1-NED AR CR 1-NED
Closed-Source LLMs
Gemini-2.5-Pro [3] 47.65 5243 4857 1335 1522 1232 4388 49.81 4260 46.12 50.15 45.13
Qwen2.5-Max [26] 51.37 60.21 5426 1747 2098 1641 48.12 5721 4793 5776 66.23 59.11
Doubao-Seed-1.6 [9] 51.38 57.82 5298 16.10 18.14 15.08 41.63 47.67 4030 55.09 59.35 54.73
Kimi-K2 [31] 53.38 60.50 5539 1738 1932 1624 4873 5534 4725 59.72 6346 59.46
GPT-4o0 [14] 4895 5531 5096 1773 1996 16.87 49.28 56.19 48.23 61.81 65.08 61.65
GPT-5[14] 4820 53.14 4939 1537 1743 1422 4623 5295 4472 51.32 52,65 50.86
Gemini-2.5-Flash [3] 5343 6047 5549 1678 18776 1583 46.13 5293 4475 5839 61.64 58.00
Gemini-2.5-Flash-Think [3] 50.59 5648 51.86 1641 1855 1548 46.54 5299 4510 56.32 59.71 55.81
Open-Source LLMs
Deepseek-V3-671B [4] 5331 6043 5539 1876 20.82 17.89 49.94 56.99 4893 62.84 66.58 62.83
Deepseek-V3.1-671B [4] 5292 60.35 55.11 1632 18.19 1546 45.09 50.84 44.15 6399 66.87 63.80
Deepseek-V3.1-Think-671B [4] 4931 54.05 50.73 17.26 19.19 1635 4420 49.78 4320 57.02 60.11 56.60
Deepseek-R1-671B [10] 48.71 52.82 49.76 16.11 1799 1517 4648 5232 4511 53.61 56.73 53.09

Table 6. Knowledge-based LLM Post-Correction Performance based on Recognition Results of Doubao-Seed-1.6-VL [9]. The Red and
Blue denote the optimal and sub-optimal results, respectively. Values with

borders denote better than recognition results.

Models AncientBook JianDu Calligraphy Inscription
AR CR 1I-NED AR CR 1I-NED AR CR 1-NED AR CR 1-NED
Closed-Source LLMs
Kimi-K2 [31] 4778 5051 4856 1887 21.55 17.70 59.79 64.69 5895 5533 63.36 55.82
Qwen2.5-Max [26] 3331 3538 3404 1773 2056 1641 53.80 60.17 5291 53.72 60.70 53.28
Gemini-2.5-Pro [3] 59.92 61.89 60.73 1395 1570 1299 5870 61.50 57.68 29.98 32.63 28.15
Gemini-2.5-Flash [3] 5934 6461 6136 1799 2045 1677 56.64 62.14 5571 51.02 59.56 51.51
Gemini-2.5-Flash-Think [3] 64.11 68.05 65.64 1721 1922 1587 63.02 6650 62.16 4407 4842 4251
Gemini-2.5-Flash(Reranker) [3] 59.70 64.93 61.75 18.06 20.72 1691 56.23 61.87 5543 5145 59.75 51.70
Open-Source LLMs

Deepseek-V3-671B [4] 5835 6148 5933 1754 1970 1638 6395 67.03 63.12 46.73 52.19 46.26
Deepseek-V3.1-671B [4] 5693 61.57 5857 1640 1954 1516 56.51 61.63 5540 39.77 40.52 38.88
Deepseek-V3.1-Think-671B [4] 61.33 62.85 6195 1895 21.36 1791 7340 7546 7292 41.00 4447 39.40
Deepseek-R1-617B [10] 60.99 64.16 6232 1584 18.13 14.62 61.18 6549 60.17 3487 39.25 32.66

curacy is relatively high, the models still struggle to revise
misrecognized characters once erroneous text is provided
as input. For more challenging carriers such as JianDu, the
situation is even worse, as the severely noisy text input im-
pairs the capacity of LLMs. These results suggest that self-
contained knowledge in LLMs is insufficient for robust cor-
rection, emphasizing the necessity of knowledge-grounded
approaches.

Effectiveness of External Knowledge Base. As shown in
Fig. 5(c) and (d), models that rely solely on the paramet-
ric knowledge encoded during pre-training struggle to ac-
curately correct recognition errors, particularly when fac-
ing ambiguous glyphs or domain-specific linguistic patterns
in Chinese historical documents. In contrast, incorporating
external knowledge, such as authoritative text references,
provides concrete signals that guide the correction process.
With this additional grounding, several models exhibit sub-

stantial improvements and are able to produce accurate cor-
rections on carriers such as AncientBook and Calligraphy,
underscoring the critical role of external knowledge in en-
abling robust correction in specialized domains.

5. Conclusion

In this paper, we introduce MCHDoc, a comprehensive and
challenging benchmark that assesses the reading capabili-
ties of various large-parameter models on Chinese histori-
cal documents across multiple carriers. By covering a wide
array of carriers and fine-grained tasks, MCHDoc fills a gap
in existing works, providing a holistic evaluation framework
for recognition and post-correction tasks. The results show
that even top-tier models struggle with multi-carrier Chi-
nese historical documents, and we further find that external
historical knowledge base are crucial for post-correction,
providing invaluable insights for digital humanities.
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