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MCHDoc: A Comprehensive Benchmark for Reading Multi-Carrier

Chinese Historical Documents

Supplementary Material

In this Supplementary Material, we provide:001

• The Details of MCHDoc002

• Case Study003

• An Exploratory Investigation into Knowledge-Based004

LLM Post-Correction005

• Limitation and Future Work006

1. The Details of MCHDoc007

1.1. Explanations of six Carriers008

AncientBook. AncientBook is primarily written or printed009

on hemp paper, which is made from processed plant fibers010

such as hemp, mulberry, or ramie. This type of paper is011

characterized by its strong and durable texture, good ink ab-012

sorbency, and resistance to decay. However, after centuries013

of preservation, many pages exhibit yellowing, ink bleed-014

ing, and surface degradation, which complicate character015

recognition and restoration.016

JianDu. JianDu, also known as bamboo slips, was made017

from bamboo, which was used as writing materials before018

the widespread use of paper. The vertical arrangement of019

slips and the uneven surface of bamboo make the text seg-020

mented and difficult to align, leading to increased OCR dif-021

ficulty.022

Calligraphy. Calligraphy works are often written on023

xuan paper. Xuan paper, also known as rice paper, is a024

high-quality handmade paper traditionally produced in Xu-025

ancheng, Anhui Province. It is made from a blend of Ptero-026

celtis tatarinowii bark and straw or other plant fibers. The027

paper is lightweight yet tough, featuring a smooth surface028

and excellent ink absorbency, which allows brush strokes to029

spread naturally and produce rich tonal variations.030

Inscription. Inscription refers to characters carved on031

stone or metal surfaces, such as steles, tablets, or bronze032

vessels. The rigid and reflective materials produce strong033

lighting variations and shadows in captured images. Over034

centuries of exposure and rubbing, these carriers exhibit035

diverse types of degradation, including surface erosion,036

cracks, discoloration, and loss of carved depth. Such degra-037

dation results in blurred or partially missing characters,038

making recognition and restoration particularly challenging039

for vision-based models.040

Silk. Silk was used for writing and painting before paper041

became widespread, particularly during the Warring States.042

The soft and glossy texture of silk provides a smooth writ-043

ing surface but tends to age poorly, resulting in cracks, dis-044

coloration, and partial loss of text. Moreover, the scripts045

Table 1. Statistics of Different Carriers in MCHDoc

Carrier Scale Avg. Size Avg. Character Categories

AncientBook 3,000 2327×2039 577 15249

JianDu 3,000 278×1834 14 1671

Calligraphy 3192 1211×1647 38 4508

Inscription 5152 691×1594 15 4369

Silk 881 114×162 - 535

Oracle Bone 499 77×135 - 100

on silk, such as early clerical or proto-regular styles, differ 046

markedly from the standardized characters used after the 047

Han dynasty. 048

Oracle Bone. Oracle Bone is the earliest known carrier of 049

Chinese writing, carved on tortoise shells or animal bones 050

during the Shang dynasty. The ancient script forms on or- 051

acle bones are drastically different from the later clerical 052

and regular scripts standardized after the Han dynasty, with 053

complex pictographic structures and many extinct glyphs. 054

1.2. Long­tail Distribution of Four Carriers 055

In this section, we observe that all four page-level carri- 056

ers exhibit a clear long-tail distribution, as illustrated in 057

Fig. 1. This observation could guide future efforts to im- 058

prove recognition performance on rare categories. 059

1.3. MCHDoc Trainset 060

In this paper, we introduce a dual-granularity dataset specif- 061

ically designed for training small-parameter multimodal 062

models. We hypothesize that training data incorporating 063

both broad global context (page-level) and fine-grained lo- 064

cal features (character-level) can effectively compensate for 065

the performance degradation often associated with limited 066

model capacity. The dataset is composed of two main parts: 067

(1) Page-level Data: it contains 10,000 full document im- 068

ages across four carriers. This part is utilized for training the 069

model’s page-level recognition. (2) Character-level Data: 070

it contains 6,134 character-level images across six carriers. 071

This collection was curated to train the model’s character- 072

level recognition. 073

1.4. Benchmark Version 074

The experimental results of Calligraphy reported in the 075

main paper are based on an earlier release of CalliBench 076

(released on June 25th). 077
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(b) JianDu

(c) Calligraphy

(a) AncientBook

(d) Inscription

Figure 1. Long-tail Distribution of four Page-level Carriers in MCHDoc (The portion to the right of the blue dashed line corresponds to

categories whose occurrence frequency is fewer than five times)

2. Case Study078

After extensive evaluations, we observe that the overall per-079

formance of existing models still falls short of handling the080

diverse challenges present in our benchmark. To shed light081

on these limitations, this section presents a detailed anal-082

ysis of representative failure cases, which helps reveal the083

underlying error patterns and provides actionable directions084

for future research.085

For the recognition task, we select representative failure086

cases from two perspectives. For the page-level setting, we087

focus on images whose 1-NED falls below 10%. For the088

character-level setting, we examine samples with an accu-089

racy of 0. All examples are drawn from the best-performing090

four models in each category, ensuring that the analyzed er-091

rors reflect intrinsic challenges rather than deficiencies of092

weaker systems.093

2.1. Effect of Hard Font Style on Recognition Ac­094

curacy095

Through the analysis of these failure cases, we further sum-096

marize several categories of inherently difficult script styles,097

including Oracle Bone Script, Seal Script, Semi-cursive098

Script (Xing Shu), and Cursive Script (Cao Shu). These099

scripts consistently exhibit significantly lower recognition100

accuracy across models (Fig. 2).101

The difficulty largely stems from their high visual com- 102

plexity, such as irregular glyph structures, large intra-class 103

variability, and strong stylistic deformations. In Oracle 104

Bone Script, the pictographic obscures the correspondence 105

between glyphs and their modern forms. Seal Script in- 106

troduces dense, rounded, and often symmetric patterns that 107

many models mistake for visually similar characters. Semi- 108

cursive and cursive scripts further challenge the system due 109

to stroke merging, ligatures, unstable writing speed, and 110

personalized handwriting styles, which dramatically reduce 111

the clarity of character boundaries. 112

Together, these factors make the four script styles par- 113

ticularly error-prone, revealing not only the limitations of 114

current models but also the necessity of designing recogni- 115

tion systems that are more robust to structural variability, 116

historical script diversity, and extreme stroke deformation. 117

2.2. Degradation Artifacts Impair Recognition Per­ 118

formance 119

Beyond script complexity, we further identify several forms 120

of document degradations that substantially impair recogni- 121

tion quality (Fig. 3). 122

Blurred Text often appears in low-resolution scans or due 123

to ink diffusion on aged paper. Such blurring erases fine 124

stroke boundaries and prevents the model from capturing 125

subtle radical-level distinctions, resulting in frequent mis- 126
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Oracle Bone Script

GT:希

人

茶

入

戈

Seal Script

美

笑

掌

冬

GT:身豈无差别仏告冣勝身无差别……

Semi-Cursive Script

夕生無量大仙共集身足乃至初…

道喪文弊久矣文章合爲時而
著歌詩合爲事而作

道出洪荒百代宗法是唐宋
元明計多奇古意未窮此際
忽生三複武夷山水有靈妙

處何須更問渠

皆道存三皓秩艾韋穹署
殊衆清禁江比況午室成
追先代茲題袁張溯韻敏
昏七哀旨筮示例解恭慮
高戰或十竅安秋徭欣國

表忽搶遜

長隨省卒不知稼取相對丁羲
皇臺軒遠然知玉軒筆不休感
幽弟下六慾師國才兵六慾重
訾新張詞瑾廬舍玉軒興國才

八六慾重笑

夕堂天會而仙共承格夕空子切…

子堂夫金佛吅衆功淂法非法國…

也同吐受之受也但破圓聲爾耳…

GT:丑

Cursive Script

GT:聞道長安似弈棋百年世事不勝悲
王侯第宅皆新主文武衣冠異昔時直北
關山金鼓振徵西車馬羽書遲魚龍寂寞
秋江冷故國平居有所。

Seed-1.6-VL

Qwen-VL-Max

InternVL3.5-

1B(LoRA)

GLM-4.5V-106B

Seed-1.6-VL

Qwen-VL-Max

InternVL3.5-

1B(LoRA)

GLM-4.5V-106B

Seed-1.6-VL

InternVL3.5-

1B(LoRA)

GLM-4.5V-106B

Seed-1.6-VL

InternVL3.5

-1B(LoRA)

GLM-4.5V-

106B

Qwen2.5-VL-3B

(SFT)

Qwen2.5-VL-3B

(SFT)

Figure 2. Effect of Hard Font Style on Recognition Accuracy(Red: wrong characters)

陽叩頭報會板十七紺足下陽旦有一削刀乃功官見知陽忘之

Background NoiseBlurred Text Occluded Character

GT: 以固禪羣臣因陛下
違天命以固辭臣等頑愚

以曰出惟漢延光命回
辭宣考

父國祗恩德聖速天命西
辭馬孝書

固辭惠文固辭臣等固
辭天命

天久合一國天久
合一四物

GT:余紙余支二反說文云逵邪行也旄謝音毛字林作嵍又作堥俱亡付
反偏音篇宛施於阮反…

漢之惡邪行反歐及稱立請於粉反丁佞聚下定反濟舸
敏本夷也郭作畝隴力弭反…

釋山第十一產不能產萬物也說反雲山宜也氣衆生施
文作塟俱正付反偏蒭冋宛於反…

硃匹特丘巨反部反施耘字楚曰沐古鐡字況戰友施育
見祐童反從乎定宅定反…

顧藏差苦作匠歷本或作靨作規反字林音危徹科大作
差何反作匠歷本或作靨作規反…

GT:陽叩頭報會板十七紺足
下陽旦有一削刀乃功官見
知陽忘之

鵬以五飛金振相足一
險且有一尚刀今馬告
兄御陰兵九力

所爲我已入金一尺直
見八萬刀行及自一蘭
越隧天田出入跡

丁械互神一杯盡知釀
暴厚曾遠方末有均價

卿以六瓶和足一階且
有一方刀之木馬谷氣

細陳兵

Seed-1.6-VL

Qwen2.5-VL-

3B(SFT)

InternVL3.5-

38B

GLM-4.5V-106B

Seed-1.6-VL

Qwen2.5-VL-3B(SFT)

InternVL3.5-

38B

GLM-4.5V-106B

Seed-1.6-VL

Qwen2.5-VL-3B(SFT)

InternVL3.5-

38B

GLM-4.5V-106B

Figure 3. Degradation Artifacts Impair Recognition Performance(Red: wrong characters)
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垂休矣世者太史氏

GT: 垂休奕世者太史氏

GT: 年七月工竣董其役

期小異耳士子六畫

GT: 期小異耳士子六畫

其小異而士子六藝

垂名於世者太史氏

垂休矣世者太史氏

年七月工竣董其役

某年七月工竣董其役

Seed-1.6-VL Recognition Result

Seed-1.6-VL Recognition Result

Seed-1.6-VL Recognition Result

DeepSeek-V3.1-Think

DeepSeek-V3.1-Think

DeepSeek-V3.1-Think

[1] 和药来无久留我死竟饮鸩自[2] 丞相曰费文伟可也臣再[3] 自少绸缪知之惟朕案行定名[4] 六七上为之不得已以为景灵[5] 不哀上大恨曰安有人不慈

GT:丞梁武帝受禪不食數日一慟而絕事

丞梁武帝受禪不食數
日一慟而絕事

[丞]梁武帝受禪不食數
日一慟而絕事

Seed-1.6-VL Recognition Result

DeepSeek-V3.1-Think

[1] 和藥來無久留我死竟飲鴆自
[2] 丞相曰費文偉可也臣再
[3] 自少綢繆知之惟朕案行定名
[4] 六七上為之不得已以為景靈
[5] 不哀上大恨曰安有人不慈

………御史中丞，梁武帝受禪，不食數
日，一慟而絕，事見《梁》……… ……

Retrieve Irrelevant Reference

Source Document

（b）Example of Inscription Failure with 

Knowledge-based LLM Post-Correction 
(a) Over Correction of LLM Post-Correction

Figure 4. Case of Post-Correction Task (Red: wrong characters, Yellow: the position of the fragment in the original document)

recognition among visually similar characters.127

Occluded Characters, particularly common in Inscription,128

arise from surface erosion, rubbing artifacts, and mottled129

damage accumulated over centuries. These occlusions may130

remove essential stroke segments or distort the overall glyph131

shape. When critical radicals are partially missing, the132

model is unable to reconstruct the intended character.133

Background Noise mainly refers to irregular white-noise134

patterns, uneven fiber structures, and scanning artifacts,135

which overlay the true character strokes. These high-136

frequency noise components interfere with feature extrac-137

tion and make the characters appear faint, patchy, and138

structurally incomplete. As a result, recognition models139

frequently fail to distinguish genuine strokes from noise-140

induced patterns, leading to substantial drops in character-141

level accuracy.142

2.3. Over­Correction Phenomena in LLM Post­143

Correction144

In our study, we observed a recurring issue in LLM-based145

post-correction(Fig. 4(a)): the model occasionally alters146

text that was originally correct, a phenomenon we refer to as147

over-correction. This occurs when the model, in its attempt148

to improve or normalize the output, misinterprets correctly149

recognized characters or words as erroneous. As a result,150

the post-corrected output may introduce new errors, reduc-151

ing overall accuracy despite the intention to improve it. 152

A primary cause of over-correction is the limited seman- 153

tic information in OCR outputs. When an LLM attempts 154

post-correction under these conditions, it often lacks suffi- 155

cient context to reliably distinguish correct from incorrect 156

characters. Consequently, the model relies heavily on its 157

own learned priors and guesses, which can lead to unneces- 158

sary or incorrect modifications. 159

2.4. External Knowledge Leads to Greater Correc­ 160

tion Errors in Inscription 161

Inscriptions are typically partial reproductions of large ste- 162

les, meaning that each document contains only a small frac- 163

tion of the text. When using an external knowledge base 164

to assist LLM post-correction, this partiality poses a signif- 165

icant challenge. Queries based on these limited text seg- 166

ments often retrieve references that are irrelevant to the 167

local context of the inscription. Consequently, when the 168

model attempts to leverage these unrelated references for 169

correction, it may introduce additional errors rather than 170

improving accuracy, as shown in Fig. 4(b). This issue il- 171

lustrates a critical limitation of knowledge-augmented post- 172

correction for inscriptions: the misalignment between the 173

local textual fragment and the global knowledge base can 174

amplify over-correction phenomena. The model’s tendency 175

to rely on plausibility cues from irrelevant references can 176
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Table 2. Average Recognition Accuracy (%) on Page-level Bench-

mark. The Red and Blue denote the optimal and sub-optimal re-

sults, respectively.

Models Version
AVG

AR CR 1-NED

Closed-Source MLLMs

GPT-4o [7] 2025-03-26 13.95 18.31 13.09

GPT-5 [7] 2025-08-07 24.97 26.48 24.84

Doubao-Seed-1.6-VL [5] 2025-07-15 47.56 52.30 47.76

Gemini-2.5-Pro [3] 2025-06-05 36.56 42.43 36.41

Qwen-VL-Max [9] 2025-04-08 34.09 40.19 34.12

Open-Source MLLMs

MiniCPM-V-4.5-8B [14] 2025-08-27 18.31 20.26 17.62

GLM-4.1V-10B [11] 2025-07-02 32.12 42.94 30.85

GLM-4.5V-106B [11] 2025-08-11 41.29 45.63 41.13

Qwen2.5-VL-3B [2] 2025-01-28 30.19 32.35 29.68

Qwen2.5-VL-7B [2] 2025-01-28 27.20 31.63 28.39

Qwen2.5-VL-32B [2] 2025-01-28 24.84 31.88 24.64

Qwen2.5-VL-72B [2] 2025-01-28 40.43 45.21 40.25

InternVL3.5-1B [12] 2025-08-25 25.09 30.45 24.97

InternVL3.5-4B [12] 2025-08-25 29.98 32.98 29.59

InternVL3.5-8B [12] 2025-08-25 31.40 35.08 30.75

InternVL3.5-38B [12] 2025-08-25 39.82 43.18 39.76

InternVL3-78B [15] 2025-04-11 24.93 28.86 25.30

Fine-tuned MLLMs

Qwen2.5-VL-3B(SFT) [9] 2025-01-28 43.67 46.79 43.08

lead to modifications that compromise the fidelity of the177

original text, particularly in cases involving rare characters,178

archaic expressions, or domain-specific terminology. Fur-179

thermore, this phenomenon highlights a fundamental ten-180

sion in knowledge-augmented correction: while external181

knowledge can provide valuable contextual signals, its in-182

discriminate application may undermine performance when183

the input is only a small excerpt of a larger document.184

3. Experimental Results185

The overall performance of page-level and character-level186

post-correction, with and without the knowledge base, is187

reported in Tabs. 2–5. In addition, the page-level and188

character-level results of Qwen3-VL are provided in Tab. 6189

and Tab. 7.190

4. An Exploratory Investigation into191

Knowledge-Based LLM Post-Correction192

This section examines the effect of knowledge base size193

and text segmentation strategy on post-correction outcomes.194

Understanding these influences not only sheds light on the195

factors that determine correction effectiveness but also pro-196

vides guidance for designing future systems that can bet-197

ter leverage external knowledge and handle diverse text198

structures. we employ the text2vec-base-Chinese [8] model199

for embedding and the bge-reranker-base [13] model for200

reranking, enabling us to assess the effects of both knowl-201

Table 3. Average Recognition Accuracy (%) on Character-level

Benchmark. The Red and Blue denote the optimal and sub-

optimal results, respectively.

Models Version AVG. ACC

Closed-Source MLLMs

Qwen-VL-Max [9] 2025-04-08 28.8

Gemini-2.5-Pro [3] 2025-06-05 18.9

GPT-4o [7] 2025-03-26 13.5

GPT-5 [7] 2025-08-07 14.0

Doubao-Seed-1.6-VL [5] 2025-07-15 23.3

Open-Source MLLMs

GLM-4.1V-10B [11] 2025-07-02 22.6

GLM-4.5V-106B [11] 2025-08-11 25.3

Qwen2.5-VL-3B [2] 2025-01-28 18.6

Qwen2.5-VL-7B [2] 2025-01-28 23.2

Qwen2.5-VL-32B [2] 2025-01-28 15.8

Qwen2.5-VL-72B [2] 2025-01-28 19.4

InternVL3.5-1B [12] 2025-08-25 5.9

InternVL3.5-4B [12] 2025-08-25 5.3

InternVL3.5-8B [12] 2025-08-25 6.3

InternVL3.5-38B [12] 2025-08-25 19.3

MiniCPM-V-4.5-8B [12] 2025-08-27 21.6

Fine-tuned MLLMs

InternVL3.5-1B(LoRA) [12] 2025-08-25 25.4

Table 4. LLM Post-Correction Average Performance based on

Recognition results of Doubao-Seed-1.6-VL [5]. The Red and

Blue denote the optimal and sub-optimal results, respectively.

Models Version
AVG

AR CR 1-NED

Closed-Source LLMs

Gemini-2.5-Pro [3] 2025-06-05 37.75 41.90 37.16

Qwen2.5-Max [9] 2025-03-31 43.68 51.16 44.43

Doubao-Seed-1.6 [5] 2025-07-15 41.05 45.75 40.77

Kimi-K2 [10] 2025-07-11 44.80 49.66 44.59

GPT-4o [7] 2025-03-26 44.44 49.13 44.43

GPT-5 [7] 2025-08-07 40.28 44.04 39.80

Gemini-2.5-Flash [3] 2025-06-17 43.68 48.45 43.52

Gemini-2.5-Flash-Think [3] 2025-06-17 42.47 46.93 42.06

Open-Source LLMs

Deepseek-V3-671B [4] 2025-03-24 46.21 51.20 46.62

Deepseek-V3.1-671B [4] 2025-08-21 44.58 49.06 44.63

Deepseek-V3.1-Think-671B [4] 2025-08-21 44.58 49.06 44.63

Deepseek-R1-671B [6] 2025-05-28 41.23 44.96 40.78

edge retrieval and ranking strategies on post-correction out- 202

comes. The whole result can be seen from Tab. 8 and Tab. 203

9. 204

4.1. Setting 205

Chunk Strategy1. Specifically, documents shorter than 206

1,000 characters are kept intact with no overlap; documents 207

between 1,000 and 5,000 characters are chunked with a 208
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Table 5. Knowledge-based LLM Post-Correction Average Perfor-

mance based on Recognition results of Doubao-Seed-1.6-VL [5].

The Red and Blue denote the optimal and sub-optimal results, re-

spectively.

Models Version
AVG

AR CR 1-NED

Closed-Source LLMs

Kimi-K2 [10] 2025-07-11 45.44 50.03 45.26

Qwen2.5-Max [9] 2025-01-29 39.64 44.20 39.16

Gemini-2.5-Pro [3] 2025-06-05 40.64 42.93 39.89

Gemini-2.5-Flash [3] 2025-06-17 46.25 51.69 46.34

Gemini-2.5-Flash-Think [3] 2025-06-17 47.10 50.55 46.55

Gemini-2.5-Flash(Reranker) [3] 2025-06-17 46.36 51.82 46.45

Open-Source LLMs

Deepseek-V3-671B [4] 2025-03-24 46.64 50.10 46.27

Deepseek-V3.1-671B [4] 2025-08-21 42.40 45.81 42.00

Deepseek-V3.1-Think-671B [4] 2025-08-21 48.67 51.03 48.05

Deepseek-R1-617B [6] 2025-05-28 43.22 46.76 42.44

Table 6. The Performance of Qwen3-VL Series on Page-level

Recognition Accuracy(%).

Models
AncientBook JianDu Calligraphy Inscription

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

Qwen3-VL-2B [1] 30.67 34.31 30.96 17.53 19.40 17.15 54.49 57.73 53.79 68.62 70.40 68.12

Qwen3-VL-4B [1] 38.07 42.90 38.40 20.49 22.19 19.98 54.84 60.20 53.69 70.83 72.34 70.61

Qwen3-VL-8B [1] 56.00 66.02 57.72 26.84 29.38 26.34 61.06 65.55 60.62 77.70 79.09 77.46

Qwen3-VL-32B [1] 62.30 72.80 63.80 21.25 23.62 20.51 56.58 64.90 56.04 75.18 77.06 75.07

Qwen3-VL-Plus [1] 61.40 70.75 62.58 26.72 28.88 26.13 64.81 69.14 64.15 78.97 80.32 78.83

Table 7. The Performance of Qwen3-VL Series on Character-level

Recognition Accuracy(%). The Red and Blue denote the optimal

and sub-optimal results, respectively.

Models
ACC (%)

Anc. Jian. Calli. Ins. Silk Oracle.

Qwen3-VL-2B [1] 65.4 11.2 44.6 25.2 4.9 2.4

Qwen3-VL-4B [1] 68.8 13.2 44.0 21.2 4.4 3.2

Qwen3-VL-8B [1] 72.2 17.0 57.0 29.2 5.0 4.0

Qwen3-VL-32B [1] 66.8 14.2 46.6 18.0 4.0 4.8

Qwen3-VL-Plus [1] 73.8 16.2 49.4 22.8 6.4 4.4

1,000-character window and a 200-character overlap; texts209

between 5,000 and 10,000 characters are segmented with a210

2,000-character window and a 400-character overlap; and211

texts exceeding 10,000 characters are divided into 4,000-212

character segments with a 600-character overlap. Introduc-213

ing progressively larger overlaps for longer texts helps pre-214

serve cross-boundary context and reduces information loss,215

while keeping shorter documents whole preserves their full216

context and avoids unnecessary fragmentation. This hier-217

archical, overlap-aware design stabilizes embedding qual-218

ity, improves semantic coherence across segments, and en-219

hances retrieval performance in downstream knowledge-220

base construction and RAG tasks.221

Chunk Strategy2. Specifically, documents shorter than222

1,000 characters are kept intact with no overlap; documents223

between 1,000 and 5,000 characters are chunked with a224

600-character window and an 80-character overlap; texts225

between 5,000 and 10,000 characters are segmented with 226

an 800-character window and a 120-character overlap; and 227

texts exceeding 10,000 characters are divided into 1,000- 228

character segments with a 200-character overlap. 229

Raw Knowledge Base: a large knowledge base with 1.7 230

billion characters constructed from heterogeneous historical 231

texts. 232

MCHDoc Knowledge Base: a compact knowledge base 233

constructed from the reference text segments corresponding 234

to the evaluation corpus. 235

4.2. Findings 236

Impact of Knowledge Base Size on Correction Perfor- 237

mance. We observe that the size and composition of the ex- 238

ternal knowledge base substantially influence the final post- 239

correction performance. Despite the much smaller scale 240

of MCHDoc knowledge base, the curated knowledge base 241

yields significantly larger correction gains. This suggests 242

that relevance and precision of retrieved evidence play a 243

more crucial role than sheer knowledge base size. A large 244

but noisy corpus tends to introduce distractive or weakly re- 245

lated references, whereas a highly targeted knowledge base 246

provides clean and authoritative signals that better guide the 247

correction of OCR outputs. As shown in Tab. 8, On An- 248

cientBook, the MCHDoc knowledge base yields an average 249

improvement of 4 percentage points in post-correction ac- 250

curacy. On Calligraphy, the gain is even more pronounced, 251

reaching 8 percentage points on average. Notably, for 252

JianDu, using the smaller knowledge base not only sur- 253

passes the performance obtained with the large corpus but 254

even exceeds the accuracy of the original OCR outputs, in- 255

dicating that highly relevant and noise-free references are 256

particularly beneficial for this carrier. 257

Effect of Chunk Strategy on Correction Performance. 258

We further compare two chunking strategies and find that 259

using larger chunks with greater overlap leads to more ef- 260

fective retrieval and larger gains in post-correction per- 261

formance (Tab. 8 and Tab. 9). Larger and more redun- 262

dant chunks preserve broader contextual information, which 263

helps the retriever return evidence that is semantically 264

closer to the query. This enriched contextual alignment pro- 265

vides stronger guidance for the correction model, resulting 266

in more accurate revisions of OCR outputs. 267

Under the MCHDoc-sized knowledge base, however, the 268

difference between the two chunking strategies remains rel- 269

atively small. The moderate size and domain focus of 270

MCHDoc appear to provide sufficient contextual coverage 271

for retrieval, reducing the sensitivity to how the text is seg- 272

mented. The only notable exception is observed on the 273

JianDu carrier, where the first strategy—using larger and 274

more overlapping chunks—yields a clear improvement. 275

In contrast, when applied to the large raw knowledge 276

base, the impact of the chunking strategy becomes sub- 277
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stantially more pronounced. The first strategy consis-278

tently outperforms the smaller-chunk alternative, as the pre-279

served contextual breadth helps counteract the noise and280

heterogeneity inherent in the large corpus. By maintain-281

ing more coherent semantic units, the retriever is better282

able to surface relevant evidence from the noisy back-283

ground, ultimately yielding stronger retrieval-augmented284

post-correction performance.285

5. Limitation and Future Work286

Although our benchmark provides a comprehensive evalua-287

tion across multiple carriers, achieving a universal frame-288

work for reading Chinese historical documents remains289

challenging. Additionally, due to copyright restrictions and290

the limited availability of source materials, the dataset cur-291

rently does not include page-level images of Oracle Bone292

and Silk.293

Future research can strengthen knowledge-guided post-294

correction by exploring more advanced retrieval and295

knowledge integration mechanisms. First, a promis-296

ing direction is to adopt multi-hop retrieval with297

deepresearch, where the system recursively expands298

and verifies evidence rather than relying on a single299

round of retrieval. Secondly, beyond unstructured re-300

trieval, integrating structured knowledge sources, in-301

cluding classical Chinese knowledge graphs, hierarchi-302

cal lexical databases, and cross-edition textual align-303

ments, may provide more reliable semantic ground-304

ing.305
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Table 8. Knowledge-based LLM Post-Correction Accuracy with Strategy 1 based on Recognition Results of Doubao-Seed-1.6-VL [5]. The

Red and Blue denote the optimal and sub-optimal results, respectively. Values with Green borders denote better than recognition results.

Models
AncientBook JianDu CalliGraphy Inscription

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

Raw knowledge base

Kimi-K2 47.78 50.51 48.56 18.87 21.55 17.70 59.79 64.69 58.95 55.33 63.36 55.82

Deepseek-V3.1-671B 56.93 61.57 58.57 16.40 19.54 15.16 56.51 61.63 55.40 39.77 40.52 38.88

Deepseek-V3.1-Think-671B 61.33 62.85 61.95 18.95 21.36 17.91 73.40 75.46 72.92 41.00 44.47 39.40

Qwen2.5-Max 33.31 35.38 34.04 17.73 20.56 16.41 53.80 60.17 52.91 53.72 60.70 53.28

Gemini-2.5-Pro 59.92 61.89 60.73 13.95 15.70 12.99 58.70 61.50 57.68 29.98 32.63 28.15

Gemini-2.5-Flash 59.34 64.61 61.36 17.99 20.45 16.77 56.64 62.14 55.71 51.02 59.56 51.51

Gemini-2.5-Flash(Reranker) 59.70 64.93 61.75 18.06 20.72 16.91 56.23 61.87 55.43 51.45 59.75 51.70

Deepseek-V3-671B 58.35 61.48 59.33 17.54 19.70 16.38 63.95 67.03 63.12 46.73 52.19 46.26

Deepseek-R1-671B 60.99 64.16 62.32 15.84 18.13 14.62 61.18 65.49 60.17 34.87 39.25 32.66

Gemini-2.5-Flash-Think 64.11 68.05 65.64 17.21 19.22 15.87 63.02 66.50 62.16 44.07 48.42 42.51

Qwen3-Max 58.79 63.62 60.47 19.13 21.85 18.17 59.46 64.29 58.45 57.93 65.36 58.77

MCHDoc knowledge base

Kimi-K2 56.34 59.52 57.42 20.02 22.75 19.32 65.33 69.73 64.67 57.15 63.48 57.31

Deepseek-V3.1-671B 58.71 63.10 60.21 18.58 21.69 17.50 63.13 67.54 62.43 41.15 48.02 40.42

Deepseek-V3.1-think-671B 58.36 59.78 58.95 18.82 21.14 17.79 73.76 75.72 73.22 40.84 44.51 39.31

Qwen2.5-Max 34.08 36.07 34.82 18.61 21.78 17.40 58.20 64.30 57.52 53.16 60.02 52.82

Gemini-2.5-Pro 63.95 66.01 64.87 17.56 19.69 16.66 68.55 70.98 67.85 30.83 33.27 29.31

Gemini-2.5-Flash 60.91 65.82 62.87 18.77 21.20 17.66 61.52 66.53 60.79 52.49 59.33 52.70

Gemini-2.5-Flash(Reranker) 60.87 65.77 62.73 18.85 21.34 17.99 61.04 66.31 60.46 52.98 59.54 53.01

Deepseek-V3-671B 59.99 62.84 60.98 19.47 21.59 18.47 71.63 73.96 71.09 47.34 51.21 46.53

Deepseek-R1-671B 63.70 66.59 65.03 18.83 21.39 17.80 70.19 73.59 69.59 36.67 40.30 34.64

Gemini-2.5-Flash-Think 67.25 70.73 68.63 18.65 20.88 17.89 71.89 74.76 71.39 45.90 49.66 44.64

Qwen3-Max 60.24 64.68 61.88 19.96 22.54 19.04 63.31 67.95 62.50 58.64 64.88 59.18

Table 9. Knowledge-based LLM Post-Correction Accuracy with Strategy 2 based on Recognition Results of Doubao-Seed-1.6-VL [5]. The

Red and Blue denote the optimal and sub-optimal results, respectively. Values with Green borders denote better than recognition results.

Models
AncientBook JianDu CalliGraphy Inscription

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

Raw knowledge base

Kimi-K2 52.28 56.00 53.44 17.46 20.12 16.34 50.81 57.48 49.77 57.07 63.89 57.25

Deepseek-V3.1-Think-671B 54.13 56.57 54.81 15.08 17.97 13.79 47.99 54.73 46.76 44.74 55.66 45.28

Qwen2.5-Max 30.79 32.97 31.54 16.39 19.35 14.90 47.09 54.73 45.75 51.26 59.17 50.86

Gemini-2.5-Pro 55.03 57.42 55.93 10.12 11.68 9.05 39.77 44.24 38.06 31.22 34.26 29.63

Gemini-2.5-Flash 57.70 63.45 59.64 16.60 19.48 15.56 46.87 54.02 45.61 51.19 60.84 51.83

Gemini-2.5-Flash(Reranker) 57.87 63.24 59.64 16.32 18.72 15.33 46.11 53.30 45.06 50.56 59.83 51.06

MCHDoc knowledge base

Kimi-K2 51.02 55.97 51.98 19.62 22.02 18.70 64.16 68.66 63.50 58.40 64.06 58.29

Deepseek-V3.1-Think-617B 58.26 60.69 59.89 18.43 21.15 16.94 62.02 66.60 61.38 42.31 50.10 41.66

Qwen2.5-Max 32.69 34.60 33.37 14.35 16.50 13.37 57.91 63.87 56.97 25.23 28.89 25.21

Gemini-2.5-Pro 64.53 66.94 65.57 17.27 19.25 16.46 66.16 68.98 65.47 31.57 34.05 29.98

Gemini-2.5-Flash 61.46 66.40 63.37 18.64 21.09 17.62 60.00 65.41 59.39 52.13 59.64 52.43

Gemini-2.5-Flash(Reranker) 61.10 66.14 62.95 18.83 21.33 17.90 61.04 66.16 60.43 52.91 59.49 53.06
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