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Abstract

Historical documents act as invaluable knowl-
edge archives but often suffer from illegibil-
ity due to physical deterioration and damage.
While existing restoration methods based on
masked language modeling effectively utilize
local context, they struggle to restore named
entities that require external historical knowl-
edge. To address this limitation, we introduce
a novel framework for historical document
restoration that leverages large language mod-
els with retrieval-augmented generation (RAG).
By combining the implicit knowledge of pre-
trained LLMs with explicitly retrieved external
context, our model ARI effectively mitigates
the challenge of inferring context-dependent
proper nouns. Extensive experiments on Ko-
rean historical documents demonstrate that our
approach significantly outperforms baselines,
achieving substantial gains in restoring both
general characters and named entities. Further-
more, comprehensive evaluations including ex-
pert assessments confirm that ARI serves as a
practical tool for domain experts, promising to
accelerate the analysis of historical records.

1 Introduction

Historical records are repositories of vast infor-
mation spanning centuries or even millennia. Rec-
ognizing the global importance of these records,
national governments and researchers are working
not only to preserve these ancient documents but
also to uncover and analyze the knowledge they
contain. For instance, the Annals of the Joseon
Dynasty (AJD)' and the Journal of the Royal Sec-
retariat (JRS)?, which span 500 years of history
and contain not only historical facts but also natural
events, are inscribed on the UNESCO Memory of
the World Register. These archives are extensively
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Figure 1: Performance of the proposed model compared
with the baselines. The x- and y-axes represent the
restoration accuracies for named entities and randomly
masked characters, respectively.

analyzed by researchers across diverse domains to
derive valuable insights.

While these historical archives possess immense
value, preserving them and extracting knowledge
present significant challenges. A primary issue is
the inherent vulnerability of historical manuscripts
to damage and degradation. These documents were
typically inscribed on materials such as wood or
plant fibers, which are far less durable than modern
paper. Consequently, they are highly sensitive to
environmental conditions, prone to discoloration
and structural deterioration upon exposure to light,
heat, or moisture. Furthermore, prior to the advent
of metal movable type, texts were transcribed man-
ually using brushes or pens. Accordingly, legibil-
ity was highly contingent on the scribe’s penman-
ship, which inevitably introduced transcription er-
rors. Such compromised sections are difficult for
both OCR systems and human experts to analyze.
As a result, they are often treated as blanks or
damaged tokens, which significantly hinders down-
stream analysis. For instance, by matching those
damaged tokens, we identified that approximately
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Figure 2: Real-world example of a damaged historical
document with masked characters ([]).

41.9K characters across 11.1K documents in the
JRS remain damaged or unrecognizable.

To restore illegible parts of historical archives,
several approaches have been proposed. Kang et al.
(2021) addressed the restoration of damaged doc-
uments by training a model via masked language
modeling (MLM). However, a key limitation of
these methods is their exclusive reliance on the
damaged document itself, neglecting external infor-
mation. Integrating external knowledge is crucial
for correctly inferring named entities, particularly
proper nouns. For example, in the sentence “In
1492, Columbus first landed in [M].”, predicting
the masked token [M] is challenging using only the
local context. In such cases, the model must either
possess internalized historical knowledge or utilize
external resources to ensure accurate restoration.

To overcome this limitation, we introduce a
novel framework for historical document restora-
tion utilizing LLM-based retrieval-augmented gen-
eration. Our method utilizes a pre-trained LLM that
has indirectly learned from extensive datasets in-
cluding historical knowledge and documents avail-
able on the web. This implicitly learned context
acts as vital external knowledge, significantly im-
proving the restoration of damaged characters. Ad-
ditionally, we integrate RAG to allow the model to
explicitly access external knowledge by incorporat-
ing relevant documents into the prompt. Finally, we
developed our model, ARI (Archive Restoration
Intelligence), specifically trained on ancient cor-
pora. Our model demonstrates performance that
surpasses that of baselines. We will make our
model and data publicly available upon publica-
tion to facilitate future research.

2 Related Work

Ancient documents serve as crucial data sources
with high research value across diverse domains,
ranging from history to the social and natural sci-

ences. However, as previously discussed, many his-
torical records have been damaged from various
factors, inevitably limiting their research utility.

Accordingly, methods have been proposed to re-
store these damaged parts. Initial efforts focused
on deep learning approaches to correct typographi-
cal mistakes in historical texts (Tang et al., 2018;
Domingo and Nolla, 2018). Pythia, designed to
predict missing characters in Greek epigraphy,
achieved a top-20 accuracy of 73.5% (Assael et al.,
2019). Kang et al. (2021) achieved both effective
restoration and translation by jointly training MLM
and machine translation. While Ithaca enhanced
interpretability by jointly predicting textual, ge-
ographical, and chronological attributes (Assael
et al., 2022), our target corpora (AJD and JRS) in-
herently lack geographical metadata. Leveraging
the improved general performance and linguistic
capabilities of pretrained LL.Ms, Liu et al. (2025)
demonstrated that restoration is feasible in a zero-
shot fashion.

However, prior works have restricted the model
input to a single corrupted document, limiting pre-
dictions to the document’s internal context. As
a result, these methods exhibit significant short-
comings in restoring information that necessitates
external knowledge, such as named entities. This
highlights the necessity of leveraging external data
sources to effectively restore damaged historical
documents. Another limitation stems from the fixed
masking probability used during training (Kang
et al., 2021; Assael et al., 2022). This creates a dis-
crepancy, as the masking rate does not match the
corruption distribution in actual documents. This
mismatch between training and inference condi-
tions can degrade the real-world performance.

Language models trained on extensive web
data demonstrate superior general performance.
BERT (Devlin et al., 2019), for example, utilizes
a bi-directional Transformer Encoder trained with
MLM that predicts original tokens by masking ran-
dom positions in the training data. Given its resem-
blance to recovering damaged text, MLM has been
extensively used for historical document restora-
tion. However, BERT-based approaches have a key
drawback: They predict masked tokens in a non-
autoregressive manner, often missing the dependen-
cies among them. Recently, causal language mod-
eling has become the standard pre-training method
for the latest LLMs, such as Gemini-2.5 (Comanici
et al., 2025), Sonnet 4.5 (Anthropic, 2025), Kimi-
K2 (Team et al., 2025), GPT-5.1 (OpenAl, 2025),
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and Qwen3 (Yang et al., 2025), due to the simplicity
of its training objective. Effectively ingesting exten-
sive linguistic data and general knowledge, these
models internalize implicit knowledge from vast
archives (e.g., Chinese documents, Korean Hanja
texts, and historical records). This model-intrinsic
knowledge can then be leveraged as a powerful
source of external knowledge for the restoration of
damaged historical documents.

Additionally, RAG has been developed to im-
prove LLM performance by directly integrating ex-
ternal knowledge. RAG operates by retrieving doc-
uments relevant to a user’s query via lexical-based
(e.g., BM25) or embedding-based methods from ex-
ternal repositories like the web or databases (Lewis
et al., 2020). Providing these documents as context
enables the model to utilize information not learned
during pre-training and effectively alleviates hallu-
cinations. RAG is particularly effective for domain-
specific and knowledge-intensive tasks, such as
those involving low-resource languages (Nie et al.,
2023; Chang et al., 2025) and named entity recog-
nition (Xie et al., 2025). In addition, research sug-
gests that applying fine-tuning to RAG systems
enables them to better leverage relevant documents,
resulting in significant performance gains on down-
stream tasks (Zhang et al., 2024).

In this study, we propose a method for effec-
tively restoring historical documents by leveraging
external knowledge. We utilize LLM that employs
a causal language modeling approach to model the
contextual dependencies of damaged characters.
Additionally, we employ RAG to provide relevant
documents to the model, thereby allowing it to draw
on external knowledge. This approach is further
refined through fine-tuning, which optimizes the
model’s capacity to leverage external information
and enhances final restoration accuracy.

3 Dataset

In this study, we utilized AJD and JRS to train
and evaluate our restoration model. Both corpora
consist of documents written in Hanja and con-
tain rich metadata, including temporal information
(e.g., year, month, and date) and named entities
(e.g., personal names, organizations, book titles)
provided by the National Institute of Korean His-
tory.> Table 1 presents the statistics for the raw data.
We observed a significantly higher prevalence of
damaged characters in the JRS compared to the
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AJD JRS
Number of Docs. 0.37M 1.75\M
Number of Chars. 719M 292.6M
Avg. NEs per Doc. 1.79 4.73
Number of Docs. w/ [D] 56 11.1K
Number of [D] 0.11K 419K
Avg. [D] per Doc. 1.98 3.77

Table 1: Statistics of the AJD and JRS raw data corpora.
NEs and [D] represent named entities and damaged
tokens, respectively.

DAT: 3.4%
POH: 1.0% N N\
ETC:6.8%
7 R
Named Entities: 44.8% LOC: 6.9%
Total
Damaged Characters
42,064
PER: 26.7%

/
Non Named Entities: 55.2%

Figure 3: Pie chart depicting the distribution of damaged
characters, including the categorical ratios of named
entities: PER, LOC, DAT, POH, and ETC.

AJD. Furthermore, within the documents contain-
ing damage, the average number of damaged char-
acters was 3.77 per document. To investigate the
characteristics of these damaged characters in de-
tail, we employed Gemini-2.5-Pro to predict the
named entity type for each character.* As illus-
trated in Fig. 3, approximately 44.8% of the 42K
damaged characters were identified as named en-
tities. A breakdown of the categories reveals that
PER (Person) was the most frequent, followed by
LOC (Location), ETC (Organizations, Official Ti-
tles, etc.), DAT (Date), and POH (Publication of
History). While Gemini-2.5-Pro may not be per-
fectly accurate, these results function as a proxy, in-
directly reflecting the distribution trends regarding
the presence and types of named entities. Therefore,
these findings underscore the importance of char-
acter restoration not merely for arbitrary positions,
but specifically for named entity segments.

We strictly held out documents containing real-
world corrupted parts for the human-evaluation
dataset Drp. The remaining data comprised 10K

*To evaluate the reliability of the entity classification labels
generated by Gemini-2.5-Pro, we manually inspected the enti-
ties in 200 randomly sampled documents. The results showed
that only 4 instances (0.7%) were misclassified.

43292


https://www.history.go.kr/en/main/main.do

documents each for testing and validation, with the
other 2.02M used for training. To prevent data leak-
age, we strictly removed from the training corpus
any samples duplicated in the validation or test sets.
This training corpus acted as the retrieval source for
the RAG system and was used to train our model
and baselines. For building the test dataset using
the test corpus, we introduced synthetic corruptions
at random positions, taking into account the distri-
bution of corruption span lengths observed in real
damaged documents. We set the corruption rate
stochastically to best emulate the original data’s
corruption distribution. Specifically, the rate was
centered around a mean of 2.96% (the average rate
from the original corrupted documents), and we
guaranteed a minimum of one corrupted character
per document. In addition, assessing the reconstruc-
tion accuracy of the damaged parts is crucial, espe-
cially in cases requiring external data. Accordingly,
we designed our valid and test datasets to comprise
the following two versions:

* Drang: Dataset where synthetic corruptions
are applied at random positions. This dataset
serves to assess the overall restoration perfor-
mance of the model.

* Dng: Dataset containing synthetic corruptions
originating from named entities. This dataset
is used to evaluate the model’s ability to re-
store segments requiring external knowledge.

These evaluation datasets consist of pairs of par-
tially corrupted input documents and their corre-
sponding ground-truth originals. The data construc-
tion pipeline is detailed in Section 4.

4 Proposed Methods

As shown in Fig. 4, this section presents our restora-
tion framework. To validate the framework, we first
evaluate the performance of baseline models. We
then demonstrate how restoration accuracy can be
improved by leveraging external knowledge via
metadata and RAG. Finally, we present our pro-
posed model, ARI, alongside the baseline, BERT-
Res trained from scratch on our dataset.

4.1 LLM Baseline Restoration Performance

Kang et al. (2021) utilized a Transformer Encoder
model to directly restore original characters at each
masked position. However, given the autoregres-
sive nature of most pre-trained language models, it
is crucial to explicitly identify the index (position)

Model Thinking ?Ncé) (1?;;&)
Qwen3 8B No 2.86 7.43
Qwen3 32B No 5.57 13.37
Kimi K2 No 5.83 2245
Kimi K2 Yes 6.53  20.66
Gemini-2.5-Flash No 6.82 24.38
Gemini-2.5-Flash Yes 7.10 22.35
Gemini-2.5-Pro Yes 9.57  32.62
GPT-5.1 Yes 10.03  28.69
Sonnet 4.5 Yes 13.30 32.35

Table 2: Reconstruction performance (Top-1 accuracy)
of LLMs on Dng and Dgang With the base prompt.

of each corrupted character and its corresponding
restoration within the input and output. Therefore,
as shown in Fig. 5, we designed the base prompt
format to incorporate positional information for
each corrupted character and extract the restored
characters accordingly.

We then evaluated the basic restoration perfor-
mance by measuring character prediction accuracy
on the valid dataset across multiple LLMs. The
accuracy for each model is presented in Table 2.
Within the Qwen3 and Gemini-2.5 families, we ob-
served a positive correlation between model scale
and restoration accuracy. Notably, the results from
Kimi K2 and Gemini-2.5-Flash demonstrate that
enabling thinking mode fosters deeper reasoning,
thereby enhancing named entity restoration capa-
bilities. However, a slight decline was observed
in the restoration performance for random char-
acters. Gemini-2.5-Pro and Sonnet 4.5 surpassed
other models in restoring characters at random po-
sitions, reflecting their linguistic and contextual
understanding of Hanja characters. For named enti-
ties, Sonnet 4.5 achieved the highest performance.
This suggests that Sonnet 4.5 likely engaged in
more extensive learning of historical background
knowledge during the pre-training phase compared
to other models.

4.2 Enhancing Restoration Performance via
External Knowledge

External knowledge plays a crucial role in the pre-
cise restoration of damaged characters. To leverage
this, we propose an enhanced prompting strategy
that integrates chronological metadata directly into
the LLM context. Specifically, we augment the in-
put with temporal identifiers such as the reigning
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Figure 4: Overview of the proposed framework for restoring damaged documents. The inputs to the LLM include
a task description, examples of formats, documents related to the damaged text, and metadata such as temporal
information. Based on this structure, ARI is fine-tuned specifically for the historical document restoration task.

System prompt: Restore [Dn] with the
original Hanja character. Each [Dn]
corresponds to exactly one Hanja
character. Output must be a valid json
object with the following format:
{“[Dn]”: “Restored character for [Dn]”}

Input: "A[D1]CDE[D2]G"
Output: {”[D1]": "B", "[D2]": "F"}

Figure 5: An example of the base prompt for LLM-
based restoration.

Acc. of NE Acc. of Rand

5.57 13.37
5.63 14.83

Baseline
+ Metadata

Table 3: Restoration performance results based on the
inclusion of metadata.

king, year, month, and day. As detailed in Table 3,
this integration improves the model’s reconstruc-
tion accuracy, validating that temporal grounding
is essential for effective restoration.

Beyond simply adding metadata, a key contri-
bution of our approach is the strategic integration
of external knowledge via few-shot prompting and
Retrieval-Augmented Generation. We specifically
designed our experiments to demonstrate how in-

Acc. of NE Acc. of Rand

Baseline 5.63 14.83
+ Static shots 6.27 18.98
+ Dynamic shots
¢ Random 8.55 26.18
e Embedding 19.88 59.91
e BM25 24.28 60.36
+ Deduplication 27.85 61.45

Table 4: Impact of adding few-shot, RAG, and dedupli-
cation on restoration performance.

jecting this external context augments the restora-
tion capabilities of the Qwen3 32B. The significant
performance improvements yielded by these tech-
niques are detailed in Table 4.

To ensure the model’s strict adherence to the re-
quired output schema, we initially incorporated
five few-shot format exemplars into the system
prompt. These examples comprise distinct input-
output pairs following a format similar to that
shown in Fig. 5. Empirical results indicate that
providing these format guides significantly reduces
formatting errors and aligns the model’s generation
with the intended restoration protocol.

Furthermore, to incorporate external knowledge
via RAG, the top 20 most relevant documents for
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Figure 6: Restoration performance across deduplication
thresholds. The plot represents the harmonic mean of
Dng and Dgypg restoration performances.

each input were retrieved from the training corpus.
We evaluated three retrieval methods: random selec-
tion, embedding-based retrieval, and BM25. Specif-
ically, we used Gemini Embedding (Lee et al.,
2025) for dense retrieval and BM25S (Lu, 2024) for
sparse retrieval. The results indicate that even ran-
domly selecting reference documents improves per-
formance compared to using no references. These
random examples function as few-shot demonstra-
tions, providing the model with general knowl-
edge regarding Hanja and its usage. However, both
embedding-based retrieval and BM25 significantly
outperformed random selection, confirming the ef-
fectiveness of retrieving contextually relevant doc-
uments. Notably, BM25 achieved the highest per-
formance among the three methods. This suggests
that character matching is particularly effective for
restoring damaged Hanja characters, due to the lo-
gographic nature of Hanja where each character
encapsulates a specific concept. Further analysis of
the retrieval strategies is provided in Appendix B.1.
Furthermore, the corpus contains duplicates and
near-duplicates, which are common in short texts.
Retaining such redundant content in the retrieved
documents limits the model’s access to diverse
information and risks introducing bias. Conse-
quently, we employ a deduplication method based
on string similarity® among the retrieved docu-
ments. Fig. 6 illustrates the impact of various dedu-
plication thresholds on restoration performance.
The solid line depicts the harmonic mean of the
performance on Dng and Dgang, while the dotted
line indicates the baseline without deduplication.
Significant improvements over the baseline are
observed at thresholds of 70% and 80%, with per-

Shttps://github.com/rapidfuzz/RapidFuzz

formance peaking at 80%. However, performance
declines as the threshold exceeds 85%, reaching its
lowest point at the exact-match threshold (100%),
where only identical documents are removed. This
suggests that preserving highly similar documents
restricts the scope of external knowledge and bi-
ases the model toward duplicates, thereby degrad-
ing restoration performance. By contrast, ensuring
diversity among relevant documents through effec-
tive deduplication enhances performance by provid-
ing richer contexts and cues for restoration. There-
fore, we filter out documents that exceed a simi-
larity threshold of 80%. This approach yields fur-
ther performance improvements in restoring both
named entities and randomly positioned content.

Overall, our experiments indicate that few-shot
prompting and RAG act synergistically to enhance
LLM-based restoration. This combination facili-
tates task comprehension and external knowledge
retrieval, which are critical for accurately restoring
damaged characters. The detailed prompt format is
provided in Fig. 14 in Appendix E.

4.3 Fine-Tuning the ARI Model

To construct the training dataset for fine-tuning,
we masked characters at random positions within
a training corpus explicitly isolated from the test
corpus. As shown in Table 7, prioritizing named en-
tities masking in 25% of the training data enhanced
restoration performance on Dyg while maintaining
performance on Dgyng. Accordingly, we applied
this named entity-prioritized masking strategy to
25% of the training dataset.

We then fine-tuned an open-source LLM with the
prompt format described above to build a restora-
tion model specialized for the Hanja domain. To
mitigate overfitting and improve pattern diversity,
we adopted a dynamic masking strategy in which
mask positions are varied across epochs, following
RoBERTa (Liu et al., 2019). Finally, we developed
our model, ARI-32B, by fine-tuning Qwen3 32B,
incurring a computational cost of approximately
1,500 H200 GPU hours. In addition, we trained a
computationally efficient variant, ARI-8B, based
on Qwen3 8B, while maintaining competitive per-
formance against other baseline models.

Additionally, we implemented a baseline follow-
ing Kang et al. (2021) that relies solely on the dam-
aged input text, without access to external context.
We denote the model that prioritizes named entities
for masking at a 25% rate as BERT-Res. We em-
ployed ModernBERT-large (Warner et al., 2025)
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for its architectural advancements over the original
BERT. Since the original ModernBERT vocabu-
lary lacks sufficient coverage for Hanja characters,
we extended the tokenizer with Hanja characters.
The model was then trained from scratch on our
restoration dataset for 10 epochs to ensure conver-
gence. This baseline therefore provides an appro-
priate setting for evaluating the impact of external
knowledge, as it performs restoration without ac-
cess to external context. Training details, including
hyperparameters for our model and the baseline,
are provided in Appendix A.

5 [Experimental Results

5.1 Evaluation on Test Dataset

To evaluate our model against the BERT-Res base-
line and other LLMs, we measured top-K accuracy
on Dgang and Dng. Specifically, we employed the
identical input prompt for both our model and the
open-source/proprietary LLMs to ensure the consis-
tent utilization of external knowledge. As shown in
Fig. 1, the restoration performance for Dng is sig-
nificantly lower than that for Dgyng. This implies
that restoring named entities is more challenging
than restoring general characters.

Notably, LLMs utilizing only external knowl-
edge without fine-tuning outperformed BERT-Res
in named entity restoration. This demonstrates that
incorporating external knowledge effectively en-
hances restoration capabilities for named entities.
Regarding model scale, the Qwen3 32B exhibited
superior performance compared to the 8B variant
within the same family, confirming that model size
significantly impacts performance. With respect
to reasoning strategies, we observed performance
improvements across Qwen3 32B, Kimi K2, and
Gemini-2.5-Flash in random position restoration
tasks. Similar improvements were noted in named
entity restoration, with the exception of Gemini-
2.5-Flash. These findings suggest that reasoning
mechanisms enable LLMs to better leverage knowl-
edge acquired during pre-training, facilitating the
resolution of complex restoration tasks.

The BERT-Res model, trained from scratch with-
out external knowledge, outperformed Gemini-
2.5-Pro in the general character restoration task.
This result underscores the importance of train-
ing for restoring general characters in historical
documents. Furthermore, despite having fewer pa-
rameters, the model surpassed decoder-based mod-
els, likely due to its bidirectional encoder architec-

ARI-32B
BERT-Res

60 58.72 Gemini-2.5-Pro
— 4945 48.56
3\0, 43.70 43.90
5 40 38.36
o 3219
3 27.64
<

20.03
20
0"oc (7,076) PER (22,174) POH (451)

Figure 7: Top-1 accuracy comparison across different
named entity categories on the Dng.

ture. However, its performance on named entities
fell short of other LL.Ms, suggesting that relying
solely on intra-document context is insufficient. Ul-
timately, the highest restoration performance was
achieved by ARI-32B, which integrates external
knowledge via RAG with fine-tuning. Our model
demonstrates superior performance for both gen-
eral text and named entities compared to other
open-source and proprietary LLMs, including those
with significantly larger parameter counts.

We also conducted a fine-grained performance
evaluation stratified by named entity types. First,
we selected samples containing explicit named en-
tity tags from the test dataset, Dng. We then con-
structed a specialized evaluation dataset of 7,707
documents by artificially masking only the tar-
get named entity tokens. For named entity clas-
sification, we employed Gemini-2.5-Pro. The enti-
ties were categorized into Person (PER), Location
(LOC), and Publication of History (POH), compris-
ing 22,174, 7,076, and 451, respectively. Finally,
we measured the Top-1 accuracy for each category
to compare the restoration performance across mod-
els; the results are presented in Fig. 7.

First, ARI-32B demonstrated superior perfor-
mance in named entity restoration, exceeding
both BERT-Res and Gemini-2.5-Pro in the LOC
and PER categories. Conversely, Gemini-2.5-Pro
achieved the highest performance in the POH cate-
gory, where such instances are less prevalent. Our
qualitative analysis revealed that the POH category
contains a significant number of Confucian classics,
which originated in China and are widely shared
across East Asia. This suggests that Gemini-2.5-
Pro benefits from extensive knowledge of Chinese
classics acquired through multilingual pre-training,
unlike models specialized solely for the Joseon
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ARI-32B BERT-Res Gemini
Accuracy@1 0.383 0.207 0.273
Accuracy@10  0.583 0.403 -
nDCG@10 0.477 0.296 -
Win Ratio (%) 46.0 24.0 30.0

Table 5: Restoration performance of ARI-32B, BERT-
Res, and Gemini-2.5-Pro as evaluated by human experts.

dynasty domain, resulting in relatively higher per-
formance in this specific category.

5.2 Evaluation by Human Experts on
Real-World Damaged Documents

To evaluate the efficacy of our restoration model as
a practical collaborative tool, we engaged three ex-
perts in Sinographic literature and Korean history.
We randomly sampled 100 documents from Dgp,
which consists of real-world damaged documents.
Remarkably, when classifying named entities us-
ing Gemini-2.5-Pro based on prior methods, we
observed a high density of 74.6%.

For the evaluation, we presented restoration can-
didates generated by ARI-32B, BERT-Res, and
Gemini-2.5-Pro® to experts in a blinded manner.
Unlike the black-box nature of Gemini, ARI-32B
and BERT-Res provide access to logits, enabling
the generation of Top-K candidates as described
in Appendix C. Experts selected valid candidates
based on contextual coherence, grammatical cor-
rectness, and factual validity. Quantitatively, we
designated these expert selections as the ground
truth to compute Top-1 and Top-10 accuracy, as
well as nDCG@10. We also measured the win rate
to determine which model served as the most ef-
fective assistive tool, considering both the accuracy
and diversity of the candidates.

As demonstrated in Table 5, ARI-32B out-
performs both Gemini-2.5-Pro and BERT-Res in
terms of Top-1 and Top-10 accuracy. Regarding
nDCG @10, the model consistently ranked expert-
validated candidates higher than BERT-Res. These
results indicate that our model restores damaged
documents more accurately than the baseline mod-
els. Additionally, it achieved a higher win ratio,
reflecting a strong preference for its utility as a
collaborative restoration tool. This suggests that
ARI-32B effectively places reliable candidates at

®As Gemini-2.5-Pro operates as a black-box model with-
out logit access or beam search, we evaluated only its Top-1
candidate and excluded ranking-dependent metrics.
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Figure 8: Restoration performance across unseen tempo-
ral domains, highlighting the impact of temporal shifts.

the top ranks while ensuring diversity, significantly
reducing the search cost for experts in identifying
the correct characters.

5.3 Qualitative Analysis of Restoration

To evaluate qualitative restoration performance, Ta-
ble 6 presents restoration results from ARI-32B,
Gemini-2.5-Pro, and BERT-Res on representative
sample documents.

The first example involves the restoration of per-
son names and general text. Although all models
correctly recovered the general text in [D4], only
ARI-32B successfully restored the person names in
[D1], [D2], and [D3]. The second example focuses
on book titles and general text. Both Gemini-2.5-
Pro and ARI-32B successfully restored the book
titles in [D1] and [D2]. For the general text in
[D3] and [D4], only BERT-Res produced exact
matches. However, our analysis confirmed that the
prediction generated by ARI-32B, although dif-
fering from the ground truth “-f-£&” by producing
“#1£%”, was semantically equivalent. The last exam-
ple concerns the red tide phenomenon (Lee, 2017).
In this case, ARI-32B demonstrated robustness in
handling proper nouns; specifically, it was the only
model to correctly restore the region names in [D1]
and [D2]. Overall, these qualitative results suggest
that ARI-32B outperforms the other models, partic-
ularly in restoring proper nouns such as personal
and geographic names, by effectively leveraging
external knowledge.

5.4 Impact of Temporal Domain Shift

To investigate the impact of the temporal gap be-
tween the retrieved and target documents on ARI’s
performance, we additionally performed a restora-
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Damaged Text

LRI [D1D2][D3] R 2 fE. A [DA].

(from JRS, 12/6/1654, King Hyojong)

BERT-Res P E A S A . AR G .
Gemini-2.5-Pro | 578 Pk 2 I 40 e ARK. f5H.

ARI-32B O PIE AR A R AR fG .

RERETR TG, AR SR, Fi<[DID2]> < B #>5F, fr — 2+ K a4 D3] D4Rk .

Damaged Text | ¢ 1 ATD, 10/6/1770, King Yeongjo)

BERT-Res | FaRfZsITTis, (AL, sh<i i < T R>aF, =2 KGa i 1 ERERH].
Gemini-2.5-Pro | aE&CARITTRG, Th A B, sh<PEE> < N IR>FF, ay— 2 Mk B 2 Fagk .

ARI-32B bR AR TS, R S, A<PEIE> < R >5F, ar— B Mg iR L R sk .

Damaged Text

Sy 713K, LA [, IDUD2Lb K 8 A (R H, ki S E .
(from AJD, 17/11/1588, King Seonjo)

BERT-Res SR R, IR, Kok SR G ER H, SR SRS
Gemini-2.5-Pro | 4485 w1 20K, LA, itk skt Har 0, fllRiE H FRe .
ARI-32B SREER R, LA R, Yk s ARt ER H, R TE H FRE .

Table 6: Comparison of restoration examples between our model and baseline models.

tion experiment on the Goryeosa’, a historical
chronicle of the Goryeo Dynasty, which predates
our training dataset. Following the methodology of
our survey, we constructed the test dataset from this
corpus, employing the AJD and the JRS spanning
the 14th to 19th centuries as reference corpora. As
shown in Fig. 8, while ARI-32B remains robust
under moderate temporal shifts, its performance
declines as the temporal gap widens. This degra-
dation is likely due to both diachronic linguistic
changes and discrepancies in the period-specific
external knowledge encapsulated within the refer-
ence corpora. Mitigating the impact of such domain
mismatches remains an area for future research.

6 Conclusion

In this work, we introduced a RAG framework
that enables LLMs to effectively utilize external
knowledge for restoring damaged historical doc-
uments. Experimental results demonstrated con-
sistent improvements in overall restoration perfor-
mance, with especially notable gains in recovering
named entities that depend on external knowledge.
Furthermore, quantitative evaluation on a ground-
truth test set and expert assessment on real-world
damaged data showed that our model outperforms
existing baselines and provides practical value for
domain experts. Although developed for Korean
historical archives, the proposed framework has
broader potential as a general approach to low-
resource ancient language restoration. By reducing
the time and cost of restoring damaged historical
documents, we expect this framework to help reveal

"https://db.history.go.kr/goryeo

previously obscured information and encourage the
wider use of historical archives.

Limitations

In this study, we constructed training, valid, and test
datasets by aligning them with statistical character-
istics, such as the frequency of damaged characters,
observed in real-world documents. We addition-
ally validated our model’s performance through
human-expert evaluation employing actual dam-
aged documents. Despite these efforts, a potential
discrepancy may persist between our constructed
datasets and the intrinsic characteristics of real-
world damaged documents.

Due to computational constraints, we limited the
maximum input length of the model to 4,096 to-
kens. Consequently, approximately 1.7% of data
exceeding this length were filtered. In future work,
we aim to extend the context window to accommo-
date longer documents and further improve perfor-
mance. Beyond this, while our current approach
leverages external knowledge and textual context,
it relies solely on the text modality. Since the Na-
tional Institute of Korean History provides original
images for each document, incorporating these vi-
sual features into a multimodal restoration frame-
work could significantly enhance performance.
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Dgrand : DN Acc.on NE - Acc. on Rand
100% : 0% 42.75 75.67
75% : 25% 45.41 76.13
50% : 50% 45.06 75.12
25% : 715% 45.89 74.58
0% : 100% 45.25 69.68

Table 7: Performance comparison across different mix-
ing ratios for constructing the training dataset.

A Training Dataset Construction and
Training Settings

In this study, we conducted a comparative exper-
iment on training data mixing ratios to examine
how each dataset affects model performance. The
total size of the training set was fixed at 100K sam-
ples. Each configuration comprised a mixture of
Dng and Dgapng, with the proportion of Dng varied
across settings. As shown in Table 7, increasing the
proportion of Dyg consistently improved restora-
tion performance on named entities, while random
character restoration performance showed a down-
ward trend. Considering this trade-off, the setting
with 25% Dng achieved the most balanced perfor-
mance across the two metrics. Based on this result,
we constructed the final training dataset using this
ratio.

We trained ARI-32B on eight HGX H200 GPUs
utilizing FSDP (Zhao et al., 2023) and the Lion-
8Bit optimizer (Chen et al., 2023). We employed a
cosine learning rate schedule with a peak learning
rate of 6 x 10~ and a warmup ratio of 0.05. Train-
ing was performed for two epochs with a global
batch size of 64 and a maximum sequence length
of 4,096 tokens, totaling 16.06 billion training to-
kens. ARI-8B was trained under the same settings,
except that it used four HGX H200 GPUs and a
global batch size of 48. For the BERT-Res baseline,
we used ModernBERT-large and trained it on two
RTX A6000 GPUs. We again used a cosine learn-
ing rate schedule, with a learning rate of 1 x 10~*
and a warmup ratio of 0.05. The model was trained
for 10 epochs with a global batch size of 1,024
and a maximum sequence length of 2,048 tokens,
requiring approximately 12 hours.

B Experiments

B.1 Analysis of Retrieval Strategies

We further evaluated a hybrid RAG-based approach
to determine the optimal RAG strategy for Hanja
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Figure 9: Restoration performance across different
BM25-to-embedding retrieval ratios. The y-axis rep-
resents the harmonic mean of the scores on Dyg and
Drang for each configuration.
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Figure 10: Performance comparison across different
numbers of retrieved documents.

document restoration. We varied the composition
of the 16 retrieved documents between BM25 and
Gemini-Embedding. As shown in Fig. 9, the BM25-
only configuration (i.e., a 16:0 ratio) achieved the
best performance, yielding a harmonic mean of
35.3%. This suggests that, given the character-
level nature of the restoration task, lexical simi-
larity plays a more important role than semantic
similarity. Furthermore, we investigated a hybrid
RAG strategy that additionally incorporated re-
ranking using Qwen3-Reranker-8B (Zhang et al.,
2025). This configuration achieved a Dng score
of 37.70%, which was lower than the 38.58% ob-
tained by the original BM25-based RAG pipeline.
This result indicates that re-rankers pretrained on
modern corpora have limitations in reordering re-
trieved Hanja documents for restoration tasks. Ac-
cordingly, we adopted a BM25-only strategy, pri-
oritizing both restoration quality and architectural
simplicity.
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Figure 11: Fine-tuning accuracy of ARI-32B on the
Drana (top) and Dng (bottom) datasets.

After determining the retrieval strategy, we fur-
ther investigated the effect of varying the number
of retrieved documents. Fig. 10 illustrates the per-
formance trends with respect to the number of re-
trieved documents. We find that, although perfor-
mance generally improves on both Dng and Dgrang
as more documents are retrieved, it shows a slight
decline when the number reaches 24. To balance
computational efficiency and performance stability,
we configure the ARI models to use 20 retrieved
documents as few-shot examples.

B.2 Top-k Accuracy during Training

Fig. 11 illustrates the Top-1, Top-5, and Top-10
accuracies of ARI-32B measured on Dgang and
D\g, respectively, at each training step. These re-
sults demonstrate that the model’s restoration per-
formance improves as training progresses.

C Byte-level Constrained Decoding for
Top-K Candidate Selection

With a Byte-level BPE tokenizer (Wang et al.,
2020), frequent Chinese characters are typically
mapped to single tokens. In contrast, Hanja charac-
ters, often absent from the tokenizer’s vocabulary,

Damaged Document
XA, EERIDNID2IRE, HATHEE, E. F0, EARZ. ]

[D1]: 5B (n=2)
1st token: € token: BB token: B token: &
lchens logprob: -0.002 = logprob: -6.877 logprob: -7.752 logprob: -9.065
2nd token: token: € token: token: €

Tokens

logprob: -2.026 ' logprob: -13.625 1 logprob: -14.500 ' logprob: -15.500

|

token: BB
logprob: -6.877

token: @ + @ =1
logprob: -6.813

token: @+ =8F ...
logprob: -7.251

token: @+ =BB
logprob: -1.014

Figure 12: Illustration of Top-K candidate selection via
byte-level constrained decoding.

are decomposed into sequences of multiple byte
tokens (typically 2-3).

To address this fragmentation during the restora-
tion of the ¢-th damaged character (illustrated in
Fig. 12), we employ a constrained decoding ap-
proach. Once an initial byte token is generated, the
model continues generating tokens until a valid
character sequence is formed. Candidate scores
are then calculated by averaging the log probabili-
ties of their constituent byte tokens, and the top-K
options are presented to the user. By default, the
generation of the subsequent (i + 1)-th character
is conditioned on the top-1 prediction. However, if
the user manually selects an alternative candidate
(e.g., the c-th option), the context is updated to re-
flect this selection. We leverage the vVLLM (Kwon
et al., 2023) framework to efficiently extract these
top- K candidates.

D Expert Evaluation

To facilitate efficient expert evaluation, we imple-
mented a web interface, as shown in Fig. 13. The
evaluation process consists of two questions for
each real-world damaged document. First, evalua-
tors are asked to select all valid answers from the
candidates generated by different models (allowing
for multiple selections), based on contextual coher-
ence and factual validity. Subsequently, the second
question investigates model preference; evaluators
select the single most suitable model by compre-
hensively considering overall restoration quality
and its utility as a collaboration tool.
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Damaged Document

Journal of the Royal Secretariat, 7, February, 1666, the era of King i

IESR[D1][D2]#IE L8, AR. M.

Question 1

Select all valid restoration candidates. Multiple selections are allowed.
- Each option is a restoration candidate generated by the systems.
- Select every candidate that you consider contextually and grammatically correct.

- If none are appropriate, select the ""No correct answer" option.

Option 1 Option 2
EERRBMESS, AR G, EERERESR, AR BH.
Question 2

Select the single best-performing system.
- Choose the system that generated the most natural and accurate result overall.

- Select the system that you consider most suitable as a collaborative tool for restoration tasks.

(] System1 [ System2

- ESHREIEER, AE. B - IESRENYNESE, AR 6.

-EESREEIEER, AR A,
- EERGREARER, AK BH.
- IES YRR, AE. 5.

Optional comment for this item

Go to previous item

Option 3

ESHREIESH, AR BH.

[J System 3

-ESHREENESR, AR Bh.
- ESRIFHEZ#, AR faH.
-ESRAZRNESR, AR 6H.
-ESHREENESR, A K. BH.

Figure 13: Web interface for expert evaluation.

E Prompt Format

Fig. 14 presents the final prompt format, based on
the experimental results in Section 4.2. The system
prompt comprises four main components: Task,
which defines the model’s objective; Requirements,
which outlines restoration guidelines tailored to
the damaged document’s context; Input & Output,
which dictates the interaction format; and Example
Input & Output, which provides few-shot examples.
The user prompt reiterates basic instructions and
supplies the target damaged document for restora-
tion. Additionally, to enhance accuracy, we incorpo-
rate external knowledge comprising the document’s
corresponding date and 20 related documents re-
trieved from the training dataset.
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System Prompt

#i## Task
You are an expert in restoring damaged Hanja characters. Restore each [Dn] with exactly the
original Hanja character. Each [Dn] corresponds to exactly one Hanja character.

### Requirements
Base your restoration on the document’s overall context and meaning rather than treating each

damaged token in isolation.

### Input & Output

The input consists of the document itself, its metadata, and the related documents.

While the related documents are omitted in the shot for conciseness, they are always present in
the actual dataset.

The output must follow the format: {"[Dn]": "the restored Hanja character for [Dn]"}

### Example Input & Output

[Example 1]

**xInput**

The document was written at date: 7, month: 6, year: 1771 - ZjH era.
Input Document: "EF[D11ERE, EBMEEL, A& &, RETEEM."
**Qutputxx

{”[D‘I]“:”?”}

[Example 2]

**xInputx*

The document was written at date: 26, month: 8, year: 1824 - il era.
Input Document: "[D1]1[D2]1O{EHKE, BIEEEFLH."

**Qutput**

{’p11":"&","[D2]":"&"}

[Example 3]

**xInputx*

The document was written at date: 3@, month: 6, year: 1686 - E§R era.

Input Document: "[FI[D11E%, FEID21iE - Fif - RID3] - FEA - AL AT EINRRD4IEESE. AK."
**0utputx*

{II[D1]II: “E"ﬁ”, Il[DZ]”: IIEHU, ll[D3]H: II%H’ lI[D4]”: II_H}

\ J

User Prompt

Use the following documents as references to accurately restore the input document.

Related Documents:

- BH, 25T AREFE, SHREL.

- B8, ENBREHRL  AHRE, FHE, SHREL.

- BH, 2EREHNE  ARE - TE2Y - AREFHE, SARED.
BTEHE, RREFE, SABEL.

BTHERAH, AHE- JBHE - ARETE, SHREL.

The input document was written at date: 28, month: 7, year: 1887 - B3R era.

Input Document: EH, FEHE - [D1ID2]IMIELFE, SHBEL.

Figure 14: An example of the final prompt used for the restoration task.

43304



