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Abstract

Constructing historical language models (LMs) plays a cru-
cial role in aiding archaeological provenance studies and
understanding ancient cultures. However, existing resources
present major challenges for training effective LMs on his-
torical texts. First, the scarcity of historical language samples
renders unsupervised learning approaches based on large text
corpora highly inefficient, hindering effective pre-training.
Moreover, due to the considerable temporal gap and com-
plex evolution of ancient scripts, the absence of compre-
hensive character encoding schemes limits the digitization
and computational processing of ancient texts, particularly in
early Chinese writing. To address these challenges, we in-
troduce InteChar, a unified and extensible character list that
integrates unencoded oracle bone characters with traditional
and modern Chinese. InteChar enables consistent digitiza-
tion and representation of historical texts, providing a foun-
dation for robust modeling of ancient scripts. To evaluate
the effectiveness of InteChar, we construct the Oracle Cor-
pus Set (OracleCS), an ancient Chinese corpus that combines
expert-annotated samples with LLM-assisted data augmenta-
tion, centered on Chinese oracle bone inscriptions. Extensive
experiments show that models trained with InteChar on Or-
acleCS achieve substantial improvements across various his-
torical language understanding tasks, confirming the effec-
tiveness of our approach and establishing a solid foundation
for future research in ancient Chinese NLP.

Introduction

Ancient script research has long served as a cornerstone for
cultural heritage preservation and the advancement of his-
torical linguistics, enabling scholars to decode lost histo-
ries and gain insight into ancient cultures through the in-
scriptions found on archaeological artifacts. Traditional ap-
proaches to this research are largely influenced by human
cognitive and learning limitations, which restrict the effi-
ciency of data processing and significantly hinder the de-
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Figure 1: Examples of various types of OBI images. (a)
An entire piece of oracle bone. (b) An entire piece of ora-
cle bone rubbing. (c) Oracle character rubbing images. (d)
Handwritten oracle character images.

cipherment of unknown characters (Diao et al. 2023b). In
contrast, recent advances in natural language understand-
ing have demonstrated significant advantages in processing
vast and complex corpora, motivating researchers to apply
these techniques to large-scale ancient text processing tasks
(Tian et al. 2021; Stopponi et al. 2024). One of the key re-
search directions in this field is the development of histor-
ical language models specifically designed to comprehend
ancient textual materials, thereby facilitating tasks such as
archaeological inference, historical reconstruction, and cul-
tural analysis (Ross 2023; Koc 2025).

Collecting and constructing appropriate corpora is fun-
damental to the development of effective historical lan-
guage models. However, due to the great antiquity of an-
cient scripts and their complex evolution over time, exca-
vated documents represented by Oracle Bone Inscriptions
(OBI) frequently contain a large number of unencoded char-
acters, which poses substantial challenges for digitization.
As illustrated in Figure 1, the common approach currently
involves storing these characters as images (Shi et al. 2022b;
Guan et al. 2024; Wang et al. 2024; Gao et al. 2024), which



are often in handwritten or rubbing form, rather than as
machine-encoded text. Furthermore, the limited number and
preservation issues of excavated artifacts result in relatively
scarce corpus samples for these ancient languages (Chi et al.
2022; Diao et al. 2023a). For example, only about 5,000
complete oracle bone pieces have been unearthed, yielding
merely 15,000 sentences that contain more than five charac-
ters. Consequently, the combination of vast numbers of un-
encoded characters and the scarcity of sentence-level sam-
ples poses a significant challenge to the construction of an
effective and usable corpus for ancient texts.

Research on ancient language models remains at an early
stage. Some studies (Guo et al. 2023; Wang et al. 2023; Liu
et al. 2024) have attempted to repurpose modern charac-
ter encoding schemes to represent ancient scripts, training
word embeddings and constructing corpora based on these
representations. However, such approaches typically cover
only a subset of high-frequency ancient characters, while
excluding a large number of low-frequency or unencoded
characters. This exclusion is not trivial: in the context of
ancient texts, where language resources are extremely lim-
ited and the writing system often highly contextual, even a
single low-frequency character may carry unique semantic,
historical, or cultural significance (Diao et al. 2023b). Each
character, regardless of its frequency, can be crucial for ac-
curately reconstructing meaning, understanding rare expres-
sions, or tracing cultural and linguistic developments. There-
fore, models that omit these characters suffer from incom-
plete representations and risk significant information loss
during training (Zhang and Li 2023). Other efforts have ex-
plored directly training language models on limited tran-
scriptions from excavated artifacts (Chi et al. 2022), but
these are similarly constrained by the scarcity of annotated
data, which makes unsupervised pre-training inefficient and
affects effective semantic learning. The extremely low fre-
quency of many ancient characters further complicates this
challenge, as their meanings cannot be reliably inferred from
the surrounding context alone.

To address the above challenges, we propose a novel cor-
pus to support historical language modeling. A key com-
ponent of our approach is InteChar, a unified and exten-
sible character set that incorporates oracle bone characters
not covered by existing encoding standards. We introduce a
standardized digitization pipeline that converts scanned im-
ages containing OBIs into machine-readable text, encoded
in a format compatible with modern character standards. In-
teChar enables a consistent and comprehensive digital rep-
resentation of ancient scripts, providing a solid foundation
for subsequent corpus construction and model training. Fur-
thermore, although many ancient characters appear infre-
quently, their latent mappings to modern Chinese can be
reinforced using data distillation techniques within a pre-
training paradigm. By augmenting the corpus with enhanced
samples and integrating specialized pre-training strategies,
models can acquire semantic representations of these rare
characters more rapidly. Following this strategy, we con-
struct OracleCS, a corpus of excavated transcriptions of ora-
cle bone inscriptions designed to support the training of his-
torical Chinese language models in low-resource settings. In
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addition, we construct a multi-task benchmark to quantita-
tively evaluate the performance of language models on un-
derstanding ancient scripts. To our knowledge, this work is
the first to systematically incorporate excavated oracle char-
acters, including undeciphered ones, into LM‘s evaluation
pipelines. The main contributions include:

¢ We construct InteChar, a unified and extensible Unicode-
compatible character list that integrates previously un-
encoded oracle bone characters alongside traditional
and modern Chinese characters, enabling consistent and
comprehensive digitization of ancient texts.

* Based on InteChar, we build OracleCS, a corpus that
prominently features oracle bone transcriptions, and de-
velop a benchmark to systematically evaluate language
models on ancient Chinese language understanding.

» Extensive experiments demonstrate that models trained
on OracleCS with InteChar significantly outperform
baselines across both embedding-based evaluations and
downstream fine-tuning tasks.

Related Work
Ancient Character Tasks

In recent years, the study of ancient Chinese characters has
gained increasing attention due to its value in historical lin-
guistics, archaeology, and cultural heritage. Advances in
deep learning have greatly supported this field, especially
in tasks like character recognition (Lin et al. 2022), detec-
tion (Yue et al. 2025), and restoration (Shi et al. 2022a;
Li et al. 2023). Early studies primarily focused on image-
based recognition tasks, such as oracle bone inscription clas-
sification using computer vision techniques. For example,
Zhang et al. (Zhang et al. 2021) employed a Siamese net-
work to match rubbing images with template images from
oracle character databases. Later studies have expanded be-
yond recognition to include glyph identification and struc-
ture analysis. RZCR (Diao et al. 2023b) combines radical
and structure features for character recognition, while LUC
(Gao et al. 2024) added radical and domain-specific fea-
tures to improve character retrieval. (Chi et al. 2022) pro-
pose an ancient Chinese knowledge graph ZiNet that links
glyphs and radicals across time. Generative methods have
also been explored. (Guan et al. 2024) proposed a diffusion-
based approach to generate possible modern forms from an-
cient characters, helping with transcription and understand-
ing how characters evolved. Despite these advances, such
studies only focus on deciphered characters. The interpre-
tation of entirely unknown characters remains an open and
challenging problem.

Ancient Chinese Corpus Collection

A key challenge in using NLP for ancient languages is the
lack of annotated data. Ancient Chinese texts, e.g., oracle
bones and bronze inscriptions, are typically available only as
noisy, fragmented images with limited annotations (Shi et al.
2022b; Diao et al. 2025). This low-resource scenario neces-
sitates innovative data collection and augmentation strate-
gies. Recent work on word segmentation has explored using



language models to create synthetic training data. For exam-
ple, (Shen et al. 2022) used an LSTM model (Hochreiter and
Schmidhuber 1997) to generate labeled samples, and (Feng
and Li 2023) applied distant supervision with parallel texts
to build augmented datasets. Expert-annotated corpora are
also essential. For instance, the CHisIEC dataset (Tang et al.
2024) combines expert knowledge with text analysis to ex-
tract relations from historical texts.

Benchmarks of Ancient Language Models

Evaluating the performance of language models trained on
ancient scripts poses unique challenges. Recent research has
focused on building benchmark datasets to assess model
capabilities on ancient Chinese texts. For example, FSPC
(Shao et al. 2021) and CCMP (Li et al. 2021) provide cor-
pora for classical poetry comprehension tasks, while CUGE!
(Yao et al. 2021) extends CCMP by adding a poetry match-
ing subtask. Zinin and Xu (Zinin and Xu 2020) compiled
historical travel texts and other ancient corpora to enrich
data diversity for downstream tasks. Other studies have in-
troduced tasks such as syntactic analysis, topic mining, and
sentiment classification (Pan et al. 2022; Wang and Ren
2022; Liu et al. 2022). AC-EVAL (Wei et al. 2024) integrates
multiple datasets and tasks into a unified evaluation suite
for ancient Chinese understanding. WenMind (Cao et al.
2024a) focuses on Chinese classical literature and language
arts, containing 4,875 question—answer pairs across 42 fine-
grained tasks, offering a comprehensive benchmark for eval-
vating LLMs in this domain. Fuxi (Zhao et al. 2025) intro-
duces a benchmark covering 21 tasks aimed at both under-
standing and generation, including novel tasks such as po-
etry composition and couplet completion, making it particu-
larly suited for generation-oriented ancient Chinese tasks.

In summary, although significant progress has been made
in developing models for the recognition and interpretation
of ancient Chinese characters, key challenges remain. The
most crucial problem is that all existing benchmarks and
corpora only cover encoded texts, ignoring characters from
unearthed artifacts that have not been standardized. This
greatly limits the ability of language models to learn from
ancient texts and manuscripts that contain rich historical and
cultural information.

The Proposed Method

This section introduces the construction of two key re-
sources: the InteChar Unicode character list and the Ora-
cleCS corpus. InteChar provides a unified encoding for an-
cient characters, while OracleCS offers a pretraining dataset
for oracle bone script. Both of them form the foundation for
downstream modeling and evaluation.

InteChar Character List Construction

Research on ancient scripts underscores the importance of
building a comprehensive Unicode character list to support
the development of historical language models. In this work,
we construct a unified and structured character set named In-
tegrated Characters (InteChar), which includes oracle bone

"https://cuge.baai.ac.cn.
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Figure 2: Four-stage workflow for building InteChar.

characters, traditional Chinese characters, and modern sim-
plified characters. InteChar is specifically designed to meet
the needs of training models on ancient Chinese texts. We
integrate multiple data sources, including modern Unicode
character sets, scanned images of oracle bone inscriptions,
and specialized font libraries, to produce a complete and
standardized character list.

The construction of InteChar follows a four-stage work-
flow aimed at building a unified and extensible character in-
ventory for ancient Chinese scripts, as shown in Figure 2.
First, we initialize the character list by loading the official
Unicode character set?, which serves as the foundational
layer for compatibility with modern natural language pro-
cessing systems. Second, we enrich the list by incorporating
encoded characters from widely adopted machine-readable
ancient Chinese resources, selecting only those characters
that also appear in our curated corpus to ensure relevance
and avoid redundancy. Third, we construct entirely new
characters for glyphs present in the corpus but absent from
existing standards. Finally, we conduct expert-guided proof-
reading and de-duplication to ensure the integrity, accuracy,
and uniqueness of each character entry. The resulting In-
teChar character set contains both standardized and newly
encoded characters, offering robust support for historical
language modeling and digital processing of ancient texts.
Initial Character List Construction. The initial charac-
ter list is constructed by loading the official Unicode char-
acter set, which defines standardized code points for char-
acters from virtually all major writing systems worldwide.
Among them, Unicode includes more than 90,000 encoded
CJK characters®. This serves as the foundational encoding
standard for modern natural language processing, ensuring
consistency across platforms and compatibility with main-
stream language models.

Integration of Existing Encoded Characters. To fully
leverage existing resources and reduce manual overhead, we
integrate previously encoded ancient characters from widely
adopted machine-readable libraries. A primary source is
the Zhongjian Library collection published by Zhonghua
Book Company*, a commonly used resource among pa-
leographers that includes 16 historical font sets initially.
These fonts include well-attested glyphs from oracle bones,
bronze inscriptions, bamboo manuscripts, and other early
Chinese scripts. Our focus is on the oracle bone subset of
the Zhongjian Library. To ensure relevance and avoid re-
dundancy, we apply a strict filtering strategy: only charac-

“https://en.wikipedia.org/wiki/Unicode
3https://en.wikipedia.org/wiki/CJK_Unified_Ideographs
*https://www.ancientbooks.cn/helpcore?font
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Figure 3: Examples of Unicode character lists. (a). Oracle bone Character images with their corresponding standardized glyphs
and Unicode in InteChar. (b). Examples of TrueType Font in InteChar.

ters that appear both in the Zhongjian Library and in our
curated corpus are retained. This ensures that all included
characters are not only well-formed but also actively used
in authentic historical contexts. When a character appears in
multiple font sets, we preserve only one representative form
to avoid duplication. For each retained glyph, we extract its
graphical representation and record the associated metadata
in InteChar, including font source and an internally assigned
code point within Zhongjian Library. This integration stage
enables the reuse of trusted typographic resources and pro-
vides a cost-effective foundation for character set expansion.
Construction of New Characters. While the integration
of existing resources significantly reduces manual effort,
a large number of characters in our corpus remain unen-
coded in both Unicode and historical font libraries, espe-
cially from excavated oracle inscriptions. These characters
often correspond to undeciphered or low-frequency glyphs
that nonetheless carry important contextual and linguistic
value. To address this gap, we construct entirely new char-
acters using a semi-automated pipeline that combines com-
puter vision techniques with expert validation. Following
previous studies, we rely on three key sources to identify
candidate characters for construction: oracle bone images,
domain-specific corpora, and existing font resources. Char-
acters that appear in our training corpus but lack a corre-
sponding encoding in Unicode or the Zhongjian Library are
flagged as candidates for reconstruction.

We observe that while many oracle glyphs are com-
plex and unique, a large number of their subcomponents,
namely radicals, have been extensively studied and can be
linked to known components in traditional Chinese charac-
ters. Instead of requiring experts to manually trace entire
glyphs stroke by stroke, we adopt a radical-based recogni-
tion method that detects familiar structural units to enable
compositional reconstruction. This approach significantly
improves both the efficiency and scalability of new charac-
ter creation. To efficiently construct new character entries
without requiring experts to manually trace every stroke, we
apply a radical recognition method that automatically iden-
tifies radicals within complex glyphs. By detecting known
radicals, we can reconstruct new characters radical by rad-
ical, rather than stroke by stroke, significantly accelerating
the expansion of the character list. In our implementation,
we adopt the radical recognition method proposed by (Diao
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et al. 2023a) to output candidate radicals, which is based
on an object detection model trained to identify oracle rad-
icals within noisy, real-world character images. The overall
pipeline for new character construction consists of the fol-
lowing seven steps:

* Image Collection and Preprocessing: Oracle bone in-
scription images are collected from archaeological pub-
lications and processed via resizing, contrast normaliza-
tion, and geometric alignment (e.g., vertical flipping).

» Radical Recognition: The preprocessed images are
passed through the radical recognition model to predict
the categories of radicals within each glyph.

* Standardization of Radicals: Mapping predicted radicals
to modern Chinese equivalents where applicable, form-
ing an intermediate compositional glyphs.

» Expert Verification: Paleographers manually verify the
radical composition, correct misclassifications, and make
final glyph adjustments based on domain knowledge.

* Vectorization: Validated glyphs are redrawn as scalable
vector graphics, conforming to a consistent visual style
aligned with InteChar’s typographic standard.

* Code Point Assignment: Each reconstructed glyph is as-
signed a new internal code point using a Unicode-style
format that supports future interoperability and system-
atic expansion.

* Character Integration: The finalized character is incorpo-
rated into InteChar.

This pipeline allows us to systematically digitize and en-
code characters that were previously inaccessible to com-
putational models. As a result, oracle bone characters with
no prior encoding can now be consistently represented,
searched, and used in downstream language modeling tasks.
Figure 3(a) illustrates examples of newly constructed char-
acters, showing the original image, reconstructed glyph, and
assigned code point within InteChar.

Expert-Guided Proofreading. When finished with the con-
struction of the InteChar, we invite domain experts in pa-
leography to validate InteChar through human-in-the-loop
proofreading. Applying Siamese networks (Melekhov, Kan-
nala, and Rahtu 2016), we compute glyph similarities to
identify potential duplicates and present them with corre-
sponding encodings for expert review. The InteChar we built



contained a total of 11,288 characters. Figure 3(b) presents
the TrueType Font of InteChar, namely the “.ttf" file. Im-
portantly, InteChar is designed to be continuously updat-
able. Any new additions to the list follow the same construc-
tion pipeline. This process addresses the long-standing is-
sues of incomplete digitization and data sparsity in ancient
Chinese texts, and enables robust training and analysis of
early scripts such as oracle bones.

OracleCS Corpus Construction

To support embedding-level representation learning and
downstream fine-tuning for ancient Chinese language under-
standing, we construct the Oracle Corpus Set (OracleCS), a
linguistically curated corpus specifically focused on oracle
bone inscriptions and ancient Chinese texts. It serves as a
foundational resource for evaluating and adapting modern
language models to low-resource historical scripts.

OracleCS is constructed under a standardized pipeline
that integrates expert curation with automated data enrich-
ment. The process begins with domain experts in paleog-
raphy and historical Chinese linguistics manually select-
ing and annotating high-quality samples from archaeolog-
ical literature and oracle bone rubbings’. These samples
include both deciphered and undeciphered oracle charac-
ters encoded in InteChar, and form the core of the cor-
pus. In addition to the main textual data, OracleCS includes
glyph-level and semantic annotations for individual charac-
ters. These include radical decompositions and definitions
extracted from classical lexicons such as Shuowenjiezi® and
The Great Chinese Dictionary’. For characters not yet de-
ciphered, semantic annotations are left blank. The corpus
also incorporates a selection of pre-Qin classics®, including
Analects, Spring and Autumn Annals, Mencius, Xunzi, etc.

To address the scarcity of annotated ancient texts, we
adopt data augmentation strategies to further enrich Ora-
cleCS. Specifically, we introduce instruction-tuning samples
that combine task descriptions with input-output demonstra-
tions. These instruction-following examples simulate real-
istic usage scenarios and cover a wide range of sentence-
level and character-level tasks, including sentence transla-
tion, synonym substitution, glyph structure analysis, charac-
ter decomposition, and semantic prediction. By integrating
explicit instructions with concrete demonstrations, the cor-
pus is expanded in scale and enhanced in task diversity and
linguistic granularity. This enables the model to more ef-
fectively learn both high-level semantic mappings and low-
level structural associations, improving its ability to evaluate
the complexities of ancient text processing.

Based on these datasets, we construct a benchmark for
evaluating historical language understanding. Our frame-
work supports two complementary modes of evaluation, in-
cluding embedding evaluation tasks and downstream fine-
tuning tasks.

>https://jgw.aynu.edu.cn/home/index.htm]
Shttps://www.shuowen.cn/
"https://www.hanyudacidian.cn/
8https://ctext.org/pre-qin-and-han/zhs
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Experiments and Discussions

This section presents the experimental evaluation of In-
teChar and OracleCS. We detail the datasets used, the exper-
imental setup, baseline comparisons, and downstream task
evaluations to demonstrate the effectiveness of our method-
ology. In this section, we present a comprehensive evalua-
tion of our proposed OracleCS through two sets of exper-
iments. The first set assesses the embedding capability of
language models pre-trained with the extended oracle vo-
cabulary, while the second set evaluates downstream perfor-
mance on several fine-tuning tasks. In all experiments, we
trained each baseline model both with and without the addi-
tion of the InteChar character list, and compared their per-
formance on the same tasks.

Experimental Setup

Datasets. Our experiments are conducted based on the pro-
posed OracleCS dataset, which comprises both excavated
texts and classical Chinese literature. The dataset contains
approximately 11,288 unique Chinese characters and a total
of 173,459 annotated samples. Each sample includes rad-
ical decomposition information, and, where applicable, a
mapping to its corresponding modern Chinese word is also
provided. This structured annotation enables more accurate
learning of character semantics and facilitates model under-
standing of the intricate relationship between ancient and
modern language forms.

Baselines. All evaluations are conducted on ten models.
We select three classic baselines, including BERT (Devlin
et al. 2019), Llama-3-8B (Touvron et al. 2023), and GPT-
2 (Brown et al. 2020), three language models designed for
Chinese, including MiniRBT (Cui et al. 2021), gawenBERT-
base’ (Wang et al. 2023), and sikuBERT (Liu et al. 2024),
two state-of-the-art LL.Ms, including Qwen-7B-Chat (Bai
et al. 2023) and GLM-4-9B (GLM et al. 2024), and two
state-of-the-art LLMs designed for ancient Chinese, includ-
ing XunziALLM'? and TongGu-LLM (Cao et al. 2024b).
Implementation details. The experiments are run on a high-
performance server equipped with eight HUAWEI Ascend-
D910b NPU under an Ubuntu-based environment. We im-
plement our models with PyTorch and set unified hyperpa-
rameters for every models. For embedding evaluation, mod-
els are trained for 10 epochs with a batch size of 32 and an
initial learning rate of 3e-5. Optimization is performed using
AdamW, and early stopping is applied based on NDCG@ 10
on the development set. For fine-tuning evaluation, we set
the batch size to 32 and the learning rate to le-5. It is
performed for 10 epochs using the AdamW optimizer and
CrossEntropy loss. The model checkpoint with the highest
validation score is selected for final evaluation.

Embedding Evaluation

To assess the semantic representation capabilities of pre-
trained models under different character list settings, we de-
sign two embedding-based evaluation tasks: (1) Cloze Com-

*https://github.com/ethan-yt/guwenbert.

https://github.com/Xunzi- LLM-of-Chinese-classics/
XunziALLM.



| NDCG@10 MRR@10 | NDCG@20 MRR@20
Models \ Origin InteChar Origin InteChar \ Origin InteChar Origin InteChar
BERT (Devlin et al. 2019) 0.167 0.515 0.134 0.375 0.163 0.453 0.127 0.312
Llama-3-8B (Touvron et al. 2023) 0.172 0.518 0.143 0.463 0.212 0.546 0.115 0.334
GPT-2 (Brown et al. 2020) 0.216 0.584 0.168 0.534 0.224 0.643 0.176 0.488
MiniRBT (Cui et al. 2021) 0.184 0.538 0.138 0.413 0.154 0.441 0.121 0.358
guwenBERT-base® (Wang et al. 2023) | 0.204 0.565 0.156 0.526 0.168 0.480 0.132 0.386
sikuBERT (Liu et al. 2024) 0.195 0.553 0.163 0.488 0.182 0.513 0.143 0.423
Qwen-7B-Chat (Bai et al. 2023) 0.302 0.842 0.254 0.736 0.280 0.795 0.228 0.639
GLM-4-9B (GLM et al. 2024) 0.274 0.808 0.278 0.752 0.266 0.762 0.209 0.618
XunziALLM'® 0.261 0.765 0.225 0.675 0.252 0.725 0.232 0.651
TongGu-LLM (Cao et al. 2024b) 0.238 0.723 0.213 0.638 0.238 0.683 0.187 0.553

Table 1: Embedding-based evaluation results on the Cloze task using excavated oracle texts. Models use frozen backbones
and are equipped with newly trained embedding layers based on either the original character list or the InteChar character list.
Performance is measured by NDCG@Ek and MRR @£, where £ = 10 or 20.

| NDCG@400 MRR@400 | NDCG@500 MRR@500
Models | Origin InteChar Origin InteChar | Origin InteChar Origin InteChar
BERT (Devlin et al. 2019) 0.346 0.376 0.136 0.207 0.327 0.452 0.112 0.182
Llama-3-8B (Touvron et al. 2023) 0.298 0.325 0.098 0.152 0.281 0.388 0.085 0.137
GPT-2 (Brown et al. 2020) 0.320 0.347 0.115 0.175 0.300 0.415 0.095 0.155
MiniRBT (Cui et al. 2021) 0.358 0.390 0.145 0.221 0.340 0.471 0.120 0.195
guwenBERT-base’ (Wang et al. 2023) | 0.375 0.406 0.155 0.237 0.355 0.492 0.128 0.208
sikuBERT (Liu et al. 2024) 0.385 0.417 0.162 0.247 0.365 0.506 0.133 0.216
Qwen-7B-Chat (Bai et al. 2023) 0.435 0.472 0.202 0.308 0.418 0.579 0.168 0.272
GLM-4-9B (GLM et al. 2024) 0.448 0.486 0.211 0.322 0.432 0.595 0.176 0.285
XunziALLM!? 0.402 0.436 0.182 0.278 0.394 0.540 0.148 0.240
TongGu-LLM (Cao et al. 2024b) 0.390 0.424 0.175 0.267 0.378 0.523 0.141 0.229

Table 2: Embedding-based evaluation results on the Commentary-to-Text Retrieval task. Models use frozen backbones and
are equipped with newly trained embedding layers based on either the original character list or the InteChar character list.
Performance is evaluated with NDCG @k and MRR @k, where & = 400 or 500.

pletion on Oracle Bone Inscriptions, and (2) Commentary-
to-Text Retrieval on Canonical Texts. These tasks evaluate
how well the character-level embeddings capture contex-
tual and semantic information in a zero-shot setting, with-
out task-specific fine-tuning. For each model, we replace
the original character embedding layer with a newly initial-
ized embedding matrix based on either the original character
list or the proposed InteChar, while keeping the pretrained
model backbone frozen. These embeddings are trained on
the OracleCS corpus to adapt to ancient character repre-
sentations. During evaluation, we extract final-layer embed-
dings and compute similarity scores between masked inputs
and candidates or between paired sentence-level inputs. Per-
formance is reported using standard ranking metrics: Nor-
malized Discounted Cumulative Gain (NDCG) and Mean
Reciprocal Rank (MRR).

Cloze Completion on Oracle Bone Inscriptions. This task
focuses exclusively on oracle bone inscriptions from exca-
vated sources, aiming to test the word embedding ability of
models to semantically distinguish oracle characters in con-
text. Given a sentence with one character masked, the model
is asked to select the correct character from a limited set
of candidates based on embedding similarity. Each candi-
date set is predefined (e.g., @k indicates k options per in-
stance). This test set consists of 15,416 cloze instances, with
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12,416 instances for training and 3,000 for evaluation. Each
instance includes a masked sentence and a set of candidate
characters (including one ground truth).

Table 1 presents the performance of 10 representative
models across four ranking metrics: NDCG@ 10, MRR @10,
NDCG @20, and MRR@20. Across all metrics, models us-
ing InteChar consistently outperform their original counter-
parts. For example, the MRR@10 of GPT improves from
0.168 to 0.534, and BERT from 0.134 to 0.375, demon-
strating better top-ranked prediction accuracy. Larger mod-
els show even greater gains: Qwen2.5-Omni-7B improves
from 0.302 to 0.842 in NDCG @10, and from 0.254 to 0.736
in MRR@10. These results validate the effectiveness of In-
teChar in enhancing representation learning, particularly for
low-resource ancient scripts. The enriched character seman-
tics help models capture context more effectively.

Commentary-to-Text Retrieval on Canonical Texts. This
task evaluates sentence-level semantic alignment between
modern commentaries and classical Chinese texts, aiming to
assess sentence-level semantic understanding and retrieval
capacity. Given a modern commentary, the model retrieves
the corresponding original sentence from a large candidate
pool based on sentence embedding similarity. The test set
contains 896 commentary queries and 12,141 classical text
candidates. Each model computes sentence-level embed-



|  Translation Polysemous Matching ~ Word Parsing | Average
Models \ origin InteChar origin InteChar origin InteChar \ origin InteChar
BERT (Devlin et al. 2019) 92.75 93.01 86.69 87.07 90.54 91.59 89.99 90.56
Llama-3-8B (Touvron et al. 2023) 83.52 83.43 80.28 80.51 80.43 80.89 81.41 81.61
GPT-2 (Brown et al. 2020) 90.27 90.84 86.86 87.23 88.67 89.27 88.60 89.11
MiniRBT (Cui et al. 2021) 91.34 91.69 86.65 87.12 89.32 89.86 89.10 89.56
guwenBERT-base® (Wang et al. 2023) | 92.86 93.50 87.73 88.48 91.26 91.88 90.62 91.29
sikuBERT (Liu et al. 2024) 93.21 93.88 86.48 87.52 90.84 91.32 90.18 90.91
Qwen-7B-Chat (Bai et al. 2023) 94.37 95.06 89.23 90.16 93.36 93.96 92.32 93.06
GLM-4-9B (GLM et al. 2024) 92.98 93.35 87.72 88.34 94.27 94.79 91.66 92.16
XunziALLM!? 93.53 94.31 91.51 92.23 92.78 93.28 92.61 93.27
TongGu-LLM (Cao et al. 2024b) 94.12 94.84 90.45 91.27 92.06 92.65 92.21 92.92

Table 3: Fine-tuning results (%) on three downstream tasks, including Ancient Chinese Translation, Polysemous Word Match-
ing, and Word Parsing. Each model is adapted on the OracleCS using either the original character list or our proposed InteChar
character list. The Average column represents the average accuracy across all three tasks.

dings for both, ranked by similarity, and evaluated using
standard retrieval metrics such as NDCG@k and MRR@k.

As shown in Table 2, InteChar-enhanced models again
yield notable improvements. For instance, when & = 500,
GLM-4-9B improves its MRR@500 from 0.176 to 0.285,
and Qwen2.5-Omni-7B increases its NDCG@500 from
0.418 to 0.579. These gains reflect the enhanced capacity
of InteChar to bridge semantic gaps between classical and
modern Chinese expressions.

Overall, these two tasks evaluate both fine-grained
(character-level) and coarse-grained (sentence-level) seman-
tic capabilities. The consistent performance improvements
demonstrate that InteChar facilitates more robust and dis-
criminative character embeddings, enabling better semantic
matching in low-resource, zero-shot scenarios.

Fine-tuning Evaluation

In addition to embedding-based evaluation, we further val-
idate the effectiveness of our proposed InteChar charac-
ter list under fine-tuning settings. Specifically, we consider
three downstream tasks: Ancient Chinese Translation, Poly-
semous Word Matching, and Word Parsing. Details include:

* Ancient Chinese Translation is a sentence-level task that
requires the model to align ancient Chinese texts with
their modern Chinese counterparts.

* Polysemous Word Matching is a binary classification
task where the model is given a sentence and asked to de-
termine whether a specified character in context matches
a given semantic interpretation.

* Word Parsing is a character-level task where the model
selects the appropriate interpretation of an ancient char-
acter based on learned semantics.

All experiments are conducted on annotated subsets of the
OracleCS dataset, using either the original character list or
InteChar, with separate training and test sets for each task.
The Ancient Chinese Translation task includes 15,868 train-
ing and 10,578 test samples; Polysemous Word Matching
has 33,380 training and 22,253 test samples; and Word Pars-
ing consists of 81,929 training and 54,619 test samples.
These tasks cover different levels of linguistic granularity,
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from sentence-level translation to character-level parsing,
and together form a comprehensive benchmark for evalu-
ating historical language understanding.

We adopt parameter-efficient fine-tuning using LoRA (Hu
et al. 2022) to adapt each model to downstream tasks. In
all cases, we freeze the pretrained model backbone and up-
date only the low-rank adaptation layers and task-specific
output heads. As shown in Table 3, the results demonstrate
that training with InteChar consistently improves perfor-
mance across all tasks and models. Compared to the orig-
inal character list, models with InteChar achieve better gen-
eralization and semantic alignment. For example, TongGu-
LLM reaches 94.84 on translation and 92.65 on parsing,
yielding an overall accuracy of 92.92. The average accu-
racy across all tasks also improves for every model. For in-
stance, Qwen2.5-Omni-7B rises from 92.32 to 93.06. These
improvements suggest that InteChar enhances both shal-
low and deep linguistic modeling. Compared to embedding-
based evaluations, the fine-tuning experiments provide com-
plementary evidence. While embedding evaluation focuses
on the quality of newly trained character embeddings un-
der a frozen backbone, fine-tuning further adapts models
through parameter-efficient tuning for specific tasks. The
consistent gains across both settings confirm that InteChar
significantly improves language modeling for ancient texts.

Conclusion

This paper focuses on addressing key challenges in train-
ing language models for historical Chinese texts, includ-
ing the poor performance of conventional language mod-
els on sparse ancient data and the lack of unified digital
representations for ancient characters. One of our contribu-
tions is the construction of InteChar, a unified and extensi-
ble character set that incorporates unencoded oracle charac-
ters alongside traditional and modern Chinese, enabling con-
sistent representation across scanned images, font libraries,
and annotated corpora. We further integrate expert-curated
samples with LLM-assisted data augmentation to construct
a high-quality training corpus, OracleCS, and evaluate mod-
els on both cloze-style completion for excavated texts and
commentary-to-text retrieval on classical literature.
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