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Abstract: Confucian classics hold a foundational position in the history of
Sino-Korean cultural exchange. However, machine translation of these texts
often leads to semantic distortion and cultural bias. This paper proposes
an automated bias identification framework based on the pre-trained
cross-lingual model x-language model-robustly optimised bidirectional encoder
representations from transformers pretraining approach. Through a multi-task
architecture integrates contrastive learning, semantic role labelling, and
context-aware alignment, our method effectively identifies and quantifies
semantic, cultural, and grammatical deviations in translated Confucian texts.
Experimental results on multiple public available corpora demonstrate that the
proposed approach achieves an Fl-score of 0.83 and accuracy of 85%,
outperforming existing baselines in both metrics, especially in identifying
culturally specific terms and nuanced expressions (F1 = 0.86 for cultural bias).
This research provides valuable methodological insights for evaluating classical
text translation quality and supports the accurate dissemination and digital
preservation of Confucian cultural heritage.
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1 Introduction

Confucian classics, as the core cultural heritage of East Asian civilisation (Hua-Xian,
2009), the enduring values embedded within Confucian cultural heritage continue to exert
a profound influence on contemporary social norms, ethical frameworks, and educational
practices in both China and Korea, underscoring their lasting relevance in modern
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societal structures have had a profound influence on cultural exchange between china and
South Korea. However, significant differences exist between Chinese and Korean in
terms of grammatical structure, cultural terminology (Borg, 1999), and expressive habits,
leading to semantic distortion and cultural bias in machine translation systems when
processing Confucian texts (Wierzbicka, 1994). For example, the lack of correspondence
between the elliptical sentence structures and word class conversion phenomena in
classical Chinese and the honorific system in Korean often results in automatic
translations losing the philosophical implications and cultural nuances of the original text
(Eoyang, 2005). In recent years, although pre-trained language models (PLMs) (such as
x-language model — robustly optimised Bert pretraining approach) have made
breakthroughs in cross-language tasks, they still face challenges when handling
low-resource language pairs and culturally specific texts. Research indicates that
multilingual large language models (LLMs) perform excellently in high-resource
languages like English, but in Chinese-to-Korean translation, their outputs often exhibit
‘translationese’ and semantic deviations due to data imbalance and insufficient cultural
adaptation. Such deviations not only affect translation quality but may also mislead
semantic interpretation in cross-cultural communication (Labrador, 2011), highlighting
the urgent need for targeted deviation identification methods (Wekre, 2011). A principal
challenge associated with low-resource language pairs, such as Chinese-Korean, stems
from the limited availability of large-scale, high-quality parallel corpora, which
constrains the training of robust and generalisable machine translation models.

Currently, the latest advancements in multilingual machine translation primarily focus
on general domains and high-resource language pairs, while research on bias
identification in culturally dense texts (such as Confucian classics) remains in its early
stages (Nguyen and Terlouw, 2006). For instance, a joint study between apple inc. and
multiple international universities revealed that even optimised models retain
English grammatical structures in non-English outputs (Ismail et al., 2010), leading to
‘English-centric thinking’ issues (Andriof and Waddock, 2002). This phenomenon often
leads to what is known as ‘English-centred thinking’, where the structural and pragmatic
norms of English are unconsciously carried over into translations involving other
languages. Meanwhile, the launch of the transbench evaluation rankings marks the
industry’s growing focus on cultural compliance (such as honorific norms and taboo
words) (Wang et al., 2017), but its metric system has yet to fully account for the unique
characteristics of classical text translation (Han, 2023). In the processing of Confucian
texts, existing work has primarily focused on Chinese-English translation or the
conversion of classical texts into modern Chinese (Sahaji, 2021). For instance, the
method proposed, which uses LLMs to optimise translation fluency by adjusting internal
parameters (Shih-Chuan, 2011), has not addressed cross-cultural bias issues.
Furthermore, a 2025 report by Auspion highlights that data availability and writing
systems (such as Chinese logographic characters and Korean syllabic characters) are key
factors affecting localisation quality, while the isolating language characteristics of
Confucian texts further complicate the identification of cultural biases (Lisheng, 2008).

The significance of this study lies in filling the gap in identifying translation biases in
culturally specific texts and promoting the innovative application of pre-trained models in
low-resource language pairs. Translation biases in Confucian texts not only involve
semantic levels but also encompass the cross-contextual transmission of cultural
philosophical concepts (such as ‘ren’ and ‘li’) (Kim, 2010), and mistranslations of these
concepts may lead to cultural misunderstandings (Kim, 2010). For example, the Korean
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honorific system’s expression of Confucian hierarchical concepts must maintain
philosophical consistency with the original Chinese text (Ozumba, 2005), yet existing
machine translation systems lack sensitivity to such subtle differences (Qin et al., 2000).
By developing a bias identification framework tailored for Chinese-Korean Confucian
texts, this study aims to enhance translation quality (Bailie et al., 2010), facilitate
cross-cultural dialogue, and provide methodological references for processing other
low-resource cultural texts (Melby et al., 2011). Additionally, the research findings hold
significant implications for challenging the paradigm that “data volume determines
translation quality” (Dervin, 1999), aligning with the conclusion in the Appen report that
“cultural appropriateness should be a core evaluation metric” (Kernick, 1997).

The innovation of this study lies in its pioneering integration of multi-granularity
deviation identification (semantic, cultural, and grammatical) with PLMs, focusing
specifically on Confucian texts in Chinese and Korean. unlike traditional evaluation
systems based on Bilingual Evaluation Understudy (BLEU) scores (Ye and Zhou, 2007),
this study introduces quantitative metrics such as cultural term consistency and
grammatical alignment, and employs alternate language data reconstruction methods
(e.g., symmetrical replacement of words in parallel corpora) to enhance the model’s
sensitivity to deviations (Molina and Silva, 2015). Additionally, the study draws
inspiration from the multi-objective self-distillation strategy of the ‘silk road’
multilingual machine translation platform to mitigate parameter conflicts and optimise
model performance under conditions of multilingual data imbalance. This approach not
only expands the application of models like X-language model-robustly optimised
bidirectional encoder representations from transformers (BERT) pretraining approach
(XLM-RoBERTa) in cultural deviation identification but also offers new insights for
constructing an interpretable cross-lingual analysis framework (Mohan et al., 2025). To
illustrate, the fundamental divergence between Chinese logographic characters and the
Korean alphabetic script (Hangul) introduces significant challenges in localisation, as
each system represents meaning through distinct visual, structural, and morphological
principles.

2 Related work

2.1 The application and progress of PLMs in machine translation

In recent years, PLMs have demonstrated significant potential in the field of machine
translation. Early studies such as BERT and X-language model-robustly (XLM) utilised
masked language modelling and cross-lingual pre-training to learn language
representations, providing a foundation for semantic alignment in low-resource language
pairs. Subsequently, models like XLM-RoBERTa expanded multilingual processing
capabilities, enabling more efficient context representation learning in cross-lingual tasks.
These models address language alignment by sharing vocabularies or subword units, but
they still face cultural specificity challenges when handling non-European language pairs
(e.g., Chinese-Korean). In recent years, domain-adaptive methods have become
mainstream. The central aim of domain-adaptive methods is to tailor general-purpose,
PLMs so they can operate effectively within specialised textual domains — such as
classical literature or legal documents — while preserving domain-specific nuances. For
example, the ‘tonggu da model’ developed by south china university of technology is
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based on baichuan 2-7b-base for incremental pre-training, using 2.41 billion classical text
corpora for unsupervised training, effectively improving performance on classical text
tasks. Meanwhile, large model fine-tuning strategies (such as Tongyi Qianwen) optimise
the fluency of classical text translation by constructing question-answering relationship
prompts. However, due to data imbalance and insufficient cultural adaptation, model
outputs in Chinese-Korean translation often exhibit semantic deviations, necessitating
more refined deviation identification mechanisms.

2.2 Current status of research on translation deviation identification methods

Translation deviation identification primarily focuses on semantic, cultural, and
grammatical deviations. Traditional methods rely on rule-based approaches (such as
RBMT) and statistical machine translation (SMT), which detect deviations by aligning
bilingual corpora, but struggle to handle complex linguistic phenomena. With the
advancement of deep learning, methods based on neural machine translation (NMT)
utilise attention mechanisms (such as transformers) to capture contextual deviations, for
example, by visualising cultural word mistranslations through attention weights. From an
intuitive standpoint, attention mechanisms facilitate the detection of cultural
mistranslations by enabling the model to visibly highlight which source-language tokens
it prioritises when generating an incorrect or culturally inappropriate term in the target
translation. A joint study by apple inc. And multiple universities worldwide noted that
even optimised models retain English grammatical structures in non-English outputs,
leading to ‘English-centric thinking’ issues. Recent work has introduced a multi-task
learning framework, combining semantic similarity metrics (such as cosine similarity)
and cultural term consistency indicators to quantify bias. For example, proposed using
PLMs combined with bidirectional gated recurrent units to extract latent representations
of language style and idiomatic expressions from machine translation outputs as features
for bias detection, achieving significant improvements over previous statistical methods.
In East Asian languages, Korean, due to its syllabic script characteristics, requires
specialised tools like ko-sentence-transformers for deviation detection. The unique
morphological and syntactic features of the Korean language, which are intrinsically
linked to its syllabic script, necessitate the use of specialised processing tools that are
explicitly designed to handle these linguistic particularities. This model is fine-tuned on
the klue corpus and outperforms multilingual baselines in semantic similarity tasks.

2.3 Confucian text processing and cross-cultural translation studies

Confucian texts serve as the core medium for cross-cultural communication, and their
translation research involves the conversion of classical Chinese to modern Chinese and
the alignment of cultural terminology. Early work relied on parallel corpora (such as
bilingual versions of the analects) and employed rule-based and example-driven methods
(such as EBMT) to address semantic sharing and homophones. Proposed a solution in the
evahan2023 classical Chinese translation competition, which utilised the LLM meta Al
model to expand the vocabulary using classical Chinese data and innovatively employed
word embeddings from pre-trained models to fuse and expand the classical Chinese
vocabulary, thereby fully leveraging the knowledge stored in pre-trained models. This
approach achieved a bleu score of 29.68, securing the championship. Meanwhile, the
pre-trained model SikuBERT achieved an F1 score of 91.52% in classical text vocabulary
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recognition, but research indicates that English translations exhibit ‘translation
simplification’, losing the cultural nuances of classical Chinese. Translation
simplification frequently leads to the erosion of nuanced elements present in the source
text, including subtle connotations, stylistic devices, and culture-specific references,
thereby diminishing the overall fidelity and richness of the translated output.
Chinese-Korean Confucian texts present unique challenges: the Korean honorific system
and the elliptical sentence structures of classical Chinese lead to grammatical
discrepancies, while the cross-contextual transmission of cultural concepts (such as ‘ren”)
requires manual refinement to ensure accuracy. Currently, there are few publicly
available Chinese-Korean Confucian datasets, and evaluation systems primarily rely on
bleu/rouge (recall-oriented understudy for gisting evaluation) metrics, lacking
quantitative standards for cultural biases.

2.4 Research gaps and the focus of this paper

Although progress has been made, the following gaps remain: First, multilingual PLMs
(such as XLLM-R) do not explicitly model cultural biases when processing low-resource
language pairs such as Chinese and Korean, leading to translation distortions. Second,
existing bias detection methods are primarily designed for European languages and lack
adaptation to East Asian language structures (such as Korean syllabic characters and
Chinese phonetic characters). For example, Korean requires specialised embedding
models (such as ko-sentence-transformers) to handle semantic similarity. Finally,
Confucian text research has focused on Chinese-English or classical-modern Chinese
conversion, and a multi-granularity bias identification system for Chinese-Korean
translation has not yet been established. Although existing methods reduce hallucination
issues, they have not been optimised for translation bias. This paper aims to address these
gaps by extending the XLM-RoBERTa model, integrating a multi-task deviation
identification module, and introducing a cultural term consistency metric to provide an
interpretable deviation analysis framework for Chinese-Korean Confucianism translation.

3 Methodology

This study proposes a multi-task bias identification framework based on the PLM
XLM-RoBERTa for detecting semantic, cultural, and grammatical biases in
Chinese-Korean Confucianism text translations. The overall process is divided into three
stages.

e Text encoding layer: generate context-aware vector representations of
Chinese-Korean bilingual input through XLM-RoBERTa.

e Deviation identification module: parallel processing of three types of deviations
(semantic, cultural, and grammatical) through multi-task learning heads.

e Deviation quantification output: output deviation scores and type classifications
based on custom metrics.

The core principle of the framework is to capture cross-language alignment features
through cross-language pre-trained models and to focus on culture-specific terminology
and grammatical structures using attention mechanisms. Figure 1 shows the overall
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architecture of the model, including input encoding, multi-task bias detection, and output
layers.

Figure 1 Framework for identifying translation deviations in Chinese and Korean Confucian
texts (see online version for colours)
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3.1 Text encoding layer

Given the input sentence s = wy, ws, ..., w,, first convert it into a vector sequence through
the embedding layer of XLM-RoBERTa.

E(s) = Embedding(s) e R ()

where E(s) is represents the vector sequence of sentence s after passing through the
embedding layer, s is input text sentence (s = wy, wy, ..., w,), and d is the dimension of
the hidden layer of the model (default 1,024), n is length of input sequence (number of
tokens). The encoder outputs context representations through multiple transformer layers.

H = XLM-RoBERTa (E(s)) € R"™¢ 2)

where H is context-aware representation matrix after XLM-RoBERTa encoding, and h; is
contextual vector representation of the i lexeme.

The representation of each morpheme h; integrates cross-linguistic contextual
information. To enhance the representation of cultural terms, enhanced encoding of
specific term tags (such as the Confucian concepts ‘ren’ and ‘li’) is introduced.

hienhanced =hi+ - Mcultural (3)

where hg™haeed jg enhanced cultural term vector representation, and y is scaling factor,

controls the contribution of cultural term embedding (default value is 0.3), Mcyyra 18
cultural terminology embedded matrix containing pre-trained representations of core
Confucian concepts.

3.2 Deviation identification module

This module contains three parallel sub-networks that handle semantic, cultural, and
grammatical deviations, respectively.

e Semantic deviation detection: by calculating the cosine similarity between the source
language and the target translation.

Hzh-Hko"

Simsem(HZh, HkO) = m
4 ()

“
where Simsem is semantic similarity scores between Chinese and Korean texts, Hzh
and Hko are matrices representing Chinese and Korean, respectively. if the similarity
is lower than the threshold zsem, it is marked as semantic deviation.

e Cultural bias detection: calculate term alignment consistency for culture-specific
terms (such as Confucian concepts).

N, aligned

Chias =1— 6]

total

where Nyjigned 1S the number of aligned cultural terms and Ny is the total number of
terms. Use attention weights to focus on cultural words.
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T
Acuttural = softmax ( QK j -V (6)

Jdy

where QKT and V are query, key, and value matrices, respectively, and d is the
dimension of the key vector.

e  Grammar deviation detection: detecting grammatical errors based on dependency
syntax analysis.

Ghias = I(POSzh # POSko) )

where 1 is an indicator function that returns 1 if the Part-Of-Speech (POS) labels are
inconsistent, and 0 otherwise.

3.3 Training strategies and loss functions

Using multi-task learning to jointly optimise three types of deviation detection tasks.

L = aLlsem+ fLcultural + y Lyrammar 8)

where o = 0.5, f = 0.3, and y = 0.2 are the task weight coefficients. The sub-loss
functions are defined as follows.

e  Semantic loss: similarity deviation minimised using mean square error (MSE).

Lsem = %Zz =1V (Simsem® — ysem® )2 )
where yfé?n is the true label (0 or 1), and L is overall loss function for multi-task
learning, L., is semantic deviation loss.

e  Cultural loss: using cross-entropy loss to classify cultural term alignment.

Lcultural = —Z cy. log(e) (10)

where y, is the cultural term category label and J, is the predicted probability.
e  Grammar loss: based on negative log-likelihood (NLL) loss.

Egrammar:—thlr logP(yt|ht) (11)

where y;, is the sequence of syntax labels and 7 is the sequence length.
e To improve generalisation, adversarial training is used to inject noise.
H*" = H+e¢-sign(VyL) (12)

where € is the perturbation strength (set to 0.01), and VL is the gradient of the loss
function with respect to the hidden representation.
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3.4 Deviation quantification index

Define quantitative indicators for the three types of deviation for output.
e Semantic deviation score.
Scem :1—Simsem(th, Hko) (13)
where Sg., is the semantic deviation score: the higher the value, the more severe the
deviation.

e  Cultural deviation index
1 L
]cultural = z ; I (termz & ﬂligned ) (14)

where Lyiurar is cultural deviation index, L is the total number of terms, and Tyjigneq 1S

the correctly aligned term sets, term; is the i cultural term.

e  Grammatical error rate

M
$a
Egrammar = A 15
; - (s)

where Egrammar 1S the grammatical error rate, M is the number of words in the

sentence, G\/)

v 18 syntactic deviation indicator value for the j word.

The final deviation classification results are output through a fully connected layer.

P = softmax (WP [Ssem 5 ]cultural 5 Egrammar ] + bp ) (16)

where P is the final deviation classification probability distribution, W, is the output
layer weight matrix (e R**), b, output layer bias vector, and [Ssem; Leuitural; Egrammar] 1S

spliced vector of three deviation indicators.

4 Experimental verification

4.1 Dataset and preprocessing

This study uses publicly available Chinese-Korean parallel corpora for experimental
verification. The main data sources include.

e Chinese-Korean Parallel Corpus: utilising the large-scale Chinese-Korean parallel
corpus (12.82 million sentence pairs) provided by Datatang, this corpus covers
multiple domains including news, tourism, and finance. The average sentence length
in Chinese is 25.7 characters, while the average sentence length in Korean is 28.3
characters. The corpus achieves an accuracy rate of 90% and has undergone data
cleaning and anonymisation processing.
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Confucianism-specific corpus: to accurately assess translation errors in Confucian
texts, we selected Confucianism-related texts (such as Chinese-Korean translations
of The Analects and Mencius) from the above corpus and constructed a specialised
test set (containing 10,000 sentence pairs) through manual annotation.

The annotation work was carried out by Chinese and Korean linguists, with a focus on
the consistency of translations of culture-specific terms (such as ‘ren’ and ‘Ii”).

Pre-processing steps include:

text cleaning: remove special characters, standardise punctuation marks, and align
sentences

word segmentation and part-of-speech tagging: Jieba word segmenter is used for
Chinese, and konlpy’s kkma word segmenter is used for Korean, combined with the
SikuBERT model 210 to enhance the processing of ancient text vocabulary (with an
accuracy rate of 91.52%)

data division: the general corpus is divided into training, validation, and test sets in
an 8:1:1 ratio; the Confucianism-specific test set is used independently for final
evaluation.

4.2 Baseline model and experimental setup

We compared the following baseline models, all based on implementations from the
public literature. SMT, moses system 1 based on phrases, using giza for word alignment,
NMT, transformer base model, hidden layer dimension 512, 8-head attention mechanism.

Pre-trained model baselines — XLM-RoBERTa: a cross-lingual model directly
applied to bias detection. Bilingual expert a QE (quality estimation) model
combining a bidirectional transformer, which performed best on the wmt2018
German-English task. Proposed model. A multi-task bias identification framework
based on XLM-RoBERTa (see the methodology section).

Experimental environment — hardware: nvidia al00 gpu (graphics processing unit,
40GB memory). Software: python 3.8, pytorch 1.12, huggingface transformers
library. hyperparameters: batch size 32, learning rate 2e-5, number of training epochs
10, optimiser adaptive moment estimation with weight decay.

Evaluation metrics — translation quality: bleu, translation error rate (TER). Deviation
identification: accuracy, recall, F1-score. Cultural term consistency custom metric
(Zeutaral, S€€ methodology).

4.3 Key findings and analysis

Overall performance comparison: the performance of each model on the test set is
shown in Table 1 (three-line table format). The model presented in this paper
outperforms the baseline in both BLEU and TER, indicating that the translations it
generates are closer to the human reference translations. In the bias identification
task, the F1 score (0.83) of the model presented in this paper is significantly higher
than that of other models, especially in terms of recall (0.82), indicating that it covers
potential biases more comprehensively.
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Table 1 Performance comparison of each model in the Chinese-Korean translation deviation
identification task

Model BLEU (%) TER (%) Accuracy rate  Recall rate F1 score
SMT 32.5 45.8 0.65 0.62 0.63
NMT 38.7 38.2 0.71 0.68 0.69
XLM-RoBERTa - - 0.76 0.73 0.74
bilingual expert - - 0.79 0.75 0.77
Our model 40.2 35.6 0.85 0.82 0.83

e Deviation type subdivision analysis: we further evaluated the model’s performance
on three types of deviations (semantic, cultural, and grammatical) (Figure 2).
Cultural deviations are the most difficult to identify, but the model in this paper
performed best on this type of deviation (F1 = 0.86) through cultural term
embedding and multi-task learning. All models performed relatively poorly in
identifying grammatical bias (F1 = 0.80 for the model in this paper), as the
grammatical structural differences between Chinese and Korean (such as the Korean
honorific system) are difficult to fully capture.

Figure 2 Comparison of F1-scores for different models in identifying various types of translation
errors (see online version for colours)

I semantic deviation (F1)
1.0 5 I Cultural bias (F1)
I Grammatical deviation (F1)
0.8
o 0.6
-
=]
51
2]
—
0.4 -
0.2 -
0.0 T T T T T ¥ T ¥ T
SMT NMT XLM-RoBERTa Bilingual Expert Ours
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o Ablation experiments: to verify the contribution of each component of the model, we
conducted ablation experiments (Figure 3). Removing cultural term embeddings
resulted in a 9.2% decrease in the F1 score for cultural bias, proving the
effectiveness of cultural enhancement encoding. Removing multi-task learning
resulted in a 6.8% decrease in the overall F1 score, demonstrating the necessity of
joint optimisation for bias identification.
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Figure 3 Performance of different model variants in ablation experiments under different metrics
(see online version for colours)

e Cuase study: demonstrating the effectiveness of deviation identification using
examples from the analects of Confucius.

e Original text: ‘Do not do unto others what you would not have them do unto you’.
reference Korean translation, ‘don’t do to others what you don’t want done to
yourself’.

e Incorrect translation, ‘don’t give others what you don’t want yourself” (‘shi’ was
mistranslated as ‘give’ (to give) instead of ‘do’ (to apply).

The model in this paper successfully detected the cultural terminology bias
(misinterpretation of ‘shi’), while XLM-RoBERTa only marked it as a semantic bias.
This indicates that the model in this paper is more sensitive to core Confucian concepts.

5 Conclusions

This study systematically addresses semantic, cultural, and grammatical deviation
detection issues in Chinese-Korean Confucian text translation by constructing a
multi-task deviation identification framework based on PLMs. Experimental results
demonstrate that this method significantly outperforms traditional SMT, NMT, and single
pre-trained model baselines on public datasets, particularly exhibiting outstanding
advantages in cultural term deviation identification.

The main theoretical contributions of this study are reflected in three aspects. First, a
multi-granularity deviation identification theoretical framework tailored for low-resource
language pairs is proposed, extending the traditional translation evaluation system
centred on semantics to include dimensions of cultural adaptability and grammatical
compliance, thereby providing a new theoretical perspective for cross-language text
quality assessment. Second, a cultural term embedding enhancement mechanism is
developed, which explicitly models the representation space of culture-specific concepts,
effectively addressing the issue of insufficient representation in pre-trained models when
processing culturally dense texts. Finally, a deviation quantification metric system
tailored to East Asian language structures is established, addressing the shortcomings of
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existing evaluation methods in supporting non-European language systems, and
providing a quantifiable evaluation benchmark for related research.

Based on the research findings, we propose the following practical recommendations:
at the technical application level, we suggest integrating the bias identification framework
from this study into the post-editing process of machine translation as an auxiliary tool
for translation quality control, with a focus on automatically screening and annotating
cultural terms and grammatical structures. At the educational application level, a
Confucian classics translation teaching system based on this technology could be
developed to help learners understand the linguistic and cultural differences between
Chinese and Korean through real-time bias feedback. In terms of resource development,
we recommend that academic institutions collaborate to build an open Chinese-Korean
Confucian terminology alignment database and establish translation standards for cultural
terms. Additionally, we suggest that industry organisations incorporate cultural deviation
metrics into translation quality assessment systems to advance standardisation in the field
of cross-cultural communication.
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