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Abstract

Traditional methods for processing classical
Chinese typically segment language under-
standing into discrete tasks, which overlook
crucial background information and reduce
user engagement. Large language models
(LLMs) provide integrated solutions, yet they
entail high computational costs and risks of gen-
erating inaccurate historical information. To
tackle these challenges, we propose a novel
framework, TEACH (conTrastive knowlEdge
Adaptive distillation with enhanCed Historical
interpretability), which focuses on classical
Chinese understanding by integrating word
sense disambiguation with sentence transla-
tion. This integration leverages a confidence-
annotated knowledge base and a step-by-step
Chain-of-Thought prompting mechanism to
minimize hallucinations and improve seman-
tic analysis. Moreover, TEACH employs con-
trastive distillation learning to efficiently trans-
fer capabilities from larger models to smaller
ones (e.g., Qwen2-1.5B), addressing overly lib-
eral translations. Additionally, we introduce
an innovative generation evaluation metric us-
ing iterative word alignment, enhancing LLM
performance assessments by distinguishing ad-
ditional information and addressing excessive
translation issues. Experiments conducted on
real-world datasets validate TEACH’s efficacy
in classical Chinese educational scenarios.!

1 Introduction

Classical Chinese literature, as a crucial carrier
of millennia-old cultural heritage, plays an irre-
placeable role in historical understanding and cul-
tural transmission. However, understanding clas-
sical Chinese poses numerous challenges, such as
scarce corpora, complex linguistic structures, vari-
able word meanings, and rich historical and cul-
tural contexts, all of which increase the difficulty
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of comprehension (Zhang et al., 2024; Wei et al.,
2024b). With the rapid development of natural lan-
guage processing technologies, more researchers
are focusing on classical Chinese to address these
challenges (Li et al., 2022; Liu et al., 2022; Xiang
et al., 2024).

The key tasks in understanding classical Chi-
nese include word sense disambiguation (WSD)
and translation. The WSD aims to select the most
fitting meaning of a polysemous word within its
context (Shu et al., 2021; Pan et al., 2022). For
translation, traditional methods employ encoder-
decoder approaches to achieve literal translation of
sentences (Chang et al., 2021; Wang et al., 2023).
However, the segmentation of these tasks hinders
holistic analysis. Furthermore, traditional models
frequently suffer from semantic inaccuracies due
to inadequate historical background. Additionally,
these models typically require coding skills, limit-
ing their accessibility and reducing their suitability
for educational applications.

LLMs (Wei et al., 2022a; Zhao et al., 2023; Wei
et al., 2022b) can easily engage with users and en-
hance language understanding by providing rich
historical context, thereby improving sentence in-
terpretability. This capability extends beyond basic
word sense analysis and sentence translation, po-
tentially increasing their interest in classical Chi-
nese and historical studies (Wei et al., 2024a). De-
spite their strong generative capabilities and broad
knowledge coverage, LLMs face challenges such as
the occasional generation of hallucinations (Chang
et al., 2024). This misleads users in educational
scenarios. Additionally, LLMs entail high infer-
ence costs and substantial computational resources
for training and deployment (Yang et al., 2024b).
Consequently, it is a significant challenge to de-
velop a smaller model that requires less data while
ensuring efficient inference speed (Hu et al., 2022;
Ding et al., 2023).

To address these problems, we propose TEACH,

3537

Proceedings of the 63rd Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers), pages 3537-3550

July 27 - August 1, 2025 ©2025 Association for Computational Linguistics


https://github.com/yuting-wei/TEACH

a novel framework for classical Chinese under-
standing that integrates conTrastive knowlEdge
Adaptive distillation with enhanCed Historical in-
terpretability. This framework unifies word sense
analysis and sentence comprehension, facilitating
the transfer of historical knowledge and reason-
ing abilities from large to smaller models. Specif-
ically, we first construct a confidence-annotated
knowledge base including historical information
and word annotations for retrieval augmentation.
Then we design a step-by-step Chain-of-Thought
(CoT) prompt to guide the large model in mini-
mizing hallucinations and generating comprehen-
sive contextual and semantic analysis. Through the
distillation process, the small student model, with
only 0.8-4% of the parameters of the large teacher
model, acquires step-by-step thinking capabilities
and becomes a proficient classical Chinese inter-
preter. To address the tendency of large models to
produce liberal translations, we employ contrastive
learning to train the model in the precise and literal
style essential for classical Chinese understanding.
Moreover, we introduce a generation evaluation
metric based on iterative word alignment for LLMs,
enabling a more accurate assessment of their per-
formance by distinguishing additional information
and addressing excessive translation issues. Our
key contributions are as follows:

* To the best of our knowledge, it is the first
educational model for classical Chinese that
combines word sense disambiguation and sen-
tence translation tasks, while also providing
historical interpretability.

* We propose TEACH, a novel contrastive
knowledge adaptive distillation framework,
which transfers reasoning capabilities from
large to small models by step-by-step CoT
prompting, significantly reducing hallucina-
tions and liberal translations.

* We improve a generation evaluation metric
based on iterative word alignment for LLMs,
which considers the additional information
and excessive translation.

* Experiments on real datasets demonstrate the
effectiveness of our model, showing that it
generates high-quality historical context anal-
ysis while also accurately understanding clas-
sical Chinese semantics.

2 Related Work

2.1 Classical Chinese Understanding

Classical Chinese WSD and translation are two
crucial tasks for understanding classical Chinese
texts (Pan et al., 2022; Shu et al., 2021). WSD is
typically approached as a classification challenge,
where traditional methodologies deploy word em-
beddings that integrate contextual or annotated
data, utilizing algorithms such as KNN to deduce
word meanings (Loureiro and Jorge, 2019). Re-
garding translation, methods often leverage pre-
trained models specific to classical Chinese, such
as SikuBERT (Wang et al., 2022) and AnchiB-
ERT (Tian et al., 2021), which employ various
encoder-decoder frameworks. For example, Guo
et al. (2023) features the translation task by dual-
syllable alignment substitution and dual-mask lan-
guage modeling. Evidently, existing research iso-
lates the two tasks. Moreover, traditional meth-
ods provide only answers, lacking interpretability,
which is crucial for educational applications. Con-
sequently, we leverage the extensive knowledge
and robust reasoning abilities of LLMs to simulta-
neously address both tasks, generating interpretable
historical background and semantic analyses.

2.2 LLMs with RAG

LLMs have demonstrated significant potential in
downstream tasks such as recommendation sys-
tems (Zhu et al., 2024) and question answering (Li
et al., 2024), thanks to their advanced reasoning
capabilities. However, their deployment in sensi-
tive areas is not without risks, notably the propen-
sity to generate misleading or incorrect informa-
tion, often referred to as "hallucinations”. To ad-
dress these challenges, Retrieval-Augmented Gen-
eration (RAG) technology has been employed to
enhance the reliability of LLM outputs by incor-
porating domain-specific knowledge directly into
the generation process (Lewis et al., 2020; Gao
et al., 2023; Zhao et al., 2024). Further advance-
ments in RAG technology include the develop-
ment of graph-based approaches (Peng et al., 2024),
which enhance the model’s ability to handle com-
plex datasets with interlinked information. For
instance, in healthcare, RAG can leverage up-to-
date research findings and patient-specific data to
produce accurate diagnostic recommendations.
For classical Chinese understanding, LLMs also
face hallucinations, such as incorrect historical
information and the misinterpretation of archaic
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Figure 1: The overview of the proposed framework.

terms. Hence, we propose a straightforward
method for constructing a knowledge base to effi-
ciently address this problem.

2.3 Generation Evaluation Metrics

Evaluating the generative capabilities of large mod-
els is crucial for assessing their effectiveness. Met-
rics utilized to assess the quality of generated
content generally fall into three categories: those
based on word overlap, word embeddings, and lan-
guage models (Lee et al., 2023). Word overlap-
based metrics such as BLEU (Papineni et al., 2002;
Chen and Cherry, 2014) and ROUGE (Lin, 2004)
measure quality by assessing the n-gram over-
lap between candidate and reference texts. Word
embedding-based metrics convert sentences into
vector representations and compare these within
low-dimensional semantic spaces, using techniques
such as Greedy Matching (Rus and Lintean, 2012)
and Vector Extrema (Forgues et al., 2014). Lan-
guage model-based metrics utilize pre-trained mod-
els to evaluate semantic and syntactic congru-
ence between translated and reference texts (Zhang
et al., 2020; Shin et al., 2024). Despite advance-
ments, traditional metrics face challenges with
LLM-generated classical Chinese translations, no-
tably the inclusion of useful yet additional infor-
mation and overly detailed explanations of original
words. To overcome these issues, an iterative self-
labeled word alignment method is employed to
refine evaluation metrics.

3 Methodology

In this section, we introduce TEACH, an inno-
vative contrastive knowledge adaptive distillation
framework tailored for classical Chinese education.

This approach integrates the reasoning capabilities
of LLMs into classical Chinese language compre-
hension while enhancing historical explainability
and optimizing resource efficiency. An overview
of the framework is provided in Figure 1.

3.1 Interpretable Knowledge Construction

LLMs often suffer from hallucination problems,
which can undermine their utility in educational ap-
plications. To mitigate this, we construct a knowl-
edge base that integrates confidence-annotated his-
torical information and authoritative annotations of
classical Chinese word meanings, which assists in
accurate and interpretable analysis and reasoning.

3.1.1 Historical Information

To obtain relevant historical information for a given
sentence, we extract its surrounding context, de-
fined as the ten sentences before and after the tar-
get sentence. Specifically, we utilize the complete
text version of the Twenty-Four Histories, supple-
mented by novels, poetry, and other genres, to con-
struct a retrieval database powered by Milvus. De-
tails of this database are provided in Appendix A.1.

To prevent misleading the model’s analysis, we
introduce a confidence metric for historical infor-
mation:

L2(t,q)
Confidence =1 — BP(t,q) - —=—=, 1
fi (t,q) Ja M
1, le > g
BP(t7q) - {EXp(l _ lq/lt), lt S lq bl (2)

where BP is length penalty factor, /; and [, denote
the lengths of the retrieved sentence ¢ and the query
q, respectively. L2 is the Euclidean distance, d
represents the dimension of the vectors.
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3.1.2 Word Sense Annotation

Despite significant changes in the meanings of clas-
sical Chinese words compared to modern Chinese,
annotations provide a bridge between them. We
extract all words with a frequency greater than five
from the classical Chinese corpus and collect their
annotations from Handian®, ultimately obtaining
169, 742 annotated classical words (see Appendix
A.2 for details).

3.2 Contrastive Knowledge Adaptive
Distillation

Our contrastive distillation strategy comprises
two steps. First, it leverages CoT prompts en-
riched with interpretable knowledge to guide the
LLM (the teacher) through step-by-step reasoning.
Its multi-granularity reasoning strategy—ranging
from macro-level historical and cultural context to
micro-level linguistic features—further enhances
the model’s understanding and generalization.
Then, contrastive learning with negative samples
is employed for adaptive knowledge transfer, en-
abling the smaller models (the student) to effec-
tively approximate the reasoning capabilities of the
teacher. Beyond reasoning, TEACH uniquely in-
corporates style-preservation constraints tailored
to the stylistic characteristics of classical Chinese
translations, ensuring that the distilled model re-
tains key cultural and literary features.

3.2.1 Generating Step-by-step Reasoning by
the Teacher

We utilize zero-shot CoT prompting to elicit rea-
soning information from LL.Ms. Specifically, given
the sentence s to be analyzed, we obtain the corre-
sponding historical information H and its related
annotated word set .4 from the constructed knowl-
edge base. Then, we design a prompt template T
consisting of three progressive steps as follows:

» Stepl. Analyze the historical background and
persons based on the given historical informa-
tion H with the relevance Confidence.

¢ Step2. Select the most appropriate word sense
from the provided annotations A.

* Step3. Provide a literal translation by com-
bining the analyses from Steps1 and 2.

The template starts with a macro-level paragraph
perspective and gradually zooms into a micro-level

Zhttps://www.zdic.net

word perspective, guiding LLMs in a step-by-step
thinking process (see Figure 5 for details). Sub-
sequently, we extract a very small sentence sub-
dataset S’ from the training set S by random sam-
pling, where 8’ C S and |S’| < |S|. We further
fill the template 7 with S’ to generate correspond-
ing CoT prompts P = {ps|s € S’} for the teacher
models. With these knowledge-augmented prompts
‘P, LLMs will generate corresponding step-by-step
interpretable analysis o, for each input p;.

3.2.2 Training the student by contrastive
distillation

High-quality analysis can be generated from LLMs.
However, their extensive computational demands
make them unsuitable for low-latency educational
applications. Additionally, LLMs often produce
liberal translations that do not suit the needs for lit-
eral translations essential in understanding classical
Chinese texts. To overcome these challenges, we
employ contrastive knowledge distillation, adap-
tively transferring the comprehension and reason-
ing capabilities of larger teacher models to more
computationally efficient smaller student models.

Specifically, we fine-tune a small model using
the same prompts p, as input. For the output, we
have two types: 1) the original response os, which
includes the liberal translation #jjpera;, and 2) the
expected literal response es, where t;, is replaced
with the standard literal translation ¢jjiers). Our goal
is to generate outputs that align more closely with
the latter.

The training comprises two parts. First, we use
es as the output labels and optimize the negative
log-likelihood of the conditional language model-
ing objective:

lel

Edis = Z log (PG (es,i ’ Ds, €S,<i>) 5 (3)
=1

where e, ; is the i-th token of ey, and e ; repre-
sents the tokens before e, ;. To conserve resources,
we employ LoRA (Hu et al., 2022) for parameter-
efficient model fine-tuning with parameters 6. Sec-
ond, we adopt a contrastive learning-based adap-
tive distillation technique. We utilize o, as negative
samples and es as the positive sample. Similar
to Zeng et al. (2024), we directly tune the language
model using a token-level contrastive loss:

1

Feon =N

N
> max(0, - fa(hsi) + fa(hos) + 1),
m=M
@)
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where N is the maximum length of two sequences,
and hy: and hy; are the hidden states of the m-
th token of the preferred literal output e; and the
comparison liberal output o, respectively. M is
the index starting from the segments that differ (i.e.,
translation parts) between e and o,. fg is a linear
head that takes the hidden state of the top layer and
returns a scalar.

The overall loss function for tuning the model is:

L=— Z (ﬁdis + ﬁcon)- )

seS’
4 Refined Evaluation Metric for LLMs

When evaluating the generated translations of
LLMs, traditional metrics often overlook two key
aspects: the overly detailed explanation of orig-
inal terms (term) and the useful but additional
information (words), as shown in Figure 2. These
issues frequently arise in LLMs. To address them,
we develop an iterative self-labeled word alignment
method to refine BLEU and ROUGE, enabling
more accurate assessments of translation quality.

4.1 Word Alignment Self-Labeling (WAS)

The goal of WAS is to establish word alignment
between a reference text R = (r1,79,...,7,) and
a candidate text C' = (c1,ca, ..., ¢p). We define
the alignment relationship between R and C' as
A;;, which represents the probability of alignment
between 7; and ¢;. The word alignment challenge is
formulated as identifying matrix A that maximizes
sentence similarity:

mjLXZZAijfsim(m,Cj), (6)

i=1 j=1

where [y, (-) denotes the similarity function. To
solve this equation, we reformulate it as an optimal
transport problem, referencing Peyré et al. (2019)
and Chi et al. (2021). Then, we obtain the solved
initial matrix A’. For the detailed solving process,

please refer to Appendix B.
The alignment labels B;; are extracted using the

following formula:
= A - r
B — 1 i= (argmngm) N (j argmkaXAk]) .
0 otherwise
@)

To maximize the identification of alignment la-
bels, we employ an iterative approach to update A’
and B, following Sabet et al. (2020). Initially, A" is

term, <«
Ancient: BgAMLAH/BASEMNERE, ...

Tao Gong's wisdom, perception, and acuity Original term
resemble that of the emperor Wu of Wei, ... Additional
N I\ B4 1% ] s = = L -
Ref:  W2A/MAMBUWI S RS . .. e

LLM: B/ LR A BRI 52 001 55 3R 8 8 A AL, ).
. ) word, word,
Detailed explanation for
term, posthumous name

Figure 2: An example of translation outputs from LLM:s.

updated according to the initial state of B using the
following formula:

0, Bij =1
A;j = aA;]w Jk (sz =1V Bkj = 1) , (8)
Al otherwise

K

where « is a discount factor. Then, B is updated
according to Eq.equation 7 for those entries where
preceding B;; = 0. After multiple iterations, this
method yields high-precision self-labeled align-
ment labels B.

To address both one-to-many and many-to-one
alignments, we implement a merging strategy.
Specifically, when a token j in the translated text C'
aligns with multiple consecutive tokens in the refer-
ence text R, or vice versa, these tokens are merged.
Furthermore, tokens in C' without correspondences
in R are considered additional information and are
thus concealed (e.g., words). This process results
in the merged token sequences C’ and R/, along-
side one-to-one alignment labels 3’

4.2 Refined BLEU based on WAS

In the adaptation of the BLEU metric for the WAS
text, we introduce BLEUwas defined as follows:

N
BLEUwus =BP(C,R') - exp <Z ;flogpn> O

n=1

> Count(c,R’,B')n)
ceC’

¢’ = (n—-1) ~

Pn = (10)

max(lc, lrr)

’ A 1_
BP(C ’ R ) exp( min(lcz, lR’)

), amn
where, BP(C’, R') represents the sentence length
penalty factor, which penalizes both overly short
(incomplete translation) and overly long (excessive
translation) sentences. Count(c, R', ', n) quanti-
fies the occurrences of the n-gram of ¢ within R/,
as dictated by the alignment labels B'.
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4.3 Refined ROUGE based on WAS

The ROUGE metric is designed to assess recall
in translation evaluations. In our adaptation, we
introduce ROUGE-Nwas, which is formulated as
follows:

BP(c,r) - Count(c, 7, B',n)
ceC’,reR’

ROUGE —Nwas =

|R|—(N—1) ’
(12)

where BP(c, r) represents the token length penalty

factor, calculated similar to Eq. equation 11.
Count(c, r, B', n) quantifies the occurrences where
the n-grams of ¢ and r coincide, as dictated by the
alignment labels B’

5 Experiments

5.1 Experiment Settings
5.1.1 Datasets

Despite the absence of datasets that jointly address
translation and semantic analysis, the accuracy of
translations can indirectly reflect the precision of
WSD. Therefore, we focus on the Erya dataset,
which is the largest dataset for classical Chinese
translation tasks. It covers a comprehensive range
of historical periods and genres, including poetry,
prose, philosophy works, and literary criticism.

5.1.2 Baselines

We compare against two types of baseline models:
the classical classical Chinese translation model
Erya, and various LLMs. Specifically, Erya is the
most advanced classical Chinese translation model
available. For large models, we select popular Chi-
nese large models in both base and chat versions,
such as Yil.5-6B (Young et al., 2024), ChatGLM3-
6B (Du et al., 2022; Zeng et al., 2023), GLM-4-
9B (GLM et al., 2024), Qwen2-1.5B/7B (Yang
et al., 2024a). We also evaluate Xunzi-Qwen2>
which is finetuned on the Qwen2 model using clas-
sical Chinese corpus.

5.1.3 Evaluation Metrics

We employ three categories of evaluation metrics
to comprehensively assess translation quality. First,
classic token-based metrics, including BLEU and
ROUGE-N, focus on surface-form overlap. Sec-
ond, semantic-based metrics, such as BERTScore
and METEOR, evaluate the preservation of mean-
ing and semantic similarity. Third, we use refined
metrics BLEUwas and ROUGE-Nwags, which in-
corporate contextual word alignment signals to bet-
ter align with human judgment. Specifically, we

3https://www.modelscope.cn/profile/Xunzillm4cc

set N = 4 for BLEU and BLEUwas, while N =1
for ROUGE-N, ROUGE-Nwas. Human evaluation
is also provided in Table 4 to further analyze the
quality of word sense selection and translation.

5.1.4 Implementation Details

For the teacher model, we employ the ERNIE-
Bot4* API from Baidu, which has been demon-
strated by Wei et al. (2024a) to achieve state-of-
the-art performance in classical Chinese language
understanding. We randomly select 3, 000 entries
from the training dataset to generate high-quality
reasoning data using a zero-shot, step-by-step CoT,
as proven optimal in Appendix C.1. This data is fur-
ther refined and corrected by experts to ensure its
accuracy. For the student model, we select 10, 000
entries from the validation set for testing. All mod-
els are fine-tuned for 10 epochs with a batch size
of 64, a maximum input length of 1024, and an
output length of 512. The learning rate is set at
5e — b for LoRA. Fine-tuning is conducted on 1
A100 GPU with 40G of memory. For comparison,
we also employ the minimal prompt template as
the Normal method: "Translate from classical Chi-
nese to modern Chinese. Classical Chinese: src.
Modern Chinese:," extracting trg from their out-
puts using regular expressions. Both training and
testing set sizes are consistent with those used for
TEACH. For the refined evaluation metric, align-
ing 10,000 sentence pairs using AnchiBERT takes
approximately 2—3 minutes on an NVIDIA 3090
GPU, with a batch size of 8 and 2 iterations, with-
out any additional pre-training.

Additionally, Appendix C.2 offers a detailed
comparison of the teacher and student models, fo-
cusing on model size, deployment complexity, cost,
and functionality to assess their real-world applica-
bility.

5.2 Main Results

Our TEACH framework is highly flexible and can
be seamlessly integrated with any LLM backbone.
To validate the effectiveness of TEACH, we first
present the results from classic translation mod-
els and LLM trained with Normal prompt as base-
lines for comparison. Then, we evaluate the perfor-
mance of TEACH across various LLMs. Results
are shown in Table 1. Based on these evaluations,
we make the following observations: (1) TEACH
significantly outperforms Normal prompts, achiev-
ing performance improvements ranging from 4-

*https://qianfan.cloud.baidu.com/
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Metrics

Model Type  Method  p; pyy ROUGE BERTScore ~ METEOR BLEUwas ROUGEw,s V&

Erya B B 18.39 50.15 76.11 4239 39.68 7118 19.65
Base  Normal 168 7796 7397 4136 12.69 7413 49.49

Vil 568 TEACH 1923 (1440%) 51.91(8.24%)  76.80 (3.83%) 45.62(10.30%) 44.06 3.21%)  74.82(0.93%) 51.77 (4.61%)
Chae  Normal 1571 46.68 7332 40.09 40.81 7331 48.49

TEACH 1770 (12.67%) 5044 8.05%) 7601 (3.67%) 43.81(9.28%) 4221 (3.43%)  73.89 (0.79%) 50.76 (4.69%)
Base  Normal 1562 7655 T332 39.66 20.11 72.93 792

ChatGLM3-6B TEACH 1877 (20.17%) 51.25 (10.08%) 76.10 (3.79%) 4443 (12.03%) 42.93 (7.03%)  74.01 (1.48%) 50.86 (6.14%)
Chay Normal 1427 44.59 7237 37.48 37.48 71.36 4633

TEACH 1690 (18.43%) 4872 (9.26%)  75.59 (445%) 39.83 (6.27%)  39.88 (640%)  73.15(2.51%) 49.29 (6.39%)
Base  Normal 1700 49.56 74.82 0T 13.06 7435 5043

GLM.4.9B TEACH 2046 (13.73%) 53.15(124%)  76.86 2.73%) 46.78 (9.38%)  46.41(1.78%) 7598 (2.19%) 52.94 (4.99%)
Chy Normal 17.11 4922 74.74 42.11 42.82 73.99 49.83

TEACH 19.73(1531%) 50.59 (2.78%)  75.12(0.51%) 4450 (5.68%)  43.03 (049%)  73.64 (0.48%) 5237 (5.10%)
Base  Normal 1498 36.04 72.84 37.93 36.53 7035 7850

Qwen2-1.5B TEACH  18.08 (20.69%) 50.26 (9.17%)  75.65 (3.86%) 4338 (14.37%) 4132 (13.10%) 7149 (1.62%) 51.67 (6.54%)
- Chae  Normal 1416 4423 71.82 37.20 37.39 71.49 4633

TEACH 17.76 2542%) 50.02 (13.09%) 7547 (5.08%) 43.16 (16.02%) 41.32(10.51%) 73.19 (2.38%) 49.77 (7.44%)
Base  Normal 1706 4835 7429 4186 313 7431 50.40

Qwen2-7B TEACH 2188 (2825%) 54.41(12.53%) 77.45(4.25%) A47.87 (14.36%) 4593 (15.75%) 7559 (1.72%)  53.74 (6.64%)
Chat Normal  17.13 4839 74.28 41.84 43.10 7445 49.64

TEACH 2009 (17.28%) 52.66 (8.82%) 7674 (3.31%) 46.07 (10.11%) 45.00 (4.41%)  75.19 (0.99%) 52.40 (5.56%)
Xonzi-Qwen2-15B  Base  Normal 1475 4494 232 38.13 38.63 71.86 1657

: S TEACH 19.70 (33.56%) 51.88 (15.44%) 76.22(5.39%) 44.93 (17.83%) 43.04 (11.42%) 73.76 (2.64%) 51.76 (11.16%)

Xundi-Qwen2 7B Base Normal 18T 50.21 75.13 B2 1448 7491 5151

S TEACH 2323 (23.70%) 55.51(10.56%) 7814 (4.01%) 49.25(12.65%) 46.31 (4.11%)  75.75 (1.12%)  54.70 (6.19%)

Table 1: Comparison of performance among different backbones fine-tuning with Normal/TEACH method. “Avg”
indicates the average of four metrics, while “()”” show the relative improvement of TEACH compared to Normal.

11% in average metrics. This substantial increase
validates the efficacy of our framework. (2) While
LLMs with Normal prompts generally do not sur-
pass classic models in traditional metrics, they per-
form competitively or even better on refined met-
rics. This suggests that despite different from ex-
pected literal translations, LLMs can accurately
interpret sentence meanings. (3) Our refined met-
rics outperform both token-based and semantic-
based ones, showing stronger ability to assess ad-
ditional knowledge conveyed by LLMs. (4) Base
models usually outperform chat models, as the for-
mer are more tailored to specific tasks. (5) The
Qwen series models exhibit superior performance.
Among them, the Qwen-1.5B-Base with TEACH,
which has a smaller parameter size for easier de-
ployment, remains competitive across all metrics.
(6) While Xunzi-Qwen2-7B benefits from pretrain-
ing on classical Chinese corpus, our TEACH frame-
work further improves its performance by leverag-
ing a macro-to-micro prompting strategy, enabling
more accurate and interpretable outputs. (7) Be-
yond mere translation outputs, LLMs with TEACH
offer macro historical and micro word sense analy-
ses. This enhances interpretability and practicality,
making LLMs particularly suitable for educational
scenarios.

5.3 Analysis

To comprehensively examine our framework and
mitigate the effects of data leakage from the Xunzi-
LLMs, we utilize its original Qwen?2 as backbones.

ID Model Type Trad. Avg Refined Avg
1 Qwen2-7B (TEACH CoT, trained) 37.95 61.09
2 Qwen2-7B (TEACH CoT, untrained) 29.97 55.97
3 Qwen2-7B (Normal CoT, trained) 31.36 57.44
4 Qwen2-7B (Normal CoT, untrained) 34.40 57.08
5  ERNIE-Bot4 (TEACH CoT) 32.61 65.82
6  ERNIE-Bot4 (Normal CoT) 35.14 64.30

Table 2: Comparison of prompting and training strate-
gies. Models are evaluated on both traditional and re-
fined metrics.

5.3.1 Ablation Study I: Training and
Prompting Strategies

To examine the overall effectiveness of our TEACH
framework, we evaluate the individual and joint
contributions of TEACH-style CoT prompting and
fine-tuning. Table 2 presents results on 500 entries
from validation set using both traditional metrics
(BLEU, ROUGE, BERTScore, METEOR) and our
refined metrics (BLEUwas, ROUGEwas).

The results in Table 2 reveal three key findings.
First, the untrained Qwen2-7B model with TEACH
CoT (ID 2) yields the lowest scores, confirming the
necessity of TEACH framework for effective se-
mantic and stylistic generation. Second, among the
trained models, TEACH CoT (ID 1) outperforms
Normal CoT (ID 3), indicating that our step-by-
step prompting provides more informative guid-
ance. Third, on the teacher model (ERNIE-Bot4),
TEACH prompts (ID 5) demonstrated superior per-
formance in improved metrics but slightly lagged
in traditional ones. This can be attributed to our
metrics’ enhanced ability to process additional in-
formation, aligning more closely with human judg-

3543



Method B R BWAS RWAS Avg
TEACH 21.88 54.41 4593 7559 4945
w/o H 18.86 51.19 4346 7426 4694
wlo A 20.37 5299 4519 7539 48.49
wlo H&A 18.88 51.19 43.18 7429 46.89
w/o Leon, 2059 53.16 4713 76.51 49.35
Normal 17.06 4835 43.13 7431 45.71

Table 3: Component-wise ablation study on Qwen2-7B-
Base.

ment.

5.3.2 Ablation Study II: Component Analysis

To further analyze the internal structure of the
TEACH framework, we ablate specific components
of the prompt and loss design: historical context
(H), word-level annotations (A), both H& A, and
the style-preserving contrastive 1oss (Lo, ). Table 3
reports results using BLEU, ROUGE, BLEUwas,
ROUGEwas, and their average.

The results, detailed in Table 3, offer profound
insights. The absence of historical contexts H sig-
nificantly impairs performance, underscoring their
essential role in comprehending classical Chinese.
The removing of word annotations A decreases
performance, yet closely matching results of w/o
‘H & A. This indicates that combining H and A
synergistically amplifies their effects, yielding a
greater overall impact. Interestingly, removing
Lcon results in a noticeable decline in traditional
metrics; however, it achieves peak performance
on refined metrics. This suggests that without the
contrastive constraints imposed on translation style,
while LLMs can translate sentences with higher se-
mantic accuracy, there is a significant discrepancy
between their formatting and the literal translation
style required for classical texts. This highlights
the effectiveness of L., in helping models learn
translation styles specific to classical Chinese texts.

5.3.3 Maetrics Evaluation

To validate our proposed evaluation metric, we
present a comparative example in Figure 3. Based
on traditional metrics, Erya clearly outperforms
the LLM. However, from a more intuitive perspec-
tive, the LLM’s translations are more detailed and
accurate, whereas Erya occasionally fails to trans-
late certain parts. This discrepancy arises because,
while the LLM’s output is semantically aligned, it
does not match the reference at the character level.

Our refined metric takes semantic similarity into
account and also addresses the LLM’s tendencies

Ancient: B A/BLAHIALE/BER R, ...
Incomplete translation

Erya: B AL BAUERRA, ...
N

Ref:  FA/HIARHL/E S0 AR, ..
T IS~ T

LLM: - B/ R AR 5 00 B 0 e Aa e,

Excessive IransM

Tao Gong's wisdom, perception, and acuity Hidden words
resemble that of the emperor Wu of Wei, ...

BLEU ROUGE | BLEUyss ROUGE s

Erya 8.69 61.54 39.80 67.65
LLM 224 3333 37.54 85.35

Scores:

Figure 3: Comparative evaluation of metric quality. Un-
derlines in the same color indicate character-level align-
ment, and words in the same color box indicate semantic
alignment. Greyed-out text represents elements hidden
during computing BLEUwas and ROUGEwas.

Ancient Chinese: FH¥A, £RILTEZILH.

Glosses for 1. $E(; 244X [be in power]

“FE: 2. CSEJEHs. /%) 4749%;709F [act on impulse or emotion]
3. 5| H 44 [quote]

e .

QQ .’ s;, + @ —_— Extract

WSD Translation TEACH  Prompt v —
Model Model Stepl: Historical Background and Character Analysis:EJ

This sentence appears in the "Biography of Women" and narrates
the historical events during the reign of King Kaolie of Chu. It describes a
negative situation after Chunshen Lord, a prominent official of Chu, had
been in power for many years. As a long-time ruler, Chunshen Lord may
have gradually neglected the etiquette and relationship with the brothers
of the King of Chu, leading to disrespect towards them. This disrespect
may have aroused resentment and dissatisfaction from the King’s brothers,
paving the way for Li Yuan and others to plot against Chunshen Lord

Step2: WSD. Gloss1 $uE \/

Step3: Translation. £ {1 BB [A]4<, 2 2kt A8 £ 19 5L
#;%<#L. [Chunshen Lord had a long-term governance of
the state and been impolite to the brothers of the king of
Chu many times.]

|

Gloss2 Fpdimffalte, &%k

I ALTURI 5.

X [Working for a long
time and  being
disrespectful to your
brothers.]

uoneRoIsSe|D
uonesauzn

Figure 4: Case study. Comparing outputs from tra-
ditional WSD and translation Models, and TEACH-
trained LLM.

to over-translate and add extra information. Un-
der this new metric, the performance gap between
the LLM and Erya is noticeably reduced. Still,
over-translation of LLM, such as turning "f /"
into "HLEFf#BH", leads to a slightly lower overall
score compared to Erya. In contrast, when mea-
sured by ROUGE, the improved metric surpasses
the traditional one, reflecting the LLM’s higher
recall-oriented accuracy.

5.3.4 Case Study

In Figure 4, we illustrate the inference results of
traditional models compared to those trained with
TEACH-trained Qwen-7B-Base. Traditional mod-
els process two tasks separately and misinterpret
word meanings due to a lack of historical context.
In contrast, for TEACH-trained LLM, users simply
input a classical text sentence, and the model auto-
matically provides an analysis of the relevant his-
torical background, selections for word meanings,
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ERNIE-Bot4 Qwen2-TEACH

Metrics wio w/ 158 7B
Hist. Comp. 297 440 3.67 3.96
Hist. Acc. 2.80 424 329 3.82
Word Anal. Acc. 3.61 485 4.06 4.37
Trans. Flu. 3.51 421 3.88 4.18
Trans. Acc. 344 441 3.82 4.15
Trans. Sty. Cons. 3.00 3.57 3.77 4.05
Avg 324 428 3.5 4.09

Table 4: Manual quality assessment of LLMs’ outputs.

and the final sentence translation. This approach
offers a multi-dimensional perspective compared
to traditional translation methods. It enhances the
user’s understanding of the details, making it ideal
for educational settings where depth of knowledge
is essential.

5.3.5 Human Evaluation

Due to the limitations of automatic metrics, we con-
duct a manual quality assessment in Table 4. We se-
lect 100 random entries and gather their real labels.
These are compared against outputs from ERNIE-
Bot4 using the CoT template that w/ and w/o H &
A, as well as outputs from TEACH-trained Qwen-
series LLMs. We assess these outputs on a 5-point
scale, focusing on the comprehensiveness and ac-
curacy of historical information, word analysis ac-
curacy, and the fluency, accuracy, and stylistic con-
sistency of translations (see Appendix C.3 for more
details). The results reveal that ERNIE-Bot4, w/o
‘H and A, generally scores extremely lower com-
pared to w/, demonstrating serious historical hallu-
cinations which our template effectively mitigates.
Meanwhile, the Qwen2-7B model approaches the
performance of ERNIE-Bot4 w/ H & A, and even
surpasses it in translation stylistic consistency. This
underscores the effectiveness of our TEACH frame-
work and external knowledge integration.

6 Conclusion

We introduce TEACH, a contrastive knowledge
distillation approach with interpretability features
tailored for training LLMs in classical Chinese ed-
ucational scenarios. TEACH enhances the model’s
ability to process historical and semantic informa-
tion, applying a step-by-step CoT prompt that pro-
gresses from paragraph to character-level analy-
sis. Additionally, we propose refined metrics to
evaluate translation by LLMs, addressing over-
translation and unnecessary additions. Experimen-
tal results confirm the effectiveness of TEACH and

our metrics. Future work could expand LLM ca-
pabilities to include more tasks related to classical
Chinese, improving their educational utility.

7 Limitations

Although the TEACH framework significantly en-
hances classical Chinese understanding, extending
it to other languages involves certain adaptations.
In practice, this process focuses on two primary
modifications: first, constructing a tailored corpus
and lexical knowledge base; and second, adjusting
the CoT prompts to match the linguistic character-
istics of the target language.

For the first task, building a language-specific
knowledge base and extracting related word mean-
ings may require domain expertise, especially in
cultures without well-established historical refer-
ences. Fortunately, modern NLP techniques and
large-scale web corpora can automate much of this
data collection and annotation, thereby reducing
the need for extensive manual efforts. As for the
CoT prompts, while they may not transfer seam-
lessly due to differences in syntax and cultural con-
text, only moderate prompt adjustments are gen-
erally needed to accommodate new grammatical
structures and stylistic conventions. In sum, al-
though some degree of careful customization is
required, the availability of robust NLP resources
and the inherent flexibility of prompt design greatly
simplify the adaptation of TEACH to other lan-
guages.

8 Ethical Considerations

The corpora used for constructing our interpretable
knowledge base are sourced exclusively from pub-
licly available websites that offer free access for
academic research purposes.
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A Knowledge-Augmented Template

The illustration of our knowledge-augmented tem-
plate is shown in Figure 5, where the user only
needs to input a query sentence to automatically
retrieve relevant historical context and annotations,
with the LLM providing a step-by-step reasoning
analysis. Below, we detail the process of retrieving
the context and annotations.

A.1 Historical Database Construction

Our corpus of historical knowledge contains the
complete classical text version of the Twenty-Four
Histories, supplemented by novels, poetry, and
other literary genres. We pre-process this corpus by
cleaning, segmenting texts into sentences, and filter-
ing out short and duplicate sentences. Utilizing the
pre-trained classical Chinese model AnchiBERT,
we vectorize all sentences and record their IDs
along with the names of the books from which they
originate. These vectors are then inserted into the
Milvus vector database, which contains 4.32 mil-
lion entries and boasts an average retrieval speed
of 0.35 seconds.

For a query sentence, we vectorize it and apply a
re-ranking method to retrieve the most relevant vec-
tor ID, along with its associated confidence score.
We then extract the surrounding context—defined
as the ten sentences before and after the matched
ID—to obtain contextual information, with the cor-
responding book name cited as the source.

To evaluate the retrieval accuracy of queries in
both Simplified and Traditional Chinese, we ran-
domly selected 1,000 sentences for assessment.
Our findings indicate that the database can accu-
rately retrieve relevant contexts for both text forms.
As demonstrated in Table 5, the accuracy rate for
Traditional Chinese queries is slightly higher than
that for Simplified Chinese. This discrepancy is
likely due to a larger proportion of Traditional Chi-

Query

Metrics Trad. Simp.
Accuracy 95.70% 95.20%
R to Trad. 58.60% 39.70%
R to Simp. 41.40% 60.30%

Table 5: Retrieval (R) Accuracy and Distribution for
Traditional (Trad.) and Simplified (Simp.) Chinese
Queries.

nese texts within our corpus. Moreover, the re-
trieval results encompass both Simplified and Tra-
ditional texts, confirming that our vector database
is effectively adapted to both. Notably, even when
faced with misspelled sentences, our database still
manages to identify relevant contexts, albeit the
relationships may be weaker.

A.2 Word Annotation Collection

We use the word segmentation algorithm in Liu
et al. (2019) for classical Chinese to segment all
classical texts, filter out low-frequency words, and
crawl annotations from the Dictionary of Classical
Chinese (ZDIC). If a classical Chinese word w has
K annotated definitions, its corresponding annota-
tion set is defined as S,, = {s; | k =1,..., K},
where each s; denotes the annotation text asso-
ciated with the k-th sense. Each annotation s;
can be further tokenized into a sequence of words
{ski | © = 1,..., Ny}, where N}, denotes the
number of tokens in s;. The word w and its an-
notation set S,, are added to the candidate set
C = {(w : Sy)}. This process resulted in a to-
tal of 169, 742 annotated classical words.

For a given query sentence, we segment it and
obtain all corresponding annotated words. In prac-
tical applications, annotations of certain common
but politically related words can lead to erroneous
outputs. Therefore, we excluded sensitive words
(e.g., place names, kings, emperors, prime minis-
ters, countries, generals, Qin Shi Huang, monarchs)
to avoid such issues.

B Solved initial matrix for word
alignment

The word alignment challenge is formulated as
identifying matrix A that maximizes sentence simi-
larity:

mjLXZZAz‘jfsim(ij), (13)

i=1 j=1
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Please analyze the specified sentence.

Context: Ten sentences before and after the Query Sentence. — From "book

name", the relevance between historical context and the Query Sentence is rated

as "Confidence". %ﬁ
51 : Query Sentence. =
5 Annotations: Word annotations for the Query Sentence. 4
= Please help me analyze the following content and provide a translation of the <
o T ; nese: LLM K
n Query Sentence into modern Chinese:
o) -> 1. Based on the provided Context, analyze in detail the historical background and - g
s related persons involved in the sentence. n
(=3 2. Considering the provided word meanings, select the most appropriate meanings E
for the key words that appears in the sentence. &
3. Combine the analyses from Steps1 and 2 to accurately translate the sentence. 2
The translation should be faithful to the original, primarily literal, and without 2
@ distortion, omission, or addition.
Please format your output as follows:
R {"analysis": "", "word_meaning_selection": {}, "translation": ""} @
Input Knowledge-Augmented Template Output

Figure 5: The illustration of our knowledge-augmented template.

where fgm(-) denotes the similarity function. To
solve this equation, we reformulate it as an optimal
transport problem, referencing Peyré et al. (2019)
and Chi et al. (2021).

Specifically, an entropic regularization is added
to A:

n m
InAaX Z Z Aijfsim(ri, Cj) —,uAij log Az] (14)
i=1 j=1
Then, Eq. (14) has a unique solution A’:

15)
(16)

A" = diag(u) K diag(v),
K’i' — efsim(rivcj)/:u’

whereu e R}, v e R, K € Rﬁxm. According to
Sinkhorn’s algorithm (Peyré et al., 2019), the vari-
ables w and v can be calculated by the following
iterations:

t+1 1, t+1 1

= Kol = KT D

u

where v’ can be initialized by v*=° = 1,,,.

C Analysis
C.1 Effect of Training Corpus Size

We evaluate the performance of the Qwen2-series
models across various sizes of high-quality training
data. Figure 6 illustrates that as the corpus size in-
creases, the model’s performance progressively im-
proves but eventually stabilizes. Notably, even with
as few as 1000 training entries, the model shows
significant improvement. Considering the costs, we

N
© © © ©
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&
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o
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(a) Qwen2-1.5B-Base

500 1000 1500 2000 2500 3000
(b) Qwen2-7B-Base

Figure 6: Compare the performance of finetuning stu-
dent models with different corpus sizes. The aver-
age (avg) score is computed over four metrics: BLEU,
ROUGE, BLEUwj,s, and ROUGEwjas.

randomly select 3,000 high-quality entries to fine-
tune the LLMs. The experiments reveal that with
these entries, the model outperforms the traditional
Erya model, which was trained on 300,000 entries.
Additionally, it provides comprehensive historical
context and semantic analysis. This highlights the
effectiveness of our interpretable knowledge and
the TEACH framework.

C.2 Efficiency and Applicability Compare

In Table 6, we examine the efficiency and appli-
cability of TEACH-trained Qwen-series models in
comparison to two baselines: the closed-source
ERNIE-Bot4 and Erya. We focus on model size,
deployment complexity, cost, and functionality.
Firstly, ERNIE-Bot4, with its larger parame-
ter size, requires substantial resources for deploy-
ment or high API costs. In contrast, TEACH
trains smaller models effectively on just one Nvidia
A100 GPU, with capabilities for inference on
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Qwen2-TEACH

Erya  ERNIE-Bot4 158 7B
Model Size (B) 0.15 Closed 1.5 7
Training GPU 13090 Hard 1 A100 1A100
Deployment GPU 13090 Hard 13090 13090
Retrieval Time (s) X 0.35 0.35 0.35
Reasoning Time (s) 0.15 22.51 0.87 2.59
API Costs/Input X 0.04 X X
API Costs/Output X 0.12 X X
Historical Info X v v v
Word Analysis X v v v

Table 6: The comparison of efficiency and applicability.
API Costs are denoted in ¥/1K tokens.

Metric
Hist. Comp.

Description

Assesses the exhaustiveness of the
historical content, ensuring that all
pertinent facts are thoroughly in-
cluded.

Evaluates the correctness of the his-
torical content, verifying that all in-
cluded facts are accurately depicted.
Word Anal. | Examines the precision in analyzing
Acc. and interpreting individual words,
focusing on their meanings and con-
texts within the text.

Assesses the smoothness and natu-
ral flow of translations, checking for
natural readability and the absence
of awkward phrasing.

Focuses on the correctness of trans-
lations, particularly how faithfully
the text conveys the semantic intent
of the original language.

Evaluates how consistently the
translation maintains the literal
style of the answers.

Hist. Acc.

Trans. Flu.

Trans. Acc.

Trans. Sty.
Cons.

Table 7: Definition of Evaluation Metrics Used to As-
sess Quality of Outputs

a single Nvidia GeForce RTX 3090 GPU. Sec-
ondly, ERNIE-Bot4 experiences prolonged infer-
ence times due to API dependency, while smaller
models like the 7B deliver results in less than one-
tenth of that time. Lastly, although TEACH may
extend reasoning times compared to Erya, it sub-
stantially enriches outputs with detailed historical
context and semantic analysis. This enhancement
not only boosts user engagement but also strength-
ens its educational utility.

C.3 Details of Human Evaluation

Evaluation Metrics Defined: We introduce six
evaluation metrics used to assess the quality of
outputs, detailed in Table 7. These metrics collec-
tively help in providing a thorough evaluation of
the linguistic and historical accuracy of our model
outputs.

Expert Panel Composition and Reliability: To

ensure the reliability and reduce individual biases
in our assessment, we invite five experts in classi-
cal Chinese language, all holding either Master’s or
Ph.D. degrees. The experts, ranging in age from 25
to 60, include three males and two females, repre-
senting diverse academic institutions and possess-
ing extensive experience in historical linguistics.
We average the ratings from all experts, and the
Cronbach’s Alpha of these annotations is 0.89, in-
dicating a high level of inter-annotator agreement.
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