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ABSTRACT

The rapid advancement of large pre-trained models has significantly enhanced
classical Chinese translation task. However, translating from modern to Classical
Chinese remains challenging due to the unique syntactic and stylistic features of
Classical Chinese. This paper addresses these challenges by introducing a dual-
component framework combining prompt engineering and memory-augmented
adapters. Our approach leverages the generalization capabilities of pre-trained
models while enabling precise stylistic control. We employ prompt-based tech-
niques to guide the model and a memory-augmented adapter to maintain stylistic
fidelity. Extensive experiments demonstrate significant improvements in transla-
tion quality and stylistic consistency, validating the effectiveness of our method.

1 INTRODUCTION

The rapid development of large pre-trained models like GPT-4 (Achiam et al. (2023)) and GLM
(GLM et al. (2024b)) has significantly advanced NLP tasks by learning rich linguistic represen-
tations from vast and diverse data. This enables strong performance in tasks like text generation,
machine translation, and sentiment analysis. However, the broad range of training data also results
in models inheriting a complex mix of styles and linguistic features, complicating tasks that require
precise stylistic control—such as translating from modern to Classical Chinese, where consistency
and fidelity are crucial.

Classical Chinese, with its unique syntax, literary devices, and historical layers of meaning, poses
distinct challenges for modern NLP models, which are typically trained on contemporary language
data. Recent studies on Classical Chinese have focused on specialized tasks such as poetry genera-
tion (Yi et al. (2018)) and couplet creation (Song (2022)), often relying on models tailored to specific
genres through techniques like template-based design and rule-based post-processing. However,
these approaches are narrow in scope, excelling only within defined contexts. Their ability to gen-
eralize to broader tasks, such as cross-temporal translation or stylistic adaptation, remains limited,
hindering their application to more diverse, cross-disciplinary tasks requiring flexible style control.

Given this challenge, a key question arises: how can we leverage the ability of pre-trained models
to handle Classical Chinese translation tasks? Central to this challenge is the concept of plug-
gable components—adapting a pre-trained model to new tasks without altering its core structure.
Techniques like fine-tuning, in-context learning (ICL) (Dong et al. (2022)), and LoRA (Hu et al.
(2021)) enable efficient adaptation with minimal disruption to the model’s original knowledge base.
However, the primary bottleneck lies in striking a balance between preserving the model’s general
knowledge and ensuring robust performance on specialized tasks. The goal is to minimize interfer-
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ence with foundational capabilities while enabling the model to excel in nuanced tasks like stylistic
control in Classical Chinese translation.

To achieve this, we propose a dual-component structure. First, to preserve the integrity of the pre-
trained model, we employ prompt-based techniques. By providing task-specific instructions through
carefully designed prompts, we guide the model toward the desired output while minimizing disrup-
tion to its original knowledge. Additionally, a memory-augmented adapter is applied exclusively to
the decoder, ensuring precise control over stylistic elements while maintaining the model’s general-
ization ability.

Second, to effectively adapt the model to the new task, we use advanced prompt engineering. This
includes strategies to handle semantically diverse sentence structures and isolate modern words,
such as neologisms or anachronisms, for separate processing, preventing them from affecting the
classical style. Lastly, we implement a full-granularity memory-augmented mechanism, enabling
the model to retain and apply stylistic cues consistently throughout the translation process, ensuring
stylistic fidelity to Classical Chinese without compromising broader model capabilities.

We conducted extensive experiments to validate our approach. First, we fine-tuned a large pre-
trained models, ChatGLM, which showed significant improvements in Classical Chinese translation,
confirming the effectiveness of our method. An ablation study on the prompt engineering compo-
nent further demonstrated that each technique contributed to the overall performance. Additionally,
incorporating a memory-augmented adapter in the decoder enhanced stylistic fidelity, highlighting
the importance of this mechanism for style control.

To sum up, the main contribution of this work is the introduction of a structured framework that
combines prompt engineering and memory augmentation, enabling pre-trained models to achieve
specialized task adaptation—such as Classical Chinese translation—while preserving their ability
to generalize across diverse tasks.

2 RELATED WORK

2.1 CLASSICAL CHINESE TRANSLATION

Previous studies on Classical Chinese have primarily focused on ancient-modern Chinese transla-
tion (Guo et al. (2023)), Classical Chinese poetry generation (Yu et al. (2024)), and couplets (Wang
et al. (2021)). However, there has been limited research on generating broader Classical Chinese
texts, which presents unique challenges such as the lack of a clear definition, time-invariant lan-
guage habits, and absence of standardized evaluation metrics. Given the significant stylistic varia-
tion across historical periods, time-aware methods have been proposed to improve the understanding
and generation of Classical Chinese (Chang et al. (2021), Ren et al. (2023)).

2.2 PROMPT ENGINEERING FOR STYLE AND DOMAIN ADAPTATION

Recent studies on style and domain adaptation in machine translation (MT) have focused on control-
ling stylistic elements such as formality and tone. Sennrich et al. (2016) introduced side constraints
to control politeness levels in translation, while Niu et al. (2017) proposed a Formality-Sensitive
Machine Translation (FSMT) approach, using lexical formality models to adjust the formality of
outputs. However, most of these methods require task-specific models, making them less flexible for
diverse stylistic needs. In contrast, recent advancements in prompt engineering have shown promise
in adapting large language models (LMs) to various tasks with minimal modifications. Techniques
such as In-Context Learning (Wang et al. (2022)) and domain-specific keyword selection (Ben-
David et al. (2022)) have demonstrated the potential for achieving style adaptation through carefully
designed prompts, without altering the underlying model architecture.

2.3 MEMORY AUGMENTATION FOR STYLE CONTROL

Memory-augmented approaches have gained attention for their ability to enhance the flexibility
of pre-trained models without requiring extensive fine-tuning. For example, kNN-MT (Khandel-
wal et al. (2020)) incorporates external memory to support domain adaptation, while recent works
(Borgeaud et al. (2022); Chen et al. (2022)) have leveraged memory mechanisms to integrate non-
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parametric information into language models. These methods allow for dynamic adjustments based
on the input context, providing a more adaptable solution for tasks like machine translation.

3 METHOD

Figure 1: Main Pipeline

Our method tackles the challenge of translating modern texts into Classical Chinese by focusing on
two main strategies: prompt engineering and memory-augmented adapters. First, we use prompt
engineering to address the differences between modern and classical concepts. By identifying mod-
ern terms that would be incomprehensible to ancient readers and replacing them with appropriate
Classical Chinese equivalents, we ensure semantic consistency. Additionally, we introduce a multi-
granularity translation approach, where narrative sentences are processed in chunks to maintain con-
text, and evaluative statements are translated sentence by sentence to capture stylistic nuances. For
memory augmentation, we integrate a memory adapter into the model, allowing it to adapt stylisti-
cally while preserving core model capabilities. This approach is modular, enabling the addition of
new styles without retraining the entire model.

3.1 PROMPT ENGINEERING

3.1.1 KEYWORD REPLACEMENT

A significant challenge in translating modern texts into Classical Chinese lies in the presence of
concepts and expressions that were absent in ancient times. To address this issue, we propose a
prompt engineering strategy. Initially, we direct the foundation model to identify ”modern concepts
that would be incomprehensible to an ancient audience” within the source text. Subsequently, we
instruct the model to ”replace these modern concepts with their Classical Chinese equivalents, ensur-
ing semantic consistency or contextual appropriateness.” Finally, we prompt the model to ”generate
the fully modified passage,” incorporating these adjustments while maintaining the overall coher-
ence of the translation.

3.1.2 MULTI-GRANULARITY PROCESSING

Another key challenge in translating modern texts, such as biographical works, lies in the structural
differences between modern and Classical Chinese. Modern texts often feature lengthy, laudatory
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passages or analytical statements, whereas Classical Chinese favors concise, formal expressions,
as seen in historical texts like the ”Records of the Grand Historian.” To address this, we propose
a multi-granularity approach: for narrative sentences, we translate in chunks of four sentences to
maintain contextual cohesion, while for laudatory statements, we translate sentence by sentence to
capture stylistic nuances. Additionally, we introduce a penalty for non-translation to prevent low-
quality outputs and ensure stylistic fidelity.

3.2 PLUGGABLE MEMORY-AUGMENTED ADAPTER

To enable the translator to generate output in a specific style that meets the user’s requirements, sim-
ilar to the approach proposed by Xu et al. (2023), we implemented a methodology that achieves the
desired outcome by integrating a memory-augmented adapter into the original model in a pluggable
manner. During the testing phase, users can simply provide a few examples in the target style, which
will allow the adapter to mimic the style and generate output in the desired style while preserving
the original model’s performance.
Specifically, we first design a multi-granular memory-augmented adapter that encodes the input ex-
amples provided by the user into memory slots. This adapter is then integrated into the original
model, combining the external memory information with the model’s output to generate a style-
specific translation result.

3.2.1 MEMORY CONSTRUCTION

To design the memory augmentation for the adapter, we focus on two main objectives. First, it
should capture as much style information as possible from the input examples. Second, it must be
easily accessible and usable by the model. Since the amount of style information in a text often
correlates with its length, and longer memory units increase the cost of access, we adopt a multi-
granular memory structure, as suggested by Xu et al. (2023), to strike a balance between capturing
stylistic information and retrieval efficiency.
Multi-granulararity Data Structure
To preserve as much semantic information as possible, we segment the input text according to classi-
cal Chinese grammar rules and utilize the parse tree to construct a multi-granular memory structure.
Specifically, we employ the SuPar-Kanbun dependency parser Yasuoka et al. (2022) to extract the
syntactic dependencies between words in each sentence. Using the dependency information pro-
vided by SuPar-Kanbun (as shown in Figure 2(a)), we can then construct the parse tree for each
sentence (Figure 2(b)). The multi-granular memory is built by associating each layer of the parse
tree with a corresponding level of granularity. Each node in the tree is assigned a text that consists
of the words in the subtree rooted at that node (Figure 2(c)). The memory at a specific granularity
level is then defined as the set of texts corresponding to the nodes at that level of the parse tree. The
pipeline for this step is shown in Figure 2. To address the lack of bilingual examples during training,

(a) SuPar-Kanbun output (b) Depandency tree

(c) Multi-granulararity

Figure 2: Multi-granular data construction pipeline

we utilize a reliable classical-to-modern Chinese translator to convert each text in the memory into
modern Chinese, thereby creating a bilingual memory.
Memory Encoding
To minimize the retrieval cost, we employ the same model for both encoding and accessing the
memory. To further bridge the gap between encoding and utilization, we construct the source-side
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memory from the encoder’s output and the target-side memory from the self-attention outputs of
each decoder layer. The key idea is to ensure that both memory encoding and utilization occur
within the same layer of the original model. The pipeline for this step is shown in Figure 3.

Figure 3: Memory encoding pipeline

3.2.2 MEMORY-AUGMENTED ADAPTER

Adapter Architecture
The memory adapter has 4 inputs: anchor A, query Q, key K, and value V . A and Q are from the
original model, while K and V are from the memory. The retrieval output is Xu et al. (2023):

R = softmax(QWqW
T
k KT /T )VWv,

where Wq,Wk,Wv are learnable parameters, and T is the temperature parameter.
We use anchors to prevent the translation results from deviating significantly from the original
model, as such deviations could lead to serious errors in certain cases.

λ = sigmoid(relu([A;R]W1)W2),

O = λA+ (1− λ)R,

where O is the final output of the adapter.Xu et al. (2023)

Training Strategy
As suggested in Xu et al. (2023), we used a memory dropout strategy to avoiding over dependency
to the memory. Let M be the full memory, we randomly dropout a subset of M to get M̂ . Then, the
overall loss can be expressed as:

L = LNLL(P (y|x, θ,M)) + αLNLL(P (y|x, θ, M̂)) + βLdist(P (y|x, θ,M), P (y|x, θ, M̂)),

where LNLL is the negative log-likelihood loss, Ldist is the distance loss, and α, β are both
learnable parameters.

4 EXPEIEMENTS

4.1 PROMPT ENGINEERING RELATED EXPERIMENTS

4.1.1 EXPERIMENTAL DETAILS

We finetune the glm-4-9b model GLM et al. (2024a) on subsets of the Classical Chinese dataset
DBU NiuTrans (2024) with modern-ancient sentence pairs. We selected classical Chinese texts
from the Tang Dynasty and earlier, focusing primarily on historical works. There are around 120k
training bilingual sentence pairs in total. The training took 3 hours for 5 epochs on 4× RTX 4090
24GB GPUs.
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4.1.2 QUANTITATIVE EVALUATION

Dataset. We evaluated the model using two test datasets. The first was a reserved test set from
before training, not included in the training process and within the same textual category. The second
was derived from the ”Song History,” which is outside the ”pre-Tang” category of the training data,
thereby assessing the model’s generalization ability. Each dataset comprised 2,400 sentence pairs.

Metrics. We evaluate the translation quality using BLEU Papineni et al. (2002) and ROUGE
Lin (2004) scores. BLEU measures the overlap of n-grams between the machine translation and
reference translation. We select precision of ROUGE-1 and ROUGE-l to evaluate the quality, where
ROUGE-1 calculates the unigram overlap, measuring the precision of individual words between
the generated and reference translations and ROUGE-L evaluates the longest common subsequence
(LCS) between the machine-generated and reference translations.

Baseline Models. We use the glm-4-9b-chat model as a baseline, prompting it with the sentence
”Please translate this sentence from modern Chinese to classical Chinese”.

Table 1: Translation performance comparison.

MODEL TESTSET SONG SHI
BLEU ROUGE-1 ROUGE-L BLEU ROUGE-1 ROUGE-L

glm-4-9b-chat 12.78 36.36 42.09 18.54 42.23 47.22
Our 29.00 51.17 54.52 24.38 52.14 57.40

Results. The results in Table 1 indicate that our model demonstrates a substantial improvement
over glm-4-9b-chat across both test datasets. On the reserved test set, our model shows significant
enhancements in BLEU, ROUGE-1, and ROUGE-L scores. Similarly, when evaluated on the ”Song
History” dataset, which tests the model’s ability to generalize beyond the training category, our
model again outperforms glm-4-9b-chat by a notable margin in all metrics. These improvements
highlight the model’s strong translation capabilities and effective generalization.

4.1.3 QUALITITATIVE EXAMPLES

自幼患有脊髓性肌萎缩症的马骏，起身、穿衣、吃饭、写作都费劲，2016年考上大学也因为身体无法入学，命运仿佛给他开了一个
大大的玩笑。“史铁生有勇气走出家门，感受地坛的春夏秋冬、人情冷暖，我为什么不行?”曾经以为“再也走不出那间屋子”的马
骏，坐着轮椅，穿梭大街小巷，看街角围坐在一起下棋的人，听广场上优美亮的歌声，和上班的人们一起“上班”。80岁的退休老

人、素未谋面的轮椅女孩、楼顶上的一棵小树……身边的点滴美好都透过指尖流淌进散文集《青白石阶》。 

马骏幼患有痿症，起身、穿衣、吃饭、写作都费劲。丙申年科举及第也因为身体无法入学，命运仿佛给他开了一个大大的玩笑。
“史铁生有勇气走出家门，感受地坛的春夏秋冬、人情冷暖，我为什么不行？”马骏，乘坐辅辘椅，穿梭大街小巷，看街角围坐在
一起对弈的人，听市集中优美嘹亮的歌声，与劳作之众一同劳作。年逾八旬的逸老、未曾谋面的乘舆女子、屋脊之上的细弱花

木……身边的点滴美好，都透过指尖流淌进文集《青石台阶》。 

马骏，幼有痿疾，起卧衣食作止皆病。丙申举于乡，以疾不就，命盖戏之矣。史铁生有勇，能出户，历地坛之春秋，
人世之炎凉，吾何为不可?尝自谓“终不复出此屋”，乘轱辘椅，往来阛阓，视街角聚弈者，听市声嘹亮者，与劳作之

众同劳作。逾八旬之逸老，未觌之乘舆女，屋脊之弱卉，于身外之点滴，皆以指流腕注，而《青白石阶》成。 

脊髓性肌萎缩症、2016年考上大学…… “将这些事物改成同义的古代事物”“下面话中有哪些古人看不懂的现代事物“

Finetuned Model

Figure 4: Case Study on Prompt Engineering

As illustrated in Figure 4.1.3, the source modern sentence undergoes processing through prompt
engineering, resulting in a high-quality output in the classical form.
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4.1.4 ABLATION STUDY

To evaluate the effectiveness of our prompt engineering approach, we compare the model’s perfor-
mance before and after applying prompt engineering across four key metrics: fluency (grammatical
accuracy and linguistic smoothness), coherence (logical consistency and contextual relevance), aes-
thetics (overall elegance), and diversity (variation in expression and lexical richness).

Since expert human evaluation is unavailable, we use multiple large language models (LLMs) to
evaluate our model’s performance. To reduce the risk of memorization or bias, each evaluation
focuses on a single dimension, with a new chat session initiated for each dimension to ensure in-
dependence. To address potential biases from input order (before or after prompt engineering), we
randomize the sequence of dataset presentation. Additionally, we use two different LLMs, ChatGPT
and ChatGLM, to mitigate reliance on a single model. This approach ensures a more reliable and
unbiased evaluation of the translation model.
We evaluate the model’s performance before and after prompt engineering by scoring each version
across multiple metric dimensions. The final score is a weighted sum of these dimension scores,
normalized to a percentage. Instead of assigning absolute scores, LLMs compare the two versions
for each dimension, increasing the score of the preferred version by 1. The formula for the final
score is:

User(O) =
safter

sbefore + safter
,

while si =
∑

j wjsi,j is the overall score of version i, si,j is the score of version i at dimension j,
and wj is the weight for dimension j.
The results for key word replacement:

Table 2: Translation performance comparison for Key Word Replacement.

Model Fluency Coherence Aesthetics Diversity Weighted Average
Before Prompt Engineering 8 6 8 7 7.7
After Prompt Engineering 2 4 2 3 2.3

The final User(O) score is:

User(O)keyword = 77%.

The results for granularity determination:

Table 3: Translation performance comparison for Granularity Determination.

Model Fluency Coherence Aesthetics Diversity Weighted Average
Before Prompt Engineering 7 7 10 10 7.4
After Prompt Engineering 5 5 3 3 2.6

The final User(O) score is:

User(O)granularity = 74%.

As a result of the evaluation conducted using the LLM, we found that after applying keyword re-
placement, 77% of evaluators preferred our approach, and after implementing granularity determi-
nation, 74% of evaluators expressed a preference for our method.

4.2 MEMORY ADAPTERS BASED EXPERIMENTS

4.2.1 EXPERIMENTAL DETAILS

We integrate the memory-augmented adapter into a model fine-tuned from the GLM-4-9B architec-
ture GLM et al. (2024a), using a subset of bilingual data derived from ”The Records of the Grand
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Historian”. The goal is to adapt the model to generate translations in a style reminiscent of Sima
Qian’s writings. The training corpus comprises approximately 10k bilingual sentence pairs. The
fine-tuning process was conducted over 10 epochs, requiring approximately 1 hour on a single RTX
4090 24GB GPU.

4.2.2 QUANTITATIVE EVALUATION

Dataset. We evaluated the model using the test dataset generated from ”The Records of the Grand
Historian” sentence pairs.

Metrics. We assess the translation quality using BLEU Papineni et al. (2002) and ROUGE Lin
(2004) scores, with a detailed analysis provided in Section 4.1.2. Additionally, we leverage the
capabilities of the foundation model to design a custom evaluation metric, akin to the one introduced
in Section 4.1.4. In this context, ”User(O)” corresponds exactly to the metric described in that
section, while ”User(S)” represents a similar setup where the model’s In-Context Learning (ICL)
ability is utilized to infer the stylistic characteristics of ”The Records of the Grand Historian”. Higher
scores in this metric indicate that the generated output is more likely to align with the writing style
of Sima Qian. We compare the results between our method and the finetuned model without style
transfer.

Table 4: Translation performance comparison.

MODEL ROUGE-1 ROUGE-L BLEU User(O) User(S)
Simply Finetuned 45.24 59.02 26.49 49.3% 15.6%
Our Method 60.91 68.21 40.35 50.7% 84.4%

Results. The results in Table 4 demonstrate that our method significantly enhances translation
quality, particularly in terms of stylistic control, while maintaining similar overall performance to
the simply finetuned model. Our method outperforms the simply finetuned model in ROUGE-1,
ROUGE-L, and BLEU scores, indicating better semantic and syntactic alignment with the reference,
and higher fidelity to the original content.

In terms of User(O), both models show comparable performance with only a 1.4% difference, sug-
gesting minimal impact on general translation quality. However, the most notable improvement is
in User(S), where our method achieves 84.4% compared to 15.6% for the simply finetuned model.
This strongly supports the effectiveness of our approach in capturing the stylistic nuances of ”The
Records of the Grand Historian.”

5 CONCLUSION

In this study, we presented a novel framework, STAMP, that enhances the translation of modern
texts into Classical Chinese by finetuning large language models with a mass of data, integrating
prompt engineering and memory-augmented adapters. The experimental results show substantial
improvements in translation accuracy and stylistic fidelity, confirming the utility of our method. Fu-
ture work could expand the limited high-quality classical Chinese dataset and explore how to utilize
it efficiently. There is a significant gap between the fashionable expressions of modern Chinese
and Classical Chinese, and there are considerable challenges in translating new words. Future work
could focus on developing more effective translation strategies to bridge this gap.

6 KEY INFORMATION

This work isn’t under the instructions of a PI.

In this work, Chenxiao Yang designed the fine-tuning framework and developed the prompt engi-
neering methodology. Yingxi Lu proposed the key structure for memory-augmented adaptation and
conducted related experiments involving prompt engineering. Zhuo Lin implemented the memory-
augmented adapter framework and carried out experiments associated with it. All team members
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contributed significantly to the entire process, demonstrating a strong spirit of collaboration and
effective teamwork.
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