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Abstract

Recently, large language models (LLMs) have achieved promising progress in the fields of clas-
sical Chinese translation and the generation of classical poetry. However, domain-specific re-
search on precise translation and affective-semantic understanding of classical poetry remains
limited. The main challenge is that most studies treat the poetic appreciation task as a general-
domain problem, neglecting the distinctive features of poetic appreciation, while high-quality
and domain-specific datasets are extremely limited. To address this limitation, we decompose
the task into three subtasks: term interpretation, semantic interpretation, and emotional inference.
Based on multiple open-source datasets, we perform data cleansing and alignment to construct
the Classical Chinese Poetry Instruction Pair Dataset (CCPoetry-49K), which comprises 49,404
high-quality instruction—response pairs explicitly optimized for this domain. We then propose
a domain-specialized LLM, called PoetryQwen, by applying Low-Rank Adaptation (LoRA) to
fine-tune the Qwen2.5-14B model. Experimental results on the CCL25-Eval Task 5 benchmark
demonstrate that PoetryQwen achieves a score of 0.757, representing a 9.7 % improvement over
the Qwen2.5-14B-Instruct baseline (0.690). These findings clearly indicate that PoetryQwen
significantly enhances performance in precise translation and emotional understanding of clas-
sical poetry. We present new dataset and methodological considerations intended to support the
domain-specific optimization of LLMs.
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1 Introduction

Classical Chinese poetry is deeply rooted in historical and cultural contexts, often requiring knowledge
of dynasties, the lives of poets, and historical events to be meaningful. The advent of LLMs offers inno-
vative and effective solutions to this complexity, enabling more accessible understanding and lowering
the barrier to learning classical poetry. However, the majority of existing study focus on classical Chi-
nese translation(Liu et al., 2019) and poetry generation(Zhipeng et al., 2019; Liu et al., 2020; Zhang
and Eger, 2024; Yu et al., 2024), while largely overlooking the importance of systematic evaluation and
interpretive assessment of classical poetry.

Furthermore, the evaluation of classical poetry is often approached as a generic NLP problem, over-
looking its domain-specific challenges. This, combined with the limited availability of specialized
datasets, has largely hindered the development of effective evaluation models in the field. Therefore,
it is necessary to construct domain-specific datasets and develop dedicated LLMs tailored to the unique
characteristics and interpretive demands of classical Chinese poetry. Such efforts would better align with
the intrinsic needs of this domain and enable more accurate, context-aware understanding and evalua-
tion of classical poetry. In this study, inspired by the evaluation dimensions outlined in the CCL25-Eval
Task 5 benchmark(Chen et al., 2024), we frame classical Chinese poetry appreciation as an evaluation-
oriented task and decompose it into three subtasks. To support this, we construct CCPoetry-49K, a
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N Number of Term Number of Semantic Number of Emotional Total
ame Interpretation Interpretation Inference ota
CCPoetry-49K 19,323 21,799 8,282 49,404

Table 1: Statistical Distribution of Multi-task Annotations in CCPoetry-49K

high-quality instruction dataset with 49K aligned samples derived from multiple open-source sources.
And we apply LoRA(Hu et al., 2022) to fine-tune the Qwen2.5-14B model', resulting in PoetryQwen,
a domain-adapted model specifically designed for classical poetry understanding. Experimental results
show substantial gains in both translation accuracy and affective-semantic interpretation.

In summary, our main contributions are as follows:

* Task Formulation: Building upon the structure of CCL25-Eval Task 5, we adopt an evaluation
framework for classical Chinese poetry that comprises three subtasks: term interpretation, semantic
interpretation, and emotional inference.

» Dataset Construction: We build CCPoetry-49K, a 49K-sample instruction dataset tailored to po-
etry evaluation, through large-scale data cleaning and alignment from open-source corpora.

* Model Development: We propose PoetryQwen, a domain-specific model based on Qwen2.5-14B
using LoRA fine-tuning, which achieves strong performance on classical poetry appreciation tasks.

2 Related works

2.1 Datasets for Classical Chinese Poetry

High-quality datasets are essential for advancing the study of classical Chinese poetry using LLMs.
However, existing datasets largely focus on poetry generation or translation, with limited support for
multi-faceted interpretation and evaluation.

For instance, Chen (2019) constructed a sentiment-labeled poetry corpus to support sentiment-
controllable poetry generation, but the dataset is tailored to generation rather than comprehension or
evaluation tasks.

In the domain of classical-modern Chinese translation, Liu (2019) developed a large parallel corpus
that supports machine translation tasks. This work provides valuable aligned data, but lacks the inter-
pretive and affective dimensions necessary for poetry understanding. The CCPM dataset(Li et al., 2021)
focuses on poetry matching, aligning classical poems with their modern Chinese translations, which
offers a semantic bridge, yet still not cover term-level or emotional interpretation.

More recently, WenMind(Cao et al., 2024) and WYWEB(Zhou et al., 2023) introduced comprehensive
benchmarks spanning a variety of classical Chinese tasks. WenMind includes sub-domains such as
ancient prose and poetry, while WYWEB encompasses nine tasks including translation, classification,
and comprehension. These benchmarks are significant steps toward domain-wide evaluation but still lack
a focused dataset specifically designed for poetry appreciation tasks.

To address this gap, our work presents CCPoetry-49K, a high-quality instruction-response dataset
constructed via careful alignment and cleansing from multiple open-source datasets. It uniquely supports
three critical subtasks: term interpretation, semantic interpretation, and emotional inference—inspired
by the evaluation structure of CCL25-Eval Task 5%. This dataset aims to fill the void of fine-grained,
domain-specific resources for classical Chinese poetry understanding and model evaluation.

2.2 LLMs for Classical Chinese Poetry appreciation Tasks

While recent studies have made promising progress in applying LLMs to classical Chinese poetry, their
focus has primarily been on poetry generation. Systems such as Jiuge(Zhipeng et al., 2019), Deep

'"https://huggingface.co/Qwen/Qwen2.5-14B
https://tianchi.aliyun.com/competition/entrance/532345
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_ Bk : . o -
Title OnithelStockiTower Term interpretation Semantic interpretation
Author ELH KWL BRI s 47 B3 2 0 L A 1
Wang Zhihuan Sun: the sun, especially in daylight. Sun sinks beside a mountain: The setting sun slowly sinks
beside the western hills.
R fktE.
Beside: to lean against or rest beside something. FET NG VBT O WA AR N TR T
R, Yellow River flows into sea: The mighty Yellow River
ST N ) S WK rushes toward the eastern sea.
mountain, Sink: to vanish, sink, or reach the end.
) 5 s AT B RO A 1
ST A + RHSEAG BB RD AR P BOA B SR H (KM JEE, {E47 | To stretch sight to the limit: If you wish to take in the vast
B NI NI ; :
Yellow River flows into PP SE scenery stretching a thousand miles.
Content - Want: to want something or to aim at a goal; also means to

To stretch sight to the limit,

hope or wish.

95 R, EREI A
Reach the limit: to go to the extreme.

N
One more: to take one step higher.

b ERE A L R — E
Just climb up one more floor: then you must climb to a
higher level of the tower.

£ i R B Emotional inference
Just climb up one more ) A : RGN . )
floor. Stretch sight: vision that extends across great distances.

i, K, i, HE
Scenic Description, Landscape Imagery, Inspiration,
Philosophical Reflection

Figure 1: An example extracted from multiple open-source datasets after data cleansing and alignment,
including the Title, Author, Content, Term Interpretation, Semantic Interpretation, and Emotional Infer-
ence.

Poetry(Liu et al., 2020), and CharPoet(Yu et al., 2024) enable creative generation via neural or token-
free architectures, often with multimodal or user-guided input. Multi-agent generation approaches(Zhang
and Eger, 2024) further enrich diversity and novelty.

However, poetry appreciation tasks remain underexplored. Most existing models treat poetry as a
general NLP domain, overlooking its linguistic, historical, and affective complexity. Moreover, there is
a notable lack of datasets and models specifically tailored for interpretive evaluation of classical poetry.

In contrast, our work focuses on evaluative understanding. Based on the structure of CCL25-Eval
Task 5, we decompose the appreciation task into three subtasks and construct a high-quality instruction
dataset (CCPoetry-49K). We also introduce PoetryQwen, a domain-specialized model fine-tuned via
LoRA, marking a novel contribution to LLM-based poetry comprehension.

3 CCPoetry-49K Dataset

3.1 Source Datasets for Poetry Appreciation

To construct a domain-specific dataset for classical Chinese poetry appreciation, we began by collecting
and analyzing several open-source datasets that contain partial annotations related to poetry understand-
ing. These datasets were primarily crawled from public educational websites and open-access online
platforms, and they provide information such as modern translations, cultural term explanations, and
basic sentiment annotations. However, they vary significantly in structure, granularity, and annotation
quality, posing challenges for direct use in instruction tuning.

The primary datasets utilized in this study include:

Poetry CN?3: The dataset(He et al., 2024) is sourced from website*, which compiles classical Chinese
poetry along with translations, annotations, and commentary.

Chinese ancient poetry translation’: This dataset comprises aligned pairs of classical Chinese poetic
lines and their corresponding human-authored modern Chinese translations.

poems-db®: Sourced from website’, the dataset includes over 220,000 classical Chinese poems with
annotations, commentaries, metadata on 10,000+ poets, 1,600+ poetic forms, 70+ dynasties, and nearly
200 thematic categories.

3https:

*nttps:

5https:

6https:

7https:

//opendatalab.com/ABear/Poetry_CN

//www.gushici.net/
//github.com/YuRuiii/chinese-ancient-poetry-translation
//github.com/yxcs/poems—db

//www.gushici.net/
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Task Example

{linstruction”: \n  FRLAIRIEHE—S ISON Hedg, AXWIF: \n - **title™ > HRFEIAIFAAE \n
*rcontent™*: HEFREIFIAZ W0 - **"ga_words™**: A T EEEAEE \n\n X RIRAEEE:

Term {\title\': VWP 3LEEY, Vcontent\': \'7274-G5% [, BrAXIE. iR E %, S AL, \, \ga_words\: \% (Ihg)
Interpretation || ¥\VIN\n @ URIES: \n EURIRIEROLAO B, AR AR H: \n - **"ans_ga_words"**:
XF "ga_words" Wl IS AT ARRE \n\n s < AR ORI **\n "ans_ga_words": \n A

RIS SCW\n Y tinput': t toutput's TEATEG. TER, HBEAESER.

{linstruction: \n FKLIRIEME—S JISON #edfi, #%KWR: \n - *=*"title™*: HRFEFFE \n -
**content™**: T EFFEIKIAZ \n - **tga_sents™ *: il RG] A B B SCPESCHI AT \n\n X AR
K. {Vtitle\: VI F: 45\, Vcontent\: \"A T EFNZJE 2R, SRERTEEME . 1T NEWH, MHGHEZEA. \,
\'ga_sents\': & T— AR\ Hn\n ### RIAES: \n AR SR AL R, AR TR AR : \n
- **"ans_ga_sents"**: X} "ga_sents" ) FHEBLEITESCIESC \n\n - ## AR ORI <Hn

Semantic
Interpretation

"ans_ga_sents": \n ) ) S SO \n \n o o## DRI R
"ans_ga_sents" {1k (191 W1 A 7R — AR A), AR LRI GE I A) TR, \n\n Y, tinput®s ) ‘output': !
— BN GRE I 11}

{linstruction”: \n  FRELIRIEMHE—A ISON %edhi, A0 R: \n - **"title™*: R4 1IFRE \n
*vauthor™*: I RFIAIIMER \n - **"content™*: HERFIAINZA \n\n ORIRIBHE: {\title\: VHUTEE
Emotional {3\, Vauthor\': 52 L\, 'content\': \WILAK =F 8, FB+T47. TT7LMIE, HERES. Pn\n - ### IRIGIESS
Inference \n RGBSR B B, AR FAE AR \n AR FA %l R R IR I B AR 1, A R A
EiZ R R IA I AR 2E2,..]\n\n #a# **jsondiy A% R Bl **\n VPR, VE A\ \JSEAWN
J2EV\n DNFOHN\\n - tinput': ", ‘output': ['E.£°1}

Figure 2: Illustrative Subtasks Examples from the CCPoetry-49K Dataset: Term Interpretation, Semantic
Interpretation, and Emotional Inference.

3.2 Construction of CCPoetry-49K: A Domain-Specific Instruction Dataset

Building on the open-source datasets introduced in Section 3.1, we perform comprehensive data cleans-
ing and alignment to obtain a high-quality foundation for downstream tasks. Figure 1 illustrates a
representative example that includes key elements such as the poem’s title, author, content, term in-
terpretation, semantic interpretation, and emotional inference. Based on this processed data, we formu-
late three subtasks—Term Interpretation, Semantic Interpretation, and Emotional Inference—and con-
struct an instruction-tuning dataset tailored to each. Figure 2 provides illustrative examples for these
subtasks from the proposed CCPoetry-49K Dataset, while Table 1 summarizes the number of instruc-
tion—response pairs per subtask, totaling 49,404 instances.

4 Experiments

In this section, we present the experimental setup, including model configurations, the base model used
for fine-tuning, and the overall training and evaluation pipeline. We also report and analyze the experi-
mental results to assess the effectiveness of our proposed approach.

4.1 PoetryQwen Model

Base Model. We adopt Qwen2.5-14B3 as base model, with 14.7 billion parameters, which supports long-
context modeling up to 128K tokens and excels in instruction following, multilingual understanding, and
structured output generation.

LoRA Fine-tuning Setup. We apply LoRA with the following configuration: target modules include
q-proj, k-proj, v-proj, o-proj, gate-proj, up-proj and down-proj; the maximum input length is set
to 1240; LoRA rank is 16, with LoRA alpha set to 32 and dropout to 0.1. Training is conducted for 2
epochs using a learning rate of 2e-4 and a fixed random seed of 42 to ensure reproducibility.

PoetryQwen Model. To address the three subtasks: Term Interpretation, Semantic Interpretation, and
Emotional Inference, we fine-tune the Qwen2.5-14B base model using LoRA, resulting in three task-
specific LoRA adapters. Each adapter is trained independently on its corresponding instruction dataset
and evaluated on the respective subtask. Collectively, the base model and the three adapters constitute our
proposed system, termed PoetryQwen, as illustrated in Figure 3. For the Emotional Inference subtask,

$https://qwenlm.github.io/blog/qwen2.5/
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Figure 3: The Structure of PoetryQwen.
Term Interpretation Semantic Interpretation Emotional Inference
Model Name Score Blue BertScore Blue BertScore Accuracy
Qwen2.5-7B 0.667 0.230 0.873 0.241 0.911 0.771
Qwen2.5-14B-Instruct  0.690 0.169 0.865 0.251 0.910 0.832
GLM-4-9B 0.628 0.136 0.846 0.204 0.901 0.734
PoetryQwen 0.757 0.405 0.909 0.436 0.914 0.847

Table 2: Quantitative Comparison of Model Performance on Poetry Appreciation Tasks

we further align the output of PoetryQwen with the submission format required by CCL25-Eval Task 5,
which involves mapping the generated emotional expressions to one of the predefined emotion labels (A,
B, C, or D). To this end, we apply Qwen2.5-14B-Instruct for post-hoc alignment, ensuring compatibility
with the evaluation requirements.

4.2 Experiment result

To evaluate the performance of our proposed dataset and model in the domain of classical Chinese
poetry appreciation, we conduct experiments on the CCL25-Eval Task 5 benchmark. The evaluation
encompasses three subtasks: Term Interpretation, Semantic Interpretation, and Emotional Inference with
using metrics: BLEU, BERTScore, and Accuracy.

We compare our system, PoetryQwen, with several strong baselines, including Qwen2.5-7B°,
Qwen2.5-14B-Instruct!®, and GLM-4-9B!!. As shown in Table 2, PoetryQwen consistently outperforms
all baselines across the three subtasks, demonstrating the effectiveness of our instruction-tuning strat-
egy. These results also highlight the value of the CCPoetry-49K dataset in providing high-quality, task-
specific supervision tailored for classical Chinese poetry appreciation.

5 Conclusion

In this work, we propose a domain-specific framework for classical Chinese poetry appreciation, in-
cluding term interpretation, semantic interpretation, and emotional inference. Accordingly, we construct
CCPoetry-49K, a high-quality and domain-specific instruction—response dataset with 49,404 examples.
Leveraging this dataset, we fine-tune the Qwen2.5-14B model using LoRA to obtain PoetryQwen. Ex-
perimental results on the CCL25-Eval Task 5 benchmark show a 9.7% improvement over the base
model. Our team AI4S, registered on the Tianchi platform, demonstrates that domain specialization
significantly enhances LLM performance in classical poetry understanding. Dataset will be available at
https://github.com/XieHaoTao/CCPotery.

*https://huggingface.co/Qwen/Qwen2.5- 7B
Uhttps://huggingface.co/Qwen/Qwen2.5-14B-Instruct
Uhttps://huggingface.co/THUDM/glm-4-9b
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