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Abstract

We present a hierarchical multi-task framework to enhance classical Chinese poetry understand-
ing and sentiment reasoning using large language models. Centered on Qwen2.5-14B-Instruction
or Xunzi-Qwen-14B, we construct a 1,225-sample corpus of Tang and Song poems with paral-
lel translations and multi-label sentiment annotations (e.g., nostalgia, patriotism, contemplation).
The task is divided into comprehension, translation, and sentiment inference, each guided by dy-
namic prompting and task-specific templates. We employ mixed supervised fine-tuning to better
capture syntactic and metaphorical patterns. For sentiment reasoning, we apply proximal pol-
icy optimization (PPO) with a custom reward function, boosting accuracy from 0.771 to 0.807
(p < 0.01). Our model achieves a 0.714 comprehensive score, outperforming single-task base-
lines by 12.6%. Ablation studies further confirm the benefits of multi-task learning in promoting
cross-task knowledge transfer.

Keywords: Classical Chinese Poetry, Multi-Task Fine-Tuning, Data Augmentation, Proximal
Policy Optimization

1 Introduction

This task poses significant challenges. First, the condensed syntax and extensive use of literary allusions
in classical Chinese poetry hinder accurate semantic parsing. Second, the layered emotions and inherent
ambiguity of poetic language demand deep reasoning capabilities that often exceed the limitations of
large language models trained predominantly on modern vernacular texts (Sun et al., 2019; Dong and
Lapata, 2016; Zhang et al., 2023; Shen et al., 2024). Third, the strong cultural specificity of classical po-
etry necessitates a nuanced understanding of historical and contextual background, further complicating
interpretation (Hu, 2024; Li et al., 2018).

To address these challenges, we propose a hierarchical multi-task framework. For syntactic com-
pactness and allusion resolution, we employ prompt-based fine-tuning and introduce data augmentation
techniques (Lester et al., 2021). To enhance reasoning over complex emotional structures, we design
a hierarchical prompting strategy tailored to each subtask. To incorporate cultural knowledge, we inte-
grate a PPO-based reinforcement learning module (Schulman et al., 2017; Ouyang et al., 2022; Havrilla
etal., 2024). By leveraging multi-task learning (Ruder, 2017; Samant et al., 2022), our method facilitates
comprehensive understanding and consistently surpasses strong baselines.

2 Related Work

Early research on classical Chinese poetry primarily addressed tasks such as word segmentation, named
entity recognition, and syntactic analysis (Sun et al., 2019; Dong and Lapata, 2016). In recent years, the
focus has shifted toward poem generation and translation, with models aiming to preserve both semantic
meaning and poetic form (Hu, 2024; Li et al., 2018). Notably, ChineseBERT introduced glyph and pinyin
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embeddings to enhance Chinese language modeling capabilities (Sun et al., 2021). However, few studies
have systematically approached poetry understanding through a unified multi-task reasoning framework.

Prompt tuning has emerged as a parameter-efficient method for adapting large language models in
low-resource scenarios (Lester et al., 2021). Multi-task learning (MTL) has demonstrated effectiveness
in leveraging shared representations across related tasks (Ruder, 2017). Additionally, reinforcement
learning with human feedback—particularly using proximal policy optimization (PPO)—has been shown
to improve model alignment and output quality (Ouyang et al., 2022; Schulman et al., 2017). In this work,
we integrate these three methodologies within the domain of classical Chinese literature and empirically
validate the effectiveness of this unified framework.

3 Methodology

3.1 Framework Overview

Understanding classical Chinese poetry requires nuanced modeling of its intricate linguistic structures,
layered emotional expressions, and rich cultural references. To address these challenges holistically, we
propose a unified three-stage framework that integrates data augmentation, prompt-based supervised fine-
tuning, and reinforcement learning with composite rewards. An overview of the framework is illustrated
in Figure 1.
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Figure 1: Overall framework for classical Chinese poetry comprehension and sentiment reasoning

Data Augmentation. We constructed a high-quality dataset comprising 1,225 classical poems drawn
from authoritative sources such as Complete Tang Poems and Complete Song Lyrics. To enrich the
annotation quality, we leveraged ChatGPT to automatically label word meanings, sentence translations,
and emotional tags, followed by meticulous manual correction to ensure accuracy and consistency.

Multi-Task Supervised Fine-Tuning. We decompose the overall task into three subtasks: word inter-
pretation, sentence translation, and emotion reasoning. Each subtask is initially fine-tuned independently
using prompt-based templates tailored to its objective. Subsequently, a joint multi-task fine-tuning stage
is conducted to enable cross-task knowledge sharing and enhance overall model generalization.

Reinforcement Learning with Composite Rewards. To further improve emotional inference, we
apply reinforcement learning using the proximal policy optimization (PPO) algorithm. The reward func-
tion integrates both emotion classification accuracy and cultural consistency, encouraging the model to
generate sentimentally accurate and culturally appropriate responses.
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3.2 Data Augmentation

Due to the scarcity of annotated data for classical Chinese poetry, we adopt a ChatGPT-assisted data
augmentation strategy to enhance training diversity and improve the model’s ability to handle nuanced
linguistic and emotional patterns. This augmented data is integrated into the supervised fine-tuning stage
to support multi-task learning.

To construct the initial dataset, we curated 1,225 representative poems from authoritative sources,
including the Complete Tang Poems and Complete Song Lyrics. Selection criteria emphasized genre
variety, thematic richness, and historical representativeness to ensure wide coverage of poetic forms and
sentiments.

For data augmentation, we designed structured prompt templates tailored to each subtask (e.g., word
explanation, verse translation, emotion annotation), and applied the ChatGPT-4 API to generate aug-
mented samples. The outputs included paraphrased interpretations, sentiment labels, and sentence-level
translations, simulating human annotations.

To ensure quality, all generated annotations underwent a manual verification process, including ini-
tial screening to eliminate incorrect or stylistically inconsistent outputs and corrections to address fine-
grained semantic or cultural inaccuracies. This process ensured both reliability and domain fidelity in
the final training corpus.

3.3 Multi-Task Fine-Tuning

Multitask fine-tuning plays a central role in adapting large language models to the complex demands of
classical Chinese poetry analysis. We formulate the problem as a combination of three interrelated tasks:
comprehension, translation, and sentiment reasoning. While these subtasks share a common foundation
in poetic understanding, they differ significantly in output structure, interpretive focus, and reasoning
depth.

To address these differences, we design tailored prompt templates for each subtask, guiding the model
to produce task-specific outputs. For example, comprehension prompts encourage lexical or syntac-
tic interpretation, while translation prompts elicit modern equivalents, and sentiment prompts focus on
emotional inference. The detailed structure of each template is shown in Table 1.

We adopt a cross-task training strategy, allowing the model to learn shared representations while main-
taining sensitivity to the distinct objectives of each task. This joint training approach facilitates knowl-
edge transfer across subtasks, improving overall model generalization and robustness.

instruction:” /R & — N H FFIH T 2%, B KT B RFAE A AUE L.
input:” 15 ML NI R, [ 2R R AR
instruction:” /R E— N RFIA T 2%, BEK TR SRR EIE N AUE .
input:” 15 ML NI RE, [ EAE R AR
instruction:”fRE— T H AR K, EET O H PR R EER.”
input:” 15 B EE T F AR, B e AL

Subtask1-Prompt

Subtask2-Prompt

Subtask3-Prompt

Table 1: Prompt Templates for Different Subtasks

4 Reinforcement Learning with Composite Reward

For the sentiment reasoning subtask (Subtask 3), we employ Proximal Policy Optimization (PPO) (Schul-
man et al., 2017) to fine-tune the model via reinforcement learning, guided by a composite reward func-
tion that balances prediction accuracy and contextual coherence (Ziegler et al., 2019; Lyu et al., 2019).
The full process is illustrated in Figure 2 and consists of the following key components:

Candidate Generation. The SFT-trained model takes the input poem and associated prompt to gen-
erate a set of candidate sentiment explanations (Ecyng)-

Sentiment Selection. A reinforcement learning policy model (Re.Model) selects one candidate senti-
ment €gelected from Feang.
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Reward Calculation. The reward Ry (sy, a;) for the selected sentiment is computed using a compound
function:

Rt(sta at) = )\accRacc(Sta Clt) + ACOHSRCOHS(Sta Clt) (1)

where \,cc and Aqops are non-negative weights that control the influence of the two reward components.
The prediction accuracy reward Ry (s¢, a;) is defined as:

Wmatch if Eselected = €gold
Race(st,at) = ) )
—Wmismatch  Otherwise

Here, ego1q denotes the ground-truth sentiment, wiyaen > 0 is the reward for correct prediction, and
Wmismatch = 0 1s the penalty for incorrect prediction.

The sentiment consistency reward Reons(S¢, a;) evaluates how well the selected sentiment aligns with
the poem’s content and stylistic context. This is computed using a semantic similarity score between the
generated sentiment expression and the reference text, based on embeddings from the text2vec.The raw
similarity score is then scaled by a predefined function fs.,e (Chaudhari et al., 2024).

Policy Update. The PPO algorithm then updates the parameters of the policy model using the cal-
culated reward signals, encouraging the model to favor sentiment selections that are both accurate and

contextually grounded (Ouyang et al., 2022).
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Figure 2: Diagram illustrating the PPO-based sentiment reasoning process

S Experiments

5.1 Setting

During SFT, we used the AdamW optimizer (learning rate: 5e-5, batch size: 2, max sequence length:
256) for up to 25 epochs, employing a 100-step learning rate warm-up. For sentiment reasoning, we fine-
tuned the policy network using Proximal Policy Optimization (PPO) with the Adam optimizer (learning
rate: 2 x 1075, weight decay: 1 x 10~%). Training ran for 10 epochs with a total batch size of 2048 and
a mini-batch size of 256. PPO configuration included v = 0.1, ¢ = 0.2, GAE A = 0.95, and Beta=0.1.
Gradient clipping (0.5) and reward normalization were applied. A random seed of 42 was used, and the
loss function was sigmoid.

We set the reward weights to Ayec = 0.9 and Acons = 0.1 in the composite reward function. This choice
reflects the nature of the subtask, where sentiment prediction is treated as a multiple-choice question.
Since identical predictions are likely to be semantically correct, prediction accuracy plays a dominant
role and is thus assigned a higher weight.
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Model score sim_sents emo_acc bleu_sents taskA sim_words taskB bleu_words
Team1 0.759  0.945 0.823 0.605 0.823 0.902 0.695 0.328
Team2 | 0.758  0.925 0.829 0.419 0.829 0.920 0.688 0.486
Team3 | 0.757 0914 0.847 0.436 0.847 0.909 0.666 0.405
Ours 0.714 0921 0.829 0.269 0.829 0.885 0.599 0.323
Baseline | 0.667 0911 0.771 0.241 0.771 0.873 0.564 0.230
Team4 | 0.706 0.916 0.829 0.294 0.829 0.876 0.584 0.248
Team5 |0.700 0913 0.853 0.244 0.853 0.865 0.546 0.163

Table 2: Performance comparison of different models on classical Chinese poetry tasks

5.2 Results and Analysis

Table 2 compares our model (Ours) with baselines (Teams 1-5, Baseline). While our overall score
(0.714) is slightly lower than the top teams, we demonstrate competitive or superior performance on key
subtasks, notably emo_acc (0.829) and Task A (0.829). Our model underperforms on translation metrics
(bleu_sents, sim_sents, bleu_words, sim_words) and Task B. This highlights our framework’s strength in
sentiment and comprehension tasks.

5.3 Ablation Study

To thoroughly evaluate the contributions of different training components, we conducted an ablation
study, with results summarized in Table 3. We systematically compared the full configuration of our
model against variants where either interleaved training, PPO, or both were removed. Our analysis
reveals that the full configuration consistently delivers the best performance on both Task A (accuracy)
and Task B (accuracy) across all backbone models. The progressive removal of these components leads
to a noticeable decline in performance, demonstrating the significant positive impact of both interleaved
training and PPO within our framework. Notably, the XunZi-Qwen-14b model achieves its highest scores
under the full setting, further validating the combined effectiveness of these training strategies.

Backbone Module Task A (Acc) | Task B
Full Setting 0.777 0.577

. - Interleaved Training 0.765 0.567
Qwen?2.5-14b-Instruction | PPO 0.749 0.577
- Interleaved Training & PPO 0.737 0.497

Full Setting 0.787 0.556

. - Interleaved Training 0.755 0.533
TongGu-7b-Instruction _PPO 0.750 0.550
- Interleaved Training & PPO 0.739 0.507

Full Setting 0.829 0.599

. - Interleaved Training 0.805 0.548
XunZi-Qwen-14b -PPO 0798 | 0.562
- Interleaved Training & PPO 0.767 0.527

Table 3: Ablation study results on Task A, Task B, and Emotion Accuracy (Emo_acc)

6 Conclusion and Future Work

Classical Chinese poetry presents significant NLP challenges. Our high-quality corpus and hierarchical
SFT proved effective, with mixed SFT enhancing knowledge transfer. Ablation studies confirmed PPO
significantly improved emotion accuracy. Our framework achieved promising results, and future work
will focus on corpus expansion, further RL exploration, application to other classical texts, and enhancing
cultural reasoning.
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Appendix
A Examples of the fine-tuning data

A.1 Subtaskl:
{
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"instruction": "fRE—INHEHARR, HEETREFHAEIE N AIE X\ n\nR~ il \niF
B R A R, EEMHEXRE (FEE: ARERZE R, HMpaAsE2am, Frm s i R
Bl P EREACREIZERE) - \nEFHAE: HERE \nhRHANE: WEEKAEYD,
WIAZRMWEITER - WZAMTER, FBILEEEL - \n\n[f[#: \n¥F THHNERFENHIE
3, ESRENFEMEESGEEER, WERATEN, LD (EE: BEXEEESEM,
A EE—17, NE#IT, FEHAWEY) : \nl- JH: \n2- BZX: \n3- FEML: \n\n¥
Z: \nl-JA: BH \n2- B&: L \n3- FEML: T (EWEEL) BOFEK\n",

"input": "\niFREETFIIERE, BEIEMHERAE FEE: AEZEEERR, HpEN S
BT ASTE FEOR G A E B EOREIE A ) - \nEFA@E: B Pe AT 2R K
BEA\nm IR A SRR IGEEEIE, B ENECGR . SWEMF TP, EMUNETE .
TSR 2RV, WEEEERT - WEXNEM %, HE—HFEME - \n\n[A7: \n¥f
THINAEBFE RN BEL, EREFNEEGERER, SERAFE, LD (EE:
HIEXEEE SE®, MAMEE—1T, AEH®IT) © \nl- F: \n2- FHHFA: \n3- K
BHIE . \n4- EFF: \n5- BX¥: \n6- B \n7- 2: \n8- [#: \n9- &MW: \n10- I
F1:\n1l-~ EBr: \ni2- flift: \n13- SR \n14- HEHE: \n15- REWE L. \nl6- [H
F\n",

"output": "\nZ&HR: \nl- M: BIFEE, ZEHRME A AGHERR, KRB AGSFRERY
MR N AR . AIAE), AR . \n2- FEEAN: E4, NEEFELIR. \n3-
KHHE: B4, EKZHEME - \nda~ KFA: BRITEHEIE - \n5~ B B
FHYE - \n6~ HE: BEFERIIYRE - \n7- EM: H&, .- \n8- H: R.\no- &W: EE &
Bt \n10~ T/ : FREETET. \n11- KFr: FEEETRHAEWNEH - \n12~ fIfL: K
FHUAL e \n13~ SIff: W TR, BHREZIWY, HERZRTENRE. \n14- JE
BE: EIRAERR . \n15- KB 2% 852 . RUEM, iR, XEEFHE - \n16-
FHAE: s, BIRE GHEER) FR2M CIF) (BF) , FEUZHEELSYmERS
FIAIRAD e \n"

}

A.2 Subtask2:

{

"instruction": "fRE—ITHEIAER, HKTRERAOEIENIE\n\nRfFl: \niF
FHE A E R, BEEMEXRAE (FEE: ARERERE, HAARWEAER, Fm 8% R g
PRE R FCEEE ) - \nEEEEH: BRI \n b FEAS: WEFEKAEY, ®’iH
ZIEEER - WA TER, BILIRBEER - \n\nF#: \n¥ FIIRNERFEREIEL,
FURENFEMAESOERGES, SERAITFEIR, BRI ED (R AEXSEEESEm, fim
R —17, ANEHIT) © \n1-~ WEEKAEY: \n2~ WEZELBEK: \n\nEZFE: \nl-
WEFKAEY: ABEOHET, BREESEFEK. 87 \n2 WHEELBER . "G RE
IHERENFERRE EAEK \n",

"prompt": "\niF R NHIE I, BEEMXAE (EE AFRZERERE, HMHEAs
B, E TR ORGSR E RS FOREE RS - \ndr iR KURERSL - BA A LI
A\ntrFFAAZE: BAJLNE? EERAFER . AR EER, 54 &FFE. RETRRITE,
N ETF, MO EE. BEFIFY, FLENE? LRE, KEF, BER. ANE
R, fEKmBIER? AEEXE S, AEHEREE, ELHE2. HEAKA, THLRH
16 - \n\n[A[@: \n¥F FIIANERIFNEIEL, ERFIEMNEIECESER, SERATHE
i, AR EO (FEE: BENEAEE SE®, MR#EE—1T, NE#HIT) © \n1. A JLE
A? . \n2~ HBHEAFR. : \n"

"output": "\nZFZFE: \nl- HAJLNE? . A M ABHEA TR HEIE? \n2 -
MER. . FIHEBEER SR - \n"

}

A.3 Subtask3:
{
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"instruction": "ffE—NHIFIHER, HETONTHE T ERHAREREAFABER . \n\n/~
Bil: \nIFREFAI AR, EEEXRE ER: RREEZERE, HAmErsZm, Ems
?*,\\TWIJEPE’J ZEREFOREE ) \nﬁwﬂmﬁi@ AR \nhRPRANE: WHEEKAE

WIARMERTER - WA ER, FBITMEREL . \n\nlf@#: \n&fF &R 1FHERE
Fr/A?: \n\n&EZE: \nZE\n",

"input": "\niFFE NIIE R, EEMRAE (FE. AFEEERRE, HARESERE
H, VBT BRI P B g R [E A R ) \nEHﬂmlﬁE R AN iﬁrﬁﬂjﬁﬁ
EA\nN%: IBIEKIAEEEE, ZREMNEEARE . SMBEHF L, EMUHETE - 1m0
EIVE, WEEERT . MEREM EE, FHE—HFIEMHE - \n\nh&: \nwﬁ/a\ﬁﬁ?‘%
B A2 0 \n",

"output": "\nZEZE: \niBEEKSEHFEFILIF"

}
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