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Abstract

This paper presents our approach to the Second Chinese Essay Rhetoric Identification and Un-
derstanding Competition, which focuses on analyzing rhetorical features in essays written by
primary and secondary school students. The competition includes three tasks: multi-label classi-
fication of rhetorical forms, divided into 9 coarse-grained and 19 fine-grained categories; multi-
label classification of rhetorical content, comprising 5 coarse-grained and 11 fine-grained cat-
egories specific to certain rhetorical types; and extraction of rhetorical components, including
connectives, descriptive objects, and specific rhetorical content. To address the challenge of
limited training data, we applied targeted data augmentation and manual corrections to build a
high-quality dataset. We then fine-tuned large language models using one-shot and in-context
learning. Finally, we employed an ensemble strategy that integrates model predictions through a
voting mechanism. Our system achieved a score of 52.78 and ranked third in the competition.

Keywords: Rhetorical Analysis, One-Shot Learning, Data Augmentation, Ensemble Decision,
Voting Mechanism

1 Introduction

Recent progress in Natural Language Processing (NLP) has significantly advanced the automation of
educational assessment tasks, particularly in evaluating student writing (Liu et al., 2024). Among various
indicators of writing proficiency, the use of rhetorical devices plays a crucial role in reflecting students’
expressive and argumentative capabilities (Burstein, 2003; Lai et al., 2023; Liu et al., 2018; Xiaoxi et al.,
2018). However, large-scale manual annotation of rhetorical phenomena remains infeasible, motivating
the design of the CCL 2025 Shared Task on Rhetoric Recognition and Understanding. This shared task
presents a suite of three technically challenging multi-label subtasks: identifying rhetorical types and
their formal linguistic features, understanding the semantic content conveyed by rhetorical expressions,
and extracting fine-grained rhetorical components from texts.

These subtasks involve a high degree of structural complexity and linguistic ambiguity. The identifi-
cation of rhetorical types and formal features requires models to generalize across diverse textual styles,
rhetorical strategies, and discourse structures. Semantic understanding further complicates the problem,
as rhetorical language often conveys implicit meanings and pragmatic intentions that are highly context-
dependent. Additionally, extracting rhetorical components demands sensitivity to subtle syntactic and
stylistic variations, which can differ significantly across writing samples, genres, and proficiency levels.
These intertwined challenges make the task particularly demanding, especially in low-resource educa-
tional settings where annotated data is scarce.

To address these challenges, we design a comprehensive system leveraging the capabilities of large
language models (LLMs). For rhetorical type classification, we construct a prompt-based data augmen-
tation pipeline followed by expert-guided filtering to address data sparsity. For rhetorical semantic un-
derstanding, we employ instruction-tuned LLMs with one-shot and in-context learning paradigms (e.g.,
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Tongyi Qwen 2.5), enabling effective generalization under limited supervision. For rhetorical component
extraction, we introduce an ensemble framework that combines multiple model predictions via majority
voting, enhancing robustness and prediction accuracy.

Our system achieved a final score of 52.78, placing third in the official competition ranking. These
results underscore the potential of synthetic data generation, parameter-efficient tuning, and ensemble-
based reasoning in addressing complex, low-resource NLP tasks in educational contexts (Lee et al.,
2024).

2 Related Work

Early approaches to rhetorical device recognition primarily relied on rule-based systems and traditional
machine learning models, such as Support Vector Machines and Conditional Random Fields, particularly
for tasks like metaphor detection (Sun et al., 2019; Lai et al., 2023). The introduction of pre-trained
language models (PLMs), such as BERT (Devlin et al., 2019) and RoBERTa (Liu et al., 2019), brought
significant improvements in rhetorical form classification tasks (Liu et al., 2018). More recently, large
language models (LLMs), including GPT-3 (Brown et al., 2020), have enabled zero-shot and few-shot
learning through instruction tuning and in-context learning paradigms (Wang et al., 2023; Hu et al.,
2022).

Despite these advancements, the application of LLMs to complex multi-label rhetorical analy-
sis—especially in the context of Chinese student essays—remains largely underexplored. Our work
builds upon recent progress in low-resource adaptation (Lee et al., 2024) by integrating synthetic data
generation, parameter-efficient fine-tuning via LoRA (Hu et al., 2022), and ensemble-based inference
strategies. This combination aims to enhance model performance and generalizability in educational
NLP tasks involving nuanced rhetorical understanding.

EHFESM (form)

Figure 1: Distribution of Rhetorical Devices in Original Training Dataset (Track 1)

3 Methodology

3.1 Framework Overview

Our proposed framework consists of a comprehensive pipeline designed to enhance model performance
in rhetorical analysis tasks. As illustrated in Figure 2, the approach integrates data augmentation, manual
refinement, instruction-based fine-tuning, and ensemble inference to address the challenges of limited
training data and complex multi-label classification.

First, we construct a high-quality training dataset through a semi-automatic annotation process.
Specifically, we design tailored prompts for DeepSeek-V3 to automatically generate rhetorical annota-
tions for unlabeled data. These initial annotations are then manually reviewed and corrected to eliminate
errors, resulting in a reliable and diverse dataset.
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Next, we perform supervised fine-tuning (SFT) on multiple configurations of the Qwen 2.5 model
using the refined dataset. This stage adopts an instruction-based learning strategy using one-shot to
improve model generalization across subtasks.

Finally, we integrate the fine-tuned models into an ensemble system. During inference, each model
independently processes the same input, and their outputs are aggregated using a majority voting mech-
anism. This ensemble strategy not only consolidates model predictions but also significantly enhances
the overall prediction accuracy.

In summary, our methodology effectively combines automatic and manual data curation with tai-
lored fine-tuning and ensemble decision-making, resulting in robust performance improvements in low-
resource rhetorical analysis tasks.

Prompt:
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Figure 2: Overall Framework Architecture

3.2 Data Augmentation

An analysis of the original training datasets—each containing only 50 samples per track—revealed a
pronounced imbalance in both the quantity and distribution of sentences containing rhetorical devices
versus those without. For instance, the distribution in Track 1, as shown in Figure 1, clearly illustrates
this disparity. Similar analyses for Track 2 and Track 3 are provided in the Appendix.

Moreover, the public datasets exhibited similar issues: not only was the overall sample size extremely
limited, but the rhetorical categories were also unevenly distributed and in some cases not fully cov-
ered. To address these challenges, we employed DeepSeek-V3 for data augmentation, applying the same
strategy to both our own training data and the publicly available data.

Specifically, we identified rhetorical categories with the lowest representation in the training set—such
as metaphor, irony, and parallelism—and generated additional samples for these categories using
instruction-tuned prompts (see Appendix for examples). For each under-represented category, we crafted
prompts to guide the model in producing stylistically and semantically coherent examples that exhibited
the target rhetorical technique. All generated samples were manually reviewed to ensure label correct-
ness and rhetorical consistency.

As a result of this augmentation and filtering process—integrated into our data preparation pipeline
(see Figure 2)—each track’s dataset was expanded to approximately 400 instances, with roughly 20 ex-
amples per rhetorical category. This significantly reduced the label imbalance and improved the model’s
generalization performance across diverse rhetorical structures.
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3.3 Model Ensemble Voting

To leverage complementary strengths and increase diversity, our ensemble consists of multiple models
fine-tuned with different hyperparameter configurations, such as varying learning rates, batch sizes, and
prompt designs. This diversity helps to reduce individual model biases and improve overall system
robustness.

Building on this, we adopted an ensemble learning strategy that aggregates predictions from these
fine-tuned models, effectively mitigating errors from any single model and enhancing generalization.
The workflow is illustrated in Figure 2.

Let M = {Mj, My, ..., My} denote a set of N distinct models obtained from the supervised fine-
tuning phase, where each M; represents a fine-tuned variant of the base large language model. For a
given input question (), each model M; independently performs inference and produces its prediction
A; = M;(Q). These individual predictions { Ay, As, ..., Ay} serve as the basis for aggregation.

At the core of our ensemble approach lies a majority voting mechanism. For each unique candidate
answer ¢ among the predictions, we count the number of votes it receives across all models:

N
votes(c) = Y T(A; =c) (1)
i=1
where I[(+) is the indicator function, returning 1 if A; = ¢, and 0 otherwise.
The final ensemble prediction, Agp,), is determined by selecting the candidate answer with the highest
vote count:

Afina = arg max (votes(c)) )

This ensemble technique leverages the diversity among models, resulting in more stable and reliable
predictions compared to any single model alone. The complementary strengths captured through differ-
ent training configurations significantly enhance the system’s overall performance.

4 Experiments

4.1 Experimental Setup

We adopted the Qwen2.5-14B-Instruction model as our base, utilizing bitsandbytes for 4-bit quantization
combined with LoRA for efficient adaptive fine-tuning. The AdamW optimizer was employed with a
weight decay of 1 x 10~2. The initial learning rate was set to 5 x 107° and followed a cosine annealing
schedule throughout the training epochs, without any warm-up steps. Training was performed with a
batch size of 2 and 8 gradient accumulation steps, while the maximum gradient norm was clipped at 1.0.
Additionally, the maximum sequence length was restricted to 2048 tokens, and all computations were
carried out using bf16 precision.

To improve robustness and explore the effect of different hyperparameters, we integrated multiple
configurations of the same base model in our experiments. Specifically, we trained models with learning
rates of 5 x 107, 4 x 1074, and 3 x 1073, corresponding to 15, 10, and 5 epochs, respectively. The
batch sizes used were 2, 4, and 6, while all other settings remained unchanged. Each configuration was
trained using both the original and the augmented versions of the training dataset.

4.2 Results and Analysis

This section presents the experimental results of our proposed framework on the competition test sets.
We compare our system’s performance with other participating teams across the three subtasks: Rhetoric
Form Recognition, Rhetoric Content Recognition, and Rhetoric Component Extraction. According to
the competition rules, the overall score was not computed directly by us, but rather transformed by the
organizers based on the performance of the official baseline system.

As shown in Table 1, our team achieved a combined score of 52.78, securing third place in the
competition. We performed particularly well in Content Recognition (60.97) and Form Recognition
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Team Form Conversion Content Conversion Component Conversion Combined Score

Team1 64.81 63.07 63.94 63.94
Team?2 59.71 60.36 61.26 60.45
Ours 55.36 60.97 42.02 52.78
Team3 51.90 51.85 29.49 44.41
Team4 37.42 41.07 52.89 43.79
Team5 54.37 49.00 0.00 34.46
Team6 43.43 55.40 0.00 32.94
Team?7 35.78 41.45 0.00 25.74

Table 1: Competition Results of Participating Teams

(55.36). Although there is room for improvement in Component Extraction (42.02), our overall strat-
egy—combining data augmentation, fine-tuning, and ensemble learning—proved effective. This ap-
proach enabled us to achieve competitive results despite the limited training data, demonstrating its
potential for tackling complex educational NLP tasks.

4.3 Ablation Study

To verify the effectiveness of our method, we conducted an ablation study. However, due to the large
number of blind test sets and equipment limitations, it was not possible to perform the ablation through
the official evaluation platform within the specified time. Therefore, the results presented here are for
reference only. We randomly selected 10 samples from the official training data as the validation set,
using the remaining 50 official training samples for training. The experimental results are shown in

Table 2.
Module Form Conversion | Content Conversion | Component Conversion | Combined Score
Full Setting 55.36 60.97 42.02 52.78
- w/o Ensemble Learning 50.46 54.89 37.67 47.67
- w/o Data Augmentation 44.78 47.56 33.45 41.93
- w/o Data Augmentation & Ensemble Learning 39.96 41.23 20.31 33.83

Table 2: Ablation Study Results for Qwen2.5-14B-Instruction

5 Conclusion and Future Work

Our multi-stage pipeline utilized large language models (LLMs) with prompt-based data augmentation,
manual verification, and supervised fine-tuning (SFT) for multi-label classification and component ex-
traction. An ensemble majority voting strategy was employed to ensure robust and consistent predic-
tions. Our system achieved a commendable combined score of 52.78, securing third place overall and
demonstrating the effectiveness of our approach. However, the performance on Track 3 was relatively
limited, which may be attributed to the increased complexity of the task, the model’s weaker ability in
component extraction for this specific track, or suboptimal parameter configurations. Future work will
focus on enhancing component extraction through specialized model architectures, exploring larger or
domain-specific LLMs, and investigating more advanced ensemble strategies.
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Appendix
A Examples of the fine-tuning data

A.1 Trackl:

Prompt:

WR—H ERFTIERA TR, HIRIRHH LN AT BEERR], KA HEEREM18/)
Ko BERNNEEZNER, EHERBRTHFRIT - & VRN TCIEERN S 5 T e R R AT

A XK BN N B R I B R

TETER A EIHAN T - LG PR VG, B 0ay, (506 o LDl 4% iR, BhiFl, JEA51H - Sak BES K, HEESK .
HEEL: B HELL, A) TR - OB EIRRE, EERE - &IFLRIEER, FIENERE - Ribl:HEAR
o], A ] BRE I R -

% Hhg-fETE

HIRBI N ANE) T B AR, JFEE?

Output:

J [)- B S [
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A.2 Track2:

Prompt:

IR — A SUERTFIERAR K, BRARH LT AT RERERS], EAREMIINE .
RIANNEZ DGR, EHHABATRRRIT o BRIy ToERE N Ey i TT i wE R

R X RS N B i B SR -

EREIS AR T - Lhgy . SEAED) - s S . Hfl: A . S5k RS 5K
NEIK S BEIEIK . HE: FFE) S KRR i

E M-S

HIRG NI A T —RAF, SEAEH W N, AR NERAR, A ORREEEE &
BREREEME O X .

Output:

SR RS K

=

%@

A.3 Track3:

Prompt:
TRZE—DHIERTIRRAN T K, EIRAMT I LU 67 A E R R A R >, FH4R
RFNONE - FIRNAEZANER, BRI - HIRN DT BN B RRTA .
TR R AREERF, HMTENR . 8 (EWAH) - N8 HUFENR . W
7 BERTENR - NE-

R XS N B R i B SR -

IERERFATLN T Fo M. BT ~ By ~ Wan o PRA. A ohid . BRSO . S5k BEESIK-
FRESGK . HEEL: A HEEL - A FHERL -

B toh-fEm . R WK - W T - N ANVINshiE?

HIRA T AV AT —RAR, SRR GE NG, WNERIE N, TR ORI Bk E , 1F
BEFEEMAE T %

Output:

SIR-EEEIK . MR ORI - I T - N FREMERA T E

B Prompt Example for DeepSeek-V3

B.1 Trackl:

Prompt:

IR —MERT R EER A SRR UERETERBI R K

B HIRER— T EEMERE (Lo, S, S0 . el i, shid, PR . SikE
BEIK, ISR HE ik, AT . RE:BIRRE, EERE - KIF:FIEERE, FI%
ANEE o fla)BA) e n], SR . ERGER, R ) KA1

B IE IR HURAE R T RERER T -

Output:

BT ARIMKERT

BREER. Bik. BESK

B.2 Track2:

Prompt:

TRZE—MERT R XUEUERA G R BT IE R K -

B WEIRER— N EEMERE (K. SSEY) . ohiiE. MG . il A Y. 5
ke PTREIK S 48NSk RIS . Heb: A R . ) BIAIT

B IEIRE HURAE R T RERER S -

Output:

AT ARIMKERT

BRFRH. Fik. §REK
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B.3 Track3:

Prompt:

WR— M EK T UEUERF A BEM R SUBERETIERA T XK -

e WIRER A ERAERE (O I R S OBl 9 BhiE . R
ik BESK. EESK. Hi: o HE - AR ) AT . (FEE: HELLAFREE
B, TR E R - EEE (BEAH) - A, WRENSR . NE, SKFENR - W

o)
B THIRGE HRE BUR)FRMERE R A DLUSE B R BN 5 B % -
Output:

A7 BANEEER RS TE T R, SREESRSHA—Z], B hER LT .
ERERA: HeM-BAMGT o SR BfIA] - B RGA O5f - WA BRIET

C Statistics of rhetorical techniques in the original training set
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Figure 3: Distribution of Rhetorical Devices in Original Training Dataset (Track 2)
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Figure 4: Distribution of Rhetorical Devices in Original Training Dataset (Track 3)
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