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Abstract

Rhetoric recognition is a critical component in automated essay scoring. By identifying rhetori-
cal elements in student writing, Al systems can better assess linguistic and higher-order thinking
skills, making it an essential task in the area of Al for education. In this paper, we leverage Large
Language Models (LLMs) for the Chinese rhetoric recognition task. Specifically, we explore
Low-Rank Adaptation (LoRA) based fine-tuning and in-context learning to integrate rhetoric
knowledge into LLMs. We formulate the outputs as JSON to obtain structural outputs and trans-
late keys to Chinese. To further enhance the performance, we also investigate several model
ensemble methods. Our method achieves the best performance on all three tracks of CCL 2025
Chinese essay rhetoric recognition evaluation task, winning the first prize.

Keywords: Large language model , In-context learning , LoRA , Rhetoric recognition
1 Introduction

In written discourse, rhetorical devices such as metaphors, similes, and parallelism play a crucial role
in elevating expressiveness and conveying subtle meaning. Recognizing these rhetorical elements is
indispensable for achieving in-depth text comprehension and evaluation. In recent years, the rhetoric
recognition task has attracted increasing attention, bringing renewed vitality (Chen et al., 2021; Zhu et
al., 2022; Li and Li, 2022; Firsich and Rios, 2024; Kiihn et al., 2024; Liu et al., 2024; Nuowei et al.,
2024). Particularly in the context of automated essay scoring, the ability to identify and interpret rhetoric
contributes significantly to assessing surface-level language proficiency as well as the sophistication and
effectiveness of students’ writing.

The recent advancement of Large Language Models (LLMs) has brought remarkable progress to var-
ious natural language processing tasks (Achiam et al., 2023; Yang et al., 2025). However, despite these
advances, the rhetoric recognition task remains particularly challenging. First, as an information ex-
traction task, it requires models to identify the applied rhetorical types in the input content as well as
extracting rhetoric components, like tenor and vehicle in a metaphor. This structural output format de-
viates the free-form generative nature of LLMs. Second, identifying rhetorical devices often demands
specialized linguistic and contextual knowledge, posing a significant challenge in effectively incorporat-
ing such domain-specific knowledge into LLMs.

In this paper, we focus on leveraging LLMs to address the Chinese rhetoric recognition task. To bridge
the gap between the free-form generation style of LLMs and the structured output, we adopt a JSON-
based output format, following recent approaches that demonstrate LLMs are effective in generating
JSON outputs (Lee et al., 2023; Shorten et al., 2024). Furthermore, we translate the keys in the JSON
schema into Chinese, making the structure more aligned with natural language and thus facilitating the
models better reasoning and generation.

To effectively integrate domain-specific knowledge into LLMs for enhanced performance on the
rhetoric recognition task, we explore two data-efficient methods: Low-Rank Adaptation (LoRA) based
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Figure 1: An illustration of our methods.

fine-tuning (Hu et al., 2022) for open-source LLMs and in-context learning (Brown et al., 2020) for
close-source LLMs. Besides, we also investigate the combination of LoRA and in-context learning, i.e.,
augmenting predictions of LLMs after LoRA with additional in-context learning examples.

We further explore several model ensemble strategies to boost overall performance. For rhetoric type
classification tasks, we employ a linear-weighted ensemble method. In the case of rhetoric component
extraction, we implement a simple yet effective fallback mechanism to handle scenarios where LL.Ms
fail to generate valid outputs, generally due to LLMs’ content safety restrictions or JSON parsing errors.

We conduct experiments on CCL 2025 Chinese essay rhetoric recognition evaluation task, which
includes three tracks, i.e., fine-grained form-level rhetoric type classification, fine-grained content-level
rhetoric type classification, and rhetorical component extraction. Our method achieves scores of 47.18,
54.03, and 39.94 on the three tracks, respectively. Our method ranks first, and outperforms the second
team by a large margin, demonstrating the effectiveness of proposed approach.

2 Task Formulation

In CCL 2025 rhetoric recognition evaluation task, given a paragraph in Chinese, P = {S1, S2,..., S},
where each S; denotes the i-th sentence in the paragraph. The goal is to detect all sentence subsets
S, C P, identify their fine-grained rhetoric type at the form- and content-level, and extract rhetorical
components like tenor and vehicle in a metaphor. An example is provided in Table 2, and the label sets
are listed in Appendix A.

Input: Sentence-1. =R TuE7EMISL, BEEX A BB EIGI0 R E TS - Sentence-2. flL/EE 14
FF o

Track-1 : Sentence-id: {1}.  form-level fine-grained type: [.Hi-BHi(Metaphor-Simile)

Track-2: Sentence-id: {1}.  content-level fine-grained type: FFii-SE7EY) HMgi(Metaphor-Concrete)
Track-3: Sentence-id: {1}. I AR (tenor)-F 4 (swathes of rice) g 2 (vehicle)-1 & E(tails of
dogs)  Miif(comparator)-1%(like)

Table 1: Example of expected outputs for Track-1, Track-2, and Track-3.

3 Methods

Followed recent works (Jinwang et al., 2024; Lai et al., 2025), we investigate LoRA and in-context
learning methods, and jointly train the three tasks. The framework is shown in Figure 1.
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3.1 JSON-format Output

As demonstrated in Table 3.1, we organize the outputs in JSON format, and translate all keys into Chi-
nese. We avoid using numerical representations in the output, like Sentence IDs and conjunctionBeginldx
in the original annotation. For some fields that may have multiple strings, such as tenor, we use the spe-
cial symbol & to concatenate discontinuous rhetorical components into a single string. These strategies
aim at aligning the JSON content more closely with natural language. We argue that making the JSON
format more closer to natural language can better leverage LLMs’ generation ability. We recover these
information from LLMs’ predictions during post-processing (see §3.4).

Notice that the JSON-formatted output is used for joint training of the three tracks. Annotations from
these tracks are integrated using heuristic rules, with only a minor portion (less than 10%) requiring
manual intervention. We argue that under joint learning manner, LLMs can integrate information from
three tracks, thus making better decisions.

Inputs : RV T7ER S, BE XA EHBEGME DRSS9 0 .

Original Annotation: Sentence ID: 1, rhetoric: HoMr,  form: BAMG, content: SEXEY), conjunc-
tion: [1%4], conjunctionBeginldx:[16], conjunctionEndldx:[16], tenor:[f%], tenorBeginldx:[21],
tenorEndIdx:[22], vehicle:[1E E], vehicleBeginldx:[17], vehicleEndIdx:[19]

JSON output + translation: [{“NZ B “HEHNuERL, BEX A HBEGME D
4o 7, BEEFE <o, <TEN_ERABRL AR 2R <BAM, <IN L RO B ABERE 4 2 <5
P, WA G, A R, R RET)

Table 2: An Example for the JSON-format output.

3.2 Training and Testing Format for LoRA

The training and testing data for LoORA fine-tuning are formatted as single-turn dialogues that include
a system prompt. The overall template is illustrated as follows. Within the system prompt (see Ap-
pendix B), we provide LLMs with explicit definitions of various rhetorical types and components, along
with illustrative examples. The user input consists of the raw document text without any modifications.
The model’s target output during training is the well-structured JSON-format response described in § 3.1.

{“messages™: [{“role”: “system”, “content”: SYSTEM PROMPT}, {“role”: “user”, “content”: INPUT
DOCUMENT }, {“role”: “assistant”, “content”: JSON OUTPUT}]}

3.3 Example Demonstration for In-context Learning

Following prior works (Luo et al., 2024; Lai et al., 2025), we investigate a similarity-based method for
selecting and ordering in-context examples. Given a test instance, we select the top- k£ most similar
instances from the training data to serve as the demonstrations. The more similar a training instance is
to the test instance, the closer it is placed to the test instance.

Specifically, the similarity between instances is computed as the cosine similarity between their doc-
ument embeddings. The input and output formats of demonstrated examples are consistent with those
employed in LoRA fine-tuning (§3.2). Our pilot study reveals that more complex query designs for test
instances generally lead to a degradation in performance. Consequently, we opt to simply use the in-
put document of the test instance as the query for LLMs. The organization of the query for in-context
learning is illustrated as follows:

[{“role”: “system”, “content”: SYSTEM PROMPT}, {“role”: “user”, “content”: INPUT DOCUMENT;},
{“role”: “assistant”, “content”: JSON OUTPUT;}, ... , {“role”: “assistant”, “content”: JSON
OUTPUTL}, {“role”: “user”, “content”: INPUT DOCUMENTgst }]

Considering that the coarse-grained rhetoric labels are inconsistent across the three tracks (see Ap-
pendix A), we also explore a strategy that separates the shared labels from the track-specific ones.

Proceedings of the 24th China National Conference on Computational Linguistics, pages 220-232, Jinan, China, August 11-14, 2025.

(¢) Technical Committee on Computational Linguistics, Chinese Information Processing Society of China 9299



Computational Linguistics

Specifically, the four coarse-grained rhetoric types (metaphor, personification, hyperbole, and paral-
lelism), which are present in all three tracks, are trained jointly, while the remaining four are trained
separately. This approach is denoted as SEPA, and we denote the approach that jointly trains all rhetoric
types as JOIN. We argue that this strategy brings two key advantages: it shortens the context length
during in-context learning, and enhances the consistency of the output format across all rhetoric types.

3.4 Post-processing

We design a series of post-processing strategies to adapt the raw outputs generated by LLMs into
evaluation-ready predictions. First, we employ Python’s built-in eval function to parse the model out-
puts. For parsing failures, we assume that the model does not predict any rhetorical device. To determine
the scope of each predicted rhetoric device, a sentence S in the input document is considered as part of
a rhetorical structure if the length of the longest common subsequence between the predicted [N %% A
B (see Table 3.1) and S is at least 0 = max (5, length (S) x 0.6). If the coarse-grained rhetoric type
is missing from the output, the corresponding prediction is discarded. When the fine-grained rhetoric
type is absent, we assign the most frequently occurring fine-grained type associated with the predicted
coarse-grained type from the training data as a fallback. For rhetorical component extraction, we ex-
tract the longest common substring between the predicted component and the selected sentences, and
simultaneously derive its start and end positions accordingly.

3.5 Model Ensemble

For the rhetoric type classification task, we adopt a linear-weighted ensemble method. Let
{Mi, My, ..., My} denote the set of m base models. The ensemble score indicating whether a sen-
tence subset S, C P contains a specific rhetoric type Ry, is computed as follows:

m
Score(Sy, Ry) = Z pos, - I;(R:) — neg, - (1 — I;(Ry)))
=1

where I;( R;) is an indicator function that equals 1 if model M; predicts that S, contains rhetoric Ry,
and O otherwise. pos; and neg, represent the positive and negative weights assigned to model M;,
respectively. In our implementation, we simply set neg; = pos, for all models. A prediction is made if
the Score(S,, R;) exceeds a predefined threshold 6.

In the case of rhetoric component extraction, where model ensemble cannot be directly applied, we
implement a fallback mechanism. Specifically, given a sequence of models { My, My, ..., M,,}, the
prediction from model M; is utilized if and only if all preceding models My, ..., M;_; have failed to
produce valid outputs. This is generally due to content safety restrictions of LLMs or JSON parsing
errors.

4 Experiment

4.1 Experimental Setups

We conduct experiments on CCL 2025 rhetoric recognition evaluation dataset. The training set comprises
50 instances, while the blind test set contains 37,459 instances. Evaluation metrics involve the F1 scores
for coarse- / fine-grained rhetoric classification, the F1 score for extraction of rhetoric components, and
the intersection over union (IoU) score of sentence IDs. For more details, see Appendix A.

We use Qwen 2.5 72B (Yang et al., 2024) as backend for LoRA and trained for 24 epochs (marked as
M ora). For further details, see Appendix D.

For selecting and ordering the in-context examples, we use text-embedding-v3! provide by Alibaba
for document embedding. The vector indexing is implemented with ChromaDB?. The model names and
detail settings are listed in Table 4.1. INSTRUCT denotes that additional instructions are used for test
instances.

"https://developer.aliyun.com/article/1567334
https://pypi.org/project/chromadb/
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Name Backend Model Detail Settings
MiorA-1 Miora k =20, JOIN
Myora-2 MyorA k=0, JOIN

My Qwen-max k =50, SEPA
Mo Qwen-long k = 50, SEPA
M3 Qwen-long k = 20, JOIN
My Qwen-long k = 32, JOIN, INSTRUCT

Table 3: Different model settings.

Teams Track-1 Track-2 Track-3 Avg.
ours 47.18 54.03 39.94 47.05
BLCU 43.47 51.71 38.27 44.48
YNU 40.30 52.23 26.25 39.59
official baseline 43.68 51.14 37.48 44.19
Single Model-1 (smaller k) 41.88 (M3) 51.05 (M3) 37.07 (MvLorA2) -
Single Model-2 (larger k) 45.23 (My) 52.52 (My) 39.39 (MioraA-1) -
Fallback Strategy 45.24 (Mg.1) 52.58 (ME.1) 39.94 (Mr.o) -
Ensemble Strategy 47.18 (Mg.) 54.03 (Mg.) - -

Table 4: Results of the official ranking list and some ablation settings. The details of our models are
elaborated in Table 4.1 and § 4.1.

For track-1 and track-2, the ensemble model Mg, uses Mi, Ms, M3, My with pos; =
[0.4,0.4,0.2,0.1] for track-1 and pos; = [0.5,0.4,0.3,0.2] for track-2. 6. = —0.5 for track-
1 and 6. = —0.6 for track-2, respectively. We also implement a model Mp.; using the fallback
mechanism with My, Ms, Ms, My. For track-3, the model Mg, uses the fallback mechanism with
My ora-1, Miora-2, M3, My.

4.2 Results

The main experimental results are shown in Table 4.1. Our best method outperforms all other teams and
the official baseline on all the three tracks. The average performance is 2.57 higher than the second team.
This result demonstrates the effectiveness of our methods.

The ablation results in Table 4.1 are obtained from the official leaderboard® as well. Since the leader-
board only show the performance of the best model per submission (generally, per day), we are unable
to report the performances of all models on all tracks.

According to the ablation results, more in-context learning examples (50 v.s. 20) and better backend
model (Qwen-max v.s. Qwen-long) bring improvement on track-1 & track-2 (M; > M3). Interestingly,
after LoRA fine-tuning, even the training loss is zero, incorporating 20 in-context learning examples still
results in 2.32 improvement on track-3 (Mpora.1 > Miora-2). Without ensemble strategies, our singe
model (the Single Model-2 line, M7 & M ora.1) also outperforms the second-place team on all three
tracks by 1.76, 1.81, and 1.12, respectively.

Fallback strategy brings more improvement on track-3 compared to track-1 & track-2. This is because
the open-source LLM (Qwen 2.5 72B) has higher JSON parsing failure rate than the close-source LLM
(Qwen-max). Therefore, using the fallback strategy to deal with JSON parsing failure cases is more
important. The ensemble strategy (Mg.;) further improves performances on track-1 & track-2 by 1.94
and 1.45, respectively, obtaining the best results.

5 Conclusion

In this paper, we explore how to leverage LLMs to solve the Chinese rhetoric recognition task. With both
open-source and close-source LLMs, we investigate a series of strategies including LoRA, in-context
learning, and model ensemble, and provide empirical results. We argue that making the JSON outputs

*https://github.com/cubenlp/CERRE-2025CCL/
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more closer to natural language can better leverage LLMs’ generation ability, and in-context learning
examples still offer benefits even after LoRA fine-tuning. Our methods achieve an average score of
47.05 on CCL 2025 Chinese essay rhetoric recognition evaluation task, obtaining the first place on all
three tracks. This result demonstrates the effectiveness of our methods.
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A Dataset

The label sets and statistics of the training data are shown in Table 5 and Table 6, respectively.

Table 5: Label sets for Track-1 and Track-2, and the component list for Track-3.

Track-1 : HCMgy (M, HEWET, (&), ELIU(44 1A, Bhid], FE49A), SoR(EHES K, [RIESIK), HEHL
AEE, AT HELL), RE(FIFRRE, EEERE), WR(FEERE, FEAER), RIFE A RR, AR
[A]), ZRGERE, B

Track-2 : WHICEAEDY), 201, R ML), HWHIGUA, UY), S5RA RSk, 4055k, Bars
iK), HEELCGRAN, R ER, #it)

Track-3 : [I-BAMT (AR, Mafk, Wid) | Pomp-memey AR, modk) | bera-fEm (k)
Fl (RSOUROHFAE, HOPIRORTR) | Zak (S9RkeO%TER, S5Ra9HELL) | L (HEELR)

Table 6: Statistics of the training data

statistics of the raw training set :

total number of training instances: 50

total number of fine-grained rhetoric devices: 63 (content-level), 105 (form-level)

total number of rhetoric component: 145

average character number per instance: 98.3

average sentence number per instance: 3.7

numbers of each rhetoric device in the training set:

form-level: FVIgT(BAMG 20, IS M6, fE0:6), ELIL(4Z A3, BhiAl:11, FTE2¥1A:2), Sk(BEHES5K 7, A
E5K:2), HEH (B HELL:3, A FHEL:3), RE(AIFE R E:10, #EL R E 1), X R(R1EEE:6, [FIEA
T :2), RF(BR A A]:3, BAIRIA:D), FEIROER: 1, ER:18)

content-level: FLRGI(SEZEYD:24, BH1E:3, THEMEE:S), HLHIAEUA:N3, fUH:3), S5k@ KS5K:8, 46
NER: L, BRTETK:0), HEHLGFAI:S, Hi%:0, #it:1)

Evaluation Metrics of Track-1: The evaluation score S; is composed of three parts: F1 score
of coarse-grained rhetoric type classification, form-level fine-grained rhetoric type classification, and
rhetorical sentence group localization. The specific calculation methods are as follows:

Fy = 0.3 x F{™©¢ 4 0.7 x Fo™
S1 =03 xIoU+0.7 x Fy

Here, Fhetoric and o™ represent the Fy scores for coarse-grained and form-level fine-grained rhetor-
ical types, respectively. IoU denotes the intersection over union value for rhetorical sentence group
localization.

Evaluation Metrics of Track-2: The evaluation score Sy is composed of three parts: F1 score of
coarse-grained rhetoric type classification, content-level fine-grained rhetoric type classification, and
rhetorical sentence group localization. The specific calculation methods are as follows:
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F1 = 0.3 x Flrhetoric +0.7 % Ffontent
So = 0.3 x IoU+ 0.7 x Iy

Here, Fetori¢ and Feonent represent the F scores for coarse-grained and content-level fine-grained
rhetorical types, respectively. loU denotes the intersection over union value for rhetorical sentence group
localization.

Evaluation Metrics of Track-3: The evaluation score S3 is composed of four parts: the F1 scores
of conjunctions, tenors, vehicles, and rhetorical sentence group localization. The specific calculation
methods are as follows:

F = % % Flconjunction + % « Fltenor +% % Flvehicle

S3=0.3 x IoU+ 0.7 x I}

j ti 3 . . .
Here, Ff ofgunchion F{enor, and FlVehICIe represent the F) scores for conjunctions, tenors, and vehicles,
respectively. IoU denotes the intersection over union value for rhetorical sentence group localization.

B System Prompt

The system prompt is shown below, which is used in both LoRA and in-context learning. Within the sys-
tem prompt, we provide LLMs with clear definitions of rhetorical types and components, accompanied
by illustrative examples.

IR — AR FE R NS, ERT BN A UERERIR A, -
UM Z8MERFRALE L, A EENE LARE SR, DINEG . (RT3, HHE
g RIEE -

1. Moy
W E T — Y RS — Y, REER A FEBERBRETFE-
T2 b B 42K

o PN PARROAAR - AT AR R -
ZB: R L, BEX A EER R MEEAES, ORI BRI
— ARG, WMACERMER, RiAEg.

o WM ANEERAERR AR SRR KR -
SR i (A R B — AR B, MR R, AL TRIRG & A

o fEl: PR LA, ol B R SO S R A
Hpl —EBTIEAER B — REEAR CUORRERE, il ENSTEN) | Wik
EBT); (RN R, R REEERS S

A AOAIRL R 5p 2K -

o SLEY): W REFNYIREEIS -
Pl —EBTEHAER B — R ARIEEE, BTSED.

o« SO1E: W R EAARRIBIE « 17 e .
ST RIFER—ANE , RBUE T AESAE), 380 7 REMRSr — AEEWA, W
PORRGE T BRI, BT BRI, BT EME

o B 3P RN ERREAH I S -
R I AR e — AR E], EiAREE, BTHMRME .

2. el
FLALUR 8 i T AN AN BRFIE 54T 0 s T 37— S5 DL A SR R e 54T R SR
B R — B RE %
T2 R o 2
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° ﬁESiiﬂ:
R FHEXEATT A, KAEEA - - RS B UL B E R AR %
i (EA)
° iﬁ]iiﬂ:
R HREAKNFI, BOESRRCWEHART, BEHE Ll TILFEILEIL. -
PRI G ) LR JLEIAT - HUAURFAE: W1 AT
«
ZEB. WIKBLRSE, BRLVE. - XS BI7K- FUUAFAE: (AR A\ BT 21
(RZE -~ %)
INZE E BRI 432K -

® ?UJ\
R WOKBERIBFE, BREZVE. - WIS WK ELIIRFE: 1R ZiF, BT A
R IE

o )

P BEFFNFEI, BRERBOEENR T, BEEWH TILFHEILIEIL. -
EEA G ) LR LRIAT - FEURRAE: AR AR TWHIRY, T CHAEY), Prils Tl
|

3. Bk
SRR T AR AR B A N B R P SR SR R AR .
T R B o 2

« BEEEIK: EERNEYRNED TSR -
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9. ITHER
BOF L L8R R BT T4 -

C In-context Learning Prompt

An illustration of in-context learning prompt is shown bellow. Here, we assume that:

sim(INPUT DOCUMENTY, INPUT DOCUMENTrgst) < sim(INPUT DOCUMENTs,
INPUT DOCUMENTrgst) < ... < sim(INPUT DOCUMENTg, INPUT DOCUMENTrgsT)
where sim/() is the text similarity function.

[{“role”: “system”, “content”: SYSTEM PROMPT}, {“role”: “user”, “content”: INPUT DOCUMENT;},
{“role”: “assistant”, “content”: JSON OUTPUT; }, {“role”: “user”, “content”: INPUT DOCUMENT>},

{“role”: “assistant”, “content”: JSON OUTPUT2}, ... , {“role”: “user”, “content” INPUT
DOCUMENT }, {“role”: “assistant”, “content”: JSON OUTPUT}, {“role”: “user”, “content”: INPUT
DOCUMENT g5t }]

D LoRA Setup Details

We use Qwen 2.5 72B (Yang et al., 2024) as backend for LoRA. The model is trained for 24 epochs with
batch size of 16, i.e., the training has 75 steps in total. A linear learning rate scheduler is utilized with
peak learning rate of 3e-4. The 5% of the total training steps are used for warm-up. Weight decay is 0.01.
For LoR A-specific configurations, the rank value is 8, the alpha scaling factor is 32, and the dropout rate
is 0.1. All eligible layers within the model are applied LoRA method. We implement the method with
Alibaba cloud model studio.

E Error Analysis

Because only 50 instances exist in the training set, without annotated validation data, it is unrealistic to
obtain statistically meaningful misclassifications analysis. We calculate the error rates of no output errors
(due to LLMSs’ content safety restrictions), JSON parsing errors in Table 7. We also show the numbers of
rhetoric predictions where the coarse/fine-grained rhetoric types are not in the corresponding label sets.

We can see that the error rates are much high for M (Joint Training Part) than M; (Trace-1-only Part),
we think it is because in the latter setting, the task is easier and the prompt is more concise. Comparing
Miora-1 and My ora-2, we find that the no output rate and the JSON parsing error rate is much lower
for My ora2. Without in-context learning examples, the data format in inference is more consistent to
that during training, which improves the success rate of generated output formats. However, without
in-context examples, My ora-2 tends to generates more rhetoric types that are not exists in the label sets,
thus degenerate the performances.

We further demonstrate some JSON parsing error cases in Table 9.

F Cost Analysis

We report the cost for model training and inference in CNY in Table 8. My ora is the model after LoRA
fine-tuning, serving as the backend model for My ora.2 & Miora-1. For M7, we only report the inference
cost for the joint training part, which is the most expensive part of Mj.

Proceedings of the 24th China National Conference on Computational Linguistics, pages 220-232, Jinan, China, August 11-14, 2025.

(¢) Technical Committee on Computational Linguistics, Chinese Information Processing Society of China 230



Computational Linguistics

Table 7: Statistics of inference error rates. The details of our models are elaborated in Table 4.1 and

§4.1.
model name No Output JSON Pars- # Wrong # Fine-
(%) ing Error Coarse- grained Type
(%) grained Type
Miora-1 0.15 1.20 428 5
M ora-2 0.05 0.47 1024 4
M; (Joint Training Part. Rhetoric 0.07 1.19 358 3

types: metaphor, personification, hy-

perbole, and parallelism)

M7 (Trace-1-only Part. Rhetoric types: 0.01 0.07 1 0
rhetorical question, hypophora, repeti-

tion, synesthesia)

Table 8: Cost for model training and inference (CNY). M ora is the Qwen 2.5 72B model after LoORA
continue-training. My ora2 is the inference model with Mjora, joint setting with all rhetoric types,
without in-context learning example. Mjora-1 1S similar to My ra.2, but incorporating the in-context
learning strategy, with in-context example number k£ = 20 and similarity-based example selection and
ordering strategies. M is an in-context learning based inference model, with Qwen-max as the backend
model, in-context example number £ = 50, and the similarity-based example ordering strategy, focusing
on the joint training part (see § 3.3).

model name train cost inference cost price per million tokens
Miora 460.36 - 150

Myora-1 - 1187.66 4(input), 12(output)
MiorA2 - 430.50 4(input), 12(output)
M; (Joint Training Part. Rhetoric types: metaphor, - 1083.42 2.4(input), 9.6(output)

personification, hyperbole, and parallelism)
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Table 9: Case study for JSON parsing error.

model : MLoRA—l

content: "["NZ B 7 GRS IE B AEIG? 2 MERETIE: IR, IR E AR E B R
gr38 P ELA] R A7)

error type: erroneous predicts ” (\u0022) as ” (\u201d) .

model : MLORA-I

content: ["NZ B "IN, B— DIV B E WA, ol <EHAEEE. K
WHEEE - BT R BA/NERT . 7, ERETIE e, TR BRI B R 9 28 HE T,
PN L AHIDRL B R 3 3870 SR, AR B S, IR VB, TN B
B v BR, B—DVNahE BEEN A Y, AR CHAEE . KIFREE . KT
A NERF - 7, MERETIE: CHER, TR B ROARLEE B R o> 2 U HERL, A LRI
KLEEERE > K7 »FEF, ~HEHLIR: ~h), "N R B R RIIE T, B E R — DA A
" B AL 7, ERETIE e, TR BRI B RE Sy 28 I, A AV B
HEI IR PSR, AR R B, I A — AT R " R E A

error type: multiple errors in generating quotation marks.

model : M; (Joint Training Part. Rhetoric types: metaphor, personification, hyperbole, and parallelism)
content: X B FHH —EIEEMPIF R, (HL 2P NP HE| —EREF L. DI EES
HEEE T

1. o
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