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Abstract

Idiomatic Expression Generation, which aims
to produce idiomatic text from plain text, is a
valuable yet challenging NLP task. However,
existing methods suffer from the scarcity of
parallel data and dependence on high-quality
manual annotations. To address this, we pro-
pose an iterative LLM-SLM (Large Language
Model-Small Language Model) collaborative
framework—Auto-IDEA, that replaces human
supervision for idiomatic expression data gen-
eration. In this self-improving cycle, the LLM
constructs parallel corpora (idiomatic and plain
text) via bidirectional semantic reconstruction,
automatically generating “Locate-Then-Polish”
(LTP) annotations; the SLM filters low-quality
corpora while continuously enhancing its verifi-
cation ability through incremental learning. We
instantiate Auto-IDEA for Chinese Idiom Pol-
ishing (CIP), constructing CIP-200K, a large-
scale dataset of 206K parallel sentences with
LTP annotations. The Qwen3-8B fine-tuned
on CIP-200K achieves a 25.2% absolute Idiom
Polishing Accuracy (IPA) improvement over
a supervised fine-tuning (SFT) baseline, out-
performing DeepSeek-R1 by 6.2%. Extensive
experiments (e.g., Chinese idiom cloze tests
and English idiom generation tasks) and hu-
man evaluations verify the generalization and
effectiveness of Auto-IDEA, demonstrating a
new pathway for high-quality, annotation-free
data generation through LLM-SLM collabora-
tion.

1 Introduction

Idiomatic expressions (e.g., “break the ice”) are
cornerstones of fluent communication. The task of
Idiomatic Expression Generation—generating
text containing idioms—is valuable for writing
enhancement, language learning, and culturally-
aware NLP (ERDAGI, 2024; Zahara and Ekawati,
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Text:
RS TR BENEE, BEFEEFD.
(He won the championship of the match and felt very happy.)

Step 1: “Locate” the span
RBRZJEE FF L (felt very happy)

| o

Step 2: “Polish” the text

* G5 %
LT @Y BHERFL > RESE
(feel very happy = ecstatic)
Polished Text:

RS TXRLENEE, REHIE-

(He won the championship of the match and was ecstatic.)

Figure 1: An example of the Chinese idiom polishing
task, which needs to follow the reasoning process of
“Locate-Then-Polish (LTP)” to ensure that the polishing
task is precise and efficient.

2025). However, it demands deep cultural under-
standing, which makes acquiring parallel training
data difficult and evaluating quality challenging.
Consequently, existing approaches often rely on
manual annotation or are limited to selection-based
tasks rather than open-ended generation (Ri et al.,
2023; Garate Rodas and Palacios Alvarado, 2025).

Considering the cultural differences among vari-
ous languages, we focus on Chinese Idiom Polish-
ing (CIP) as arigorous and representative task. Chi-
nese idioms are conventionalized four-character ex-
pressions rich in cultural allusions, demanding ex-
ceptional semantic and cultural precision for proper
use. We formulate CIP as a “Locate-Then-Polish”
(LTP) process (as shown in Figure 1), which re-
quires the model to first locate the span within a
sentence that can be polished (e.g., “/E&&/| 3 I
i, felt very happy™), then select a contextually and
culturally apt idiom (e.g., “iK =& 1E, ecstatic™),
and seamlessly rewrite the text. While this explicit
LTP formulation effectively decomposes the com-
plex generation task, it creates a dependency on
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large-scale parallel data with LTP annotations. The
core problem thus crystallizes: how to automati-
cally generate such annotated data at scale to train
models capable of this sophisticated reasoning?
To overcome this bottleneck, we propose Auto-
IDEA, a novel unsupervised framework that gen-
erates high-quality idiomatic expression LTP an-
notations through iterative collaboration between
a Large Language Model (LLM) and a Small Lan-
guage Model (SLM). Auto-IDEA establishes a self-
improving cycle: an LLM acts as the generator
and annotator, producing diverse candidate sen-
tences and, crucially, automatically deriving the
corresponding LTP chain (i.e., the location and the
idiom substitution) through bidirectional semantic
reconstruction. The SLM serves as an adaptive
verifier, filtering noisy candidates and undergoing
incremental learning on the curated data. This pro-
cess progressively refines the SLM’s verification ca-
pability, closing the loop. Their collaboration elim-
inates the dependency on manual annotation while
autonomously producing both the training data and
the precise supervisory signals (LTP chains) needed
to teach models the underlying reasoning.
Leveraging Auto-IDEA, we construct CIP-200K,
a large-scale dataset for Chinese Idiom Polish-
ing comprising 206,342 high-quality parallel sen-
tences, each annotated with its LTP chain. Experi-
ments on three mainstream LLMs (Qwen3, Llama3,
GLM4) demonstrate that LTP fine-tuning signifi-
cantly enhances their performance on CIP tasks.
Notably, Qwen3-8B achieves 64.2% accuracy, sur-
passing DeepSeek-R1’s performance. Furthermore,
more extensive task experiments and comprehen-
sive manual evaluations have demonstrated the gen-
eralization and robustness of this work. The main
contributions of this work are threefold:

* Novel Framework: We propose Auto-IDEA,
an iterative LLM-SLM collaborative frame-
work that generates high-quality parallel data
with LTP annotations autonomously, elim-
inating the need for manual supervision in
idiomatic expression generation.

* Benchmark Dataset: We release CIP-200K,
the first large-scale LTP-annotated dataset for
Chinese Idiom Polishing, which provides a
valuable benchmark for future research.

* Performance improvement: Extensive ex-
periments demonstrate that models fine-tuned

on CIP-200K achieve new state-of-the-art per-
formance, surpassing the DeepSeek-R1 and
proving the critical value of LTP annotation
for idiomatic expression generation tasks.

2 Related Work

2.1 Idiomatic Expression Generation

Research on idiomatic expressions has long fo-
cused on comprehension tasks, such as cloze-style
tests in the Chinese Idiom Dataset (ChID) (Zheng
et al., 2019). While progress has been made via
knowledge integration (Long et al., 2020; Wang
etal., 2021), representation learning (Tan and Jiang,
2021; Sha et al., 2023), and contrastive learn-
ing (Wu et al., 2024), the more challenging id-
iomatic text generation task remains underexplored.
Prior work related to generation includes idiom-
aware machine translation (Shao et al., 2018; Li
et al., 2024), paraphrase generation (Qiang et al.,
2023) and other tasks (Wang et al., 2025; Wong
et al., 2010; Pintado and Fajardo, 2021), all of
which still rely on limited parallel data. The core
bottleneck for open-ended idiomatic expression
polishing is the lack of large-scale datasets with
explicit supervision—a gap our work directly ad-
dresses by generating data with LTP annotations.

2.2 LLM-SLM Collaborative Mechanism

Collaboration between LLMs and SLMs has
emerged as a promising paradigm to tackle data
scarcity (Tan et al., 2024; Panchbhai and Pankanti,
2021; Chen et al., 2025). The typical synergy in-
volves using an LLM for draft generation or knowl-
edge expansion, and an SLM for domain-specific
refinement or validation (Zhang et al., 2024), as
seen in scientific literature analysis (Li et al., 2025),
code optimization (Luo et al., 2025), clinical de-
cision support (Bao et al., 2023), and legal text
processing (Yue et al., 2023). Frameworks like
FreeAL (Xiao et al., 2023) further explore using
SLMs to guide LLMs annotation actively. Differ-
ent from these works which often aim to filter or
enrich existing data, our Auto-IDEA framework
leverages the LLM-SLM loop for a more founda-
tional goal: the unsupervised creation of a large-
scale, reasoning-annotated dataset from scratch for
a novel generation task.

3 Methodology

We instantiate the Chinese Idiom Polishing (CIP)
task through Auto-IDEA. In Figure 2, Auto-IDEA
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Figure 2: Overview of Auto-IDEA. In each loop, LLM (yellow) and SLM (blue) collaborate in four stages in
sequence. (a) LLM generates idiom examples; (b) SLM filters correct expressions; (c) LLM constructs parallel
corpus via semantic reconstruction; (d) SLM performs secondary filtering and enables incremental learning. Correct
output forms a high-quality parallel corpus, while incorrect output (red arrows) triggers a regeneration generation

loop. Subgraph (e) shows a parallel corpus item (orange).

operates through an iterative, four-stage collabo-
ration between the LLM and SLM. Starting from
a raw idiom lexicon, this closed-loop pipeline au-
tonomously generates high-quality parallel corpora
annotated with LTP chains by LLM, while simul-
taneously enabling the SLM to self-improve its
validation capability.

3.1 Stage 1: Style-Guided Diverse Idiom
Examples Generation

To overcome output homogeneity in conventional
generation, we implement a style-guided prompt-
ing framework. Beginning with an idiom dictio-
nary V = {v1, ..., v}, we define a style template
S ={s1,..., sy} covering diverse usage scenarios
(as shown in Figure 2 (a)). For each idiom v; € V,
we generate multiple examples by associating each
with a distinct style s; € S.

Let p be a task-descriptive instruction to explain
the generation objective, and e;; denote the exam-
ple generated for idiom v; under style s;. We define
two core probability terms:

* P = P(eij | vi, 5, p): the probability of
generating the specific example e;;.

« PP = P(s; | 5<;,S): the probability of
sampling style s; given previously assigned
styles, which enforces a uniform distribution
without replacement.

The joint probability of generating the complete
example set £ = {e;;} is therefore:

V1S

TPy,

i=1j5=1

P(E|V,S,p) P (1)

where & = {e;; | 1 <i < |V|,1 < j <|S]}isthe
complete set of generated examples over idiom set
V.

The style sampling distribution PStyle = P(sj |
s<j,S) ensures each style is used once per 1d10m:

iijES\{Sl,...

otherwise

1

pstvle — JIS=j+1  8j-1}
! 0
. 2

style . .
where ) s;€8 P; o= '1.. 'Thls mechanism pre-
vents redundancy in the initial corpus Degzqm, and
guarantees comprehensive coverage of all styles
for each idiom. In Appendix A, we introduce the

prompt engineering for generating idiom examples.

3.2 Stage 2: Adaptive Example Filtering

The incrementally trained SLM acts as a valida-
tor to filter the LLM-generated candidate exam-
ples Degam = {(€ij,vi)} (see Figure 2 (b)). For
each candidate pair (e;;, v;), the SLM performs bi-
nary validation, predicting a label g;; € {+1, —1}
(where +1 denotes correct idiom usage, and —1
denotes incorrect usage). The decision is based on
an adaptive threshold 7(¢):

" +1

if Py =+1|eij,v;0,) > 7(t),
Yij =

—1 otherwise,

3)
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where P(y = +1 | €;5,v;;6;) is the SLM’s confi-
dence score at iteration ¢ with parameters 6;. The
threshold 7(¢) decays exponentially across itera-
tions:

T(t) =70-7", (170=0.85v=09). @
This decaying schedule ensures stringent filtering
in early rounds and progressively relaxes the crite-
rion as the SLM’s validation capability improves
through incremental learning.

The set of examples retained after filtering in
iteration ¢ is:

Degam = {(eij, vi) | 9ij = +1} . (5)

This curated set D27 proceeds to Stage 3 for
parallel corpus construction.

3.3 Stage 3: Bidirectional Reconstruction and
LTP Annotations

This stage takes the filtered idiom examples D7
as input and employs the LLM to perform bidirec-
tional semantic reconstruction (see Figure 2 (c)).
The core objective is to generate a high-quality
parallel corpus where each pair is equipped with
an explicit LTP annotation, providing the granular
supervision signal required for training.

For each validated example (e;;,v;) € D&orn,
let L(-) denote the log-probability score from the
LLM. The bidirectional reconstruction proceeds in

two steps:

* De-idiomatization: The LLM generates a
plain (idiom-free) version e * from the id-
iomatic sentence e;;. The generatlon follows:
P( pla | ezg) exp( ( | €ij, ¢free))
Where @ free 1s the 1nstruct10n for generating
text without idioms.

* Re-idiomatization: The LLM then recon-
structs an idiomatic sentence e;7“ from the

. . 1 .. .
plain version e‘fja, conditioned on the orig-
rec

inal idiom’s difficulty level r(vi): P(es

ij
ef]la) o exp(L(efse | e  br(v)))> Where
Gr(v;) s the instruction for generating text us-

ing 1d10ms of difficulty r(v;).

The core innovation of this stage is the automatic
derivation of the polishing location by comparing
the three text versions. We algorithmically identify

the contiguous span in ep ¢ that differs from €],

defining the location Span; as a tuple of start and
end token indices (based on word segmentation):

Span; = (start_idx, end_idx) (6)

This index-based location Span;, together with the
rewrite idiom v;, forms the complete LTP anno-
tation LTP;; = (v;, Span;). It provides explicit,
token-level supervision for where to edit.

The direct output of this stage is the fully anno-
tated parallel corpus:

= {(epl-a erse vi,v;,Spani)}. @)

Dcorpus ij g o

The resulting LTP chain provides explicit super-
vision for the “locate-then-polish” mapping. For
instance, Figure 1 illustrates how a sample teaches
the model to locate the token span (12,17) and
replace it with “fik = % #£”. This token-level lo-
calization granularity is fundamental for enabling
autonomous learning of the LTP reasoning process.
Figure 2 (e) shows the simplified data sample in
CIP.

In Appendix A, we provide a detailed prompt
instructions @ free and ¢y.(,,)

3.4 Stage 4: Semantic Validation and
Incremental Learning

This final stage implements the closed-loop feed-
back mechanism crucial to Auto-IDEA (see Fig-
ure 2 (d)). It serves two purposes: (1) validat-
ing the quality of the parallel corpus Deorpus =

{(e? Jla, efj"’,vi, vy, Span;)} generated in Stage 3,
where v; denotes the idiom used in the reconstruc-
tion, and (2) incrementally training the SLM on
the validated data, thereby enhancing its ability to
guide the entire framework in the next iteration.
We perform a two-step validation on each candi-
date tuple, using the original target idiom v; from

Stage 2 as the gold reference:

* Exact Match: The sample is accepted if the
reconstructed idiom fu; is identical to the orig-
inal target v;:

Dezact
corpus

= {(,e%) | v; = v}, (8)

ij > g
* Fuzzy Match: For samples where v; % v,

we compute their semantic similarity using
the SLM’s embedding space:

Sim(v;, v,) = cos (h(vi), h(vi)> .9
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where h(-) is the embedding from the SLM.
Samples with a similarity score above a thresh-
old o are retained:

Dfuzzy

corpus

= {(e}}*, er°) | Sim(v;, v;) > o}
(10)

The final validated corpus combines these subsets:

— peract | Dfuzzy

corpus corpus

DCOT’

corpus

11D

The validated examples Do, in iteration ¢ then
drive incremental updates to the SLM parameters.
The model optimization follows gradient descent:

011 =0, — VoL (0 Do) (12)

where the learning rate decays exponentially across
iterations as n; = 19 - 3, B = 0.95, gradually
reducing update magnitudes as model performance
stabilizes.

Samples that fail both validation stages, denoted
as Df;ﬁfpus, are sent back to Stage 1 for regenera-
tion, creating a self-correcting loop. This closed-
loop mechanism enables continuous refinement:
validated examples augment the corpus while si-
multaneously enhancing the SLM’s validation ca-
pability through incremental learning. The updated
SLM then provides more accurate filtering in sub-
sequent iterations, establishing a virtuous cycle
that progressively improves both dataset quality
and model performance across multiple refinement
passes.

4 Experiments

4.1 Task Definition

Chinese Idiom Polishing (CIP) is a generative
task that refines a plain text into a more idiomatic
and stylistically enhanced version by substituting
appropriate spans with Chinese idioms. Formally,
the task requires a model to: (1) Locate one or
more candidate spans in plain text that are semanti-
cally compatible with idioms, and (2) Polish each
span with a contextually and culturally appropriate
idiom. This Locate-Then-Polish process distin-
guishes CIP from cloze-style idiom understanding,
as it demands autonomous reasoning without pre-
specified candidates or positions.

4.2 The CIP-200K Dataset

We conduct experiments on CIP-200K, a large-
scale dataset for Chinese Idiom Polishing generated
automatically by the Auto-IDEA framework. It

Data Split Train  Dev Test
Sentence pairs 136,342 20,000 50,000
Idioms 31,784 2,099 5,039
Text Characteristics All Dataset
Original Polished LTP
Avg. tokens 85.23 60.07 587.16
Avg. words 11.00  10.77  103.88

Table 1: Statistical properties of the CIP-200K dataset.

comprises 206,342 parallel sentence pairs, each an-
notated with an LTP chain. The dataset is split into
Training (136,342 pairs), Development (20,000
pairs), and Test (50,000 pairs) sets (see Table 1). To
rigorously evaluate generalization, 13% of idioms
in the test set are completely unseen during training.
To substantiate the reliability and richness of CIP-
200K, we present a multi-faceted analysis covering
its statistical properties, structural characteristics,
and expert-validated quality in Appendix B.

4.3 Baseline Models

We establish a comprehensive set of baseline mod-
els by systematically selecting state-of-the-art open-
source and proprietary LL.Ms. For open-source
models, we include three advanced architectures
with comparable parameter scales: Qwen3-8B,
Llama3-8B and GLM4-9B. For proprietary sys-
tems, we evaluate three leading commercial mod-
els: DeepSeek-R1, GPT-4 and Claude-4. For spe-
cific experimental settings and parameters, please
refer to Appendix C.

4.4 Evaluation Metric

We evaluate the task on the test set of CIP-200K.
During the evaluation process, we set the tempera-
ture parameter ¢ = 0.3, and limited the maximum
output length to 512 tokens. Our evaluation objec-
tive is the quality of the final polished sentences.
Besides using common evaluation metrics such as
PPL, STS, BLEU-4 and ROUGE-L, we also pro-
pose two evaluation metrics for idiom polishing
task as the main metrics: Idiom Polishing Accu-
racy (IPA) and Text Compression Ratio (TCR):

_ # Correct Idioms

IPA = 13

# Total Idioms (13)
Epolished

TCR=1- (14)
original
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Model Method CIpP ChID CINLID
IPAT TCR* STStT PPL| BLEU-47 ROUGE-LT ACCT ACCt
Base 0.1763 04176 0.8710 65.20 0.1945 0.0082 0.2601  0.6893
Llama3-8B  SFT 0.2573 0.6877 0.6124 60.50 0.4052 0.0485 0.2735  0.6577
LTP(ours) 0.4825 0.2424 0.9258 49.15 0.6124 0.3184 0.3017  0.7250
Base 0.3464 0.2279 0.8681 46.50 0.2032 0.0259 0.5220  0.7882
GLM4-9B  SFT 0.3208 0.3251 0.8133 52.80 0.2165 0.3002 0.5323  0.7896
LTP(ours) 0.5915 0.3004 0.9246 46.85 0.5587 0.7253 0.5998  0.8199
Base 0.1484 0.2910 0.8643 49.50 0.3045 0.0652 0.5835  0.7087
Qwen3-8B  SFT 0.3899 0.2877 0.7860 58.50 0.1925 0.0805 0.5988  0.7554
LTP(ours) 0.6415 0.2950 0.9321 39.32 0.7528 0.3854 0.6493  0.8396
Proprieta GPT-4 0.5060 0.0235 0.9873 39.52 0.8743 0.2165 0.6177  0.7922
Mpo delsry Claude-4 0.5525 -0.0125 0.9784 3847 0.8845 0.3725 0.8367  0.8589
DeepSeek-R1  0.5791 -0.1253 0.9521 40.25 0.8643 0.2425 0.6859  0.8277

Table 2: Model performance on Chinese Idiom Polishing Task. Yellow/blue shadows denote core polishing (IPAT,
TCRT*, STST) and generation metrics (PPL|, BLEU-41, ROUGE-L?) respectively. Orange indicates external
benchmarks. *TCR = 0.3 is optimal: values > 0.3 may cause semantic loss, while values < 0 indicate verbose
degeneration. Bold and underlined mark best/suboptimal results.

where the best effect is achieved when TCR is ap-
proximately equal to 0.3 (refer to the Text Char-
acteristics in Table 1). A TCR value that is too
large may lead to the loss of key information, while
a negative TCR value indicates that the polished
sentence is lengthier.

5 Results and Analysis
5.1

We conduct a comprehensive experiment on the
CIP-200K dataset with LTP annotations. Table 2
reveals that standard supervised fine-tuning (SFT)
on our generated data yields unstable and often
detrimental effects: while it may improve certain
metrics (e.g., Qwen3’s IPA from 0.1484 to 0.3899),
it frequently degrades semantic fidelity (e.g., STS
drops for all models), and can even harm core idiom
mastery (e.g., GLM4’s IPA drops from 0.3464 to
0.3208).

In stark contrast, our LTP fine-tuned models suc-
cessfully harnesses the valuable reasoning chains
to overcome these limitations, consistently and sub-
stantially outperforming both the base model and
the SFT baseline across every evaluation dimension
for all open-source models. This synergy demon-
strates (1) the utility of the structured supervi-
sion in CIP- 200K, and (2) the superior effec-
tiveness and robustness of the LTP fine-tuning
paradigm over conventional SFT for idiom pol-
ishing. We analyze the results from three primary
dimensions.

Main Results

(a) Core Idiom-Specific Capabilities (IPA,
TCR, STS). Our LTP strategy yields substantial
and consistent gains in core idiom mastery. Id-
iom Polishing Accuracy (IPA) improves dramat-
ically over SFT (+22.5 points for Llama3, +27.1
for GLM4, +25.2 for Qwen3), with Qwen3-LTP
(0.6415) surpassing GPT-4. For Text Compression
Ratio (TCR), LTP achieves near-optimal balance
(~0.3), avoiding the over-compression of SFT or
the verbosity of some proprietary models. Cru-
cially, LTP fully mitigates the semantic erosion
seen with SFT, restoring Semantic Text Similarity
(STS) to high levels (>0.92) for all models.

(b) Surface Generation Quality (PPL, BLEU-
4, ROUGE-L). LTP also enhances overall text
quality. It reduces Perplexity (PPL) substantially
compared to SFT (e.g., Qwen3-LTP: 39.32 vs.
SFT’s 58.50), even outperforming GPT-4. The
dramatic surge in BLEU-4 (Qwen3-LTP: 0.7528
vs. SFT’s 0.1925) confirms precise idiom localiza-
tion. Trends in ROUGE-L highlight model-specific
strengths in coverage or coherence, contrasting
with SFT’s frequent degradation of fluency (GLM4-
LTP: 0.7253 vs. SFT’s 0.3002).

(¢) Generalization to Downstream Tasks
(ChID, CINLID). The learned knowledge transfers
robustly. On ChID, Qwen3-LTP achieves 0.6493
accuracy (an 8.4-point gain over SFT). On CIN-
LID, it attains 0.8396 accuracy, surpassing GPT-4
by 5.97 points and approaching the top-performing
model. These gains confirm that LTP cultivates
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Figure 3: Performance analysis of the Auto-IDEA Framework during 20-round data generation, where the X-axis
represents the number of iteration rounds (a total of 20 rounds). Subfigure (a) tracks the growth of the generated
corpus size over training iterations; Subfigure (b) shows the pass rate of the Small Language Model (SLM) for two
key generation stages; Subfigure (c) depicts the downstream task accuracy of the SLM over iterations.

deep, transferable comprehension of idiomatic se-
mantics.

To validate that the automatic performance gains
translate into perceived quality, we conducted a rig-
orous human evaluation comparing Qwen3-LTP
against Qwen3-Base and the strong proprietary
model DeepSeek (full protocol in Appendix D).
Evaluators rated Qwen3-LTP highest in Over-
all Quality (4.34/5), and notably in the core di-
mensions of Idiomaticity (4.35) and Concise-
ness (4.28). This human judgment confirms that
LTP fine-tuning yields not only superior automatic
scores but also generates outputs that are perceived
as more authentic and effective by native speakers.

5.2 In-depth Analysis

We analyze the internal dynamics of Auto-IDEA
across 20 iterations to validate its self-improving
nature. Tracking corpus growth, SLM validation
pass rates, and the SLM’s own downstream ac-
curacy reveals a synergistic co-evolution of data
quality and model capability.

(a) Auto-IDEA is an adaptive and scalable
data generation framework. As shown in Fig-
ure 3 (a), the validated corpus size plateaus after
iteration 10, reaching 206,342 samples. Crucially,
lower-difficulty samples (Level 1-3) saturate early,
while the peak growth rates for higher-difficulty
samples (Level 4-5) are delayed, occurring sequen-
tially around iterations 10 and 14. This demon-
strates that SLM incremental learning effectively
shifts the framework’s focus toward increasingly
challenging instances, enabling difficulty-aware
corpus expansion without external intervention.

(b) The SLM’s filtering mechanism facilitates
generation of higher-difficulty, higher-quality
data. Figure 3 (b) shows that the SLM’s validation
pass rates for both idiom generation and parallel
corpus reconstruction increase through iteration

Model Stage 2 Stage3 Stage4 IPA (%)
Auto-IDEA v v v 45.68
Variant 1 X v v 41.96 (43.7)
Variant 2 v X v 32.12 ({13.6)
Variant 3 v v X 43.03 (42.7)

Table 3: The Ablation Study of Auto-IDEA Frame-
work. Variant 1 excludes the adaptive example filtering
in Stage 2, Variant 2 removes the CoT construction in
Stage 3, and Variant 3 disables the closed-loop semantic
verification in Stage 4. v' = enabled, x = disabled.

10, reflecting its enhanced filtering capability. Be-
yond this point, pass rates gradually decline as the
proportion of high-difficulty samples rises. This
indicates not a loss of competence, but a tightening
of quality standards when assessing more complex
cases—a key mechanism for maintaining data in-
tegrity while scaling difficulty.

(c) SLM’s downstream performance improve-
ment confirms enhanced idiom judgment capa-
bility. The SLM’s own accuracy on external idiom
benchmarks (ChID, CINLID) improves steadily,
peaking at iteration 12 with final gains of +43.9%
and +45.8%, respectively (Figure 3 (c)). The sub-
sequent slight decline correlates with the increased
challenge of late-stage validation samples. This tra-
jectory confirms that the SLM, through incremental
learning on curated data, develops robust idiomatic
knowledge, directly translating into stronger down-
stream judgment—completing the virtuous cycle
of data-quality and model-capability co-evolution.

5.3 Ablation Study

We conduct an ablation study to quantify each core
component’s contribution. Fine-tuning Qwen3-
8B on a fixed 30K-sample subset from iteration
5 shows that removing any stage degrades IPA (Ta-
ble 3), confirming the necessity of the full pipeline.
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Original Sentence: A R IAELCIRULEERESS T, fRik
FEAR LI Sl s s 1, R AEAR AR |

(The company is on the verge of collapse, and you're still
idling away. Hurry up and find a solution!)

Base Model: AR IEXIRINE S REE T | RIAEHR
JUSSR BTG A, AR EIE !

(The company is on the verge of collapse, and you're still
leisurely idling. Hurry up!)

LTP-Finetuned Model: 7 7 BIAE IR P EL2 A {1,
PRIBFEAR LI sl i, AR AR AR |

(The company’s state is like a great building about to
collapse, and you’re still idling away. Hurry up!)

Table 4: A case contrasting the base and LTP-finetuned
Qwen3-8B, highlighting the critical improvement in
locating accuracy.

(a) Critical Role of Chain-of-Thought Con-
struction. The most severe drop (-13.6%) occurs in
Variant 2, where bidirectional semantic reconstruc-
tion (Stage 3) is disabled. This confirms that the
explicit LTP reasoning chains provide the essential
supervisory signal for learning precise, position-
aware editing.

(b) Importance of Iterative Collaboration.
Performance also declines when removing adaptive
filtering (Variant 1, -3.7%) or closed-loop valida-
tion (Variant 3, -2.7%). These results underscore
the SLM’s iterative role in filtering noise and refin-
ing semantic alignment, validating that LLM-SLM
synergy is key to achieving high data quality.

5.4 Qualitative Case Analysis

This section provides a qualitative case analysis to
illustrate the fundamental shift in reasoning process
brought by the LTP fine-tuning paradigm. In con-
trast to the Base Model, the LTP-Finetuned Model
demonstrates a precise ability to target genuine
lexical redundancy while preserving contextually
appropriate expressions, thereby effectively elimi-
nating idiom misuse. As shown in Table 4, the base
model incorrectly substitutes the negative expres-
sion “fLE{FHL” (idling away negligently) with
the positive idiom “f&R% B3 (leisurely), intro-
ducing a stylistic mismatch. Conversely, the LTP-
finetuned model first correctly locates the core is-
sue—the colloquial phrase “fR % # T (on the
verge of collapse) as the most semantically redun-
dant and stylistically weak span. It then selects
the semantically precise idiom “KJE ¥ (like a
great building about to collapse) through contextual
metaphor mapping. This substitution perfectly pre-

serves the original sense of urgency and negative
connotation. For a systematic analysis covering
more challenge types, please refer to Appendix E.

5.5 Generalization experiments in English
idioms

To evaluate the task-general applicability of the
Auto-IDEA framework, we apply it to the estab-
lished English idiom processing benchmark—the
EPIE Corpus (Saxena and Paul, 2020). Our ob-
jective is to test whether the framework can au-
tonomously generate LTP chains for a different
task formulation (span detection and idiomatiza-
tion), leading to superior performance. We adapt
Auto-IDEA to consume EPIE’s idiom location tags
and candidate lists, iteratively producing a novel
dataset, EPIE-LTP, enriched with explicit rea-
soning chains for idiom identification and para-
phrasing. Fine-tuning Llama3-8B, GLM4-9B, and
Qwen3-8B on EPIE-LTP yields our models, collec-
tively referred to as LTP-EN.

Table 5 presents the comprehensive results for
the idiomatization task across the three LLMs. Our
LTP-EN method demonstrates clear advantages in
span localization while showing nuanced perfor-
mance patterns in text generation.

Across all three models, LTP-EN consistently
achieves the highest localization metrics, with par-
ticularly notable gains in F1-score (Llama3-8B:
0.8801 vs. SFT-EN’s 0.6154; Qwen3-8B: 0.8374
vs. 0.5883). This confirms that explicit reasoning
chains provide effective supervision for boundary
detection, a critical requirement for idiomatization.
The improvement is most pronounced for Llama3-
8B, where LTP-EN shows a 43% relative improve-
ment in F1 over SFT-EN.

While LTP-EN excels at localization, gener-
ation quality presents a more complex picture.
For Llama3-8B, SFT-EN achieves higher BLEU-
4 (0.6004) and ROUGE-L (0.6503) than LTP-EN
(0.5312, 0.4875), suggesting a potential trade-off
between precise localization and fluent generation.
However, this pattern does not generalize across all
models: Qwen3-8B’s LTP-EN shows balanced im-
provements in both localization (F1: 0.8374) and
generation (BLEU-4: 0.5742).

These results validate Auto-IDEA’s effective-
ness in enhancing structural understanding while
highlighting model-specific responses to reasoning
chain training. The framework proves particularly
valuable for tasks requiring precise text manipula-
tion, though optimal balancing between localiza-
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Localization Metrics

Generation Metrics

Model Method
ACC?T Precision] Recallf F11 BLEU-47 ROUGE-L7T
Base-EN 0.6877 0.6541 0.5987 0.6251 0.3204 0.4805
Llama3-8B SFT-EN 0.6581 0.7845 0.6547 0.6154 0.6004 0.6503
LTP-EN (ours) 0.8613 0.8952 0.8677 0.8801 0.5312 0.4875
Base-EN 0.5435 0.4563 0.6543 0.5432 0.2152 0.2656
GLM4-9B  SFT-EN 0.5567 0.3782 0.6876 0.5913 0.3852 0.2357
LTP-EN (ours) 0.6754 0.5214 0.7032 0.6831 0.4352 0.4652
Base-EN 0.5103 0.6583 0.5914 0.4733 0.3255 0.4757
Qwen3-8B  SFT-EN 0.6884 0.5757 0.6023  0.5883 0.3959 0.3456
LTP-EN (ours) 0.8322 0.8462 0.8283 0.8374 0.5742 0.5727

Table 5: Model performance on English Idiom Transformation Task (Idiomatization). Yellow/blue shadows
denote localization and generation metrics respectively. The Idiomatization task requires models to identify literal
expressions and replace them with appropriate idioms. Our LTP-EN model, trained with explicit reasoning chains
from Auto-IDEA, consistently outperforms both Base-EN and SFT-EN across all metrics for all three LLMs. Bold
indicates the best performance for each metric within each model family; underline marks suboptimal results where

another model performs better overall.

tion and generation objectives may require model-
specific adjustments.

6 Conclusion

We propose Auto-IDEA—a novel data generation
paradigm that establishes cyclic collaboration be-
tween LLMs (executing bidirectional semantic re-
construction with style control for corpus diver-
sity) and SLMs (performing incremental valida-
tion with Chain-of-Thought construction). This
synergy generates CIP-200K: the first large-scale
dataset with granular reasoning annotations, effec-
tively eliminating human supervision while resolv-
ing data scarcity. Building on this, we convert the
proposed Locate-Then-Polish (LTP) annotations
into teachable reasoning patterns, achieving state-
of-the-art performance (64.2% IPA on Qwen3-8B).
Human evaluations further affirm both the quality
of the generated data and the resulting polished
outputs. More broadly, Auto-IDEA establishes an
annotation-free, self-iterating, and scalable data
generation framework that advances research in
semantic refinement and low-resource language
learning. Future work will extend its applicability
to other languages while prioritizing implementa-
tion in educational contexts.
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Limitations

The Auto-IDEA framework’s effectiveness is sub-
ject to three core constraints. First, the quality and
diversity of its self-generated corpus (e.g., CIP-
200K) are intrinsically bounded by the knowledge
and biases of the initial LLM, which may under-
represent complex or rare idiomatic expressions.
Second, while the framework shows promise in
English idiom detection, its generalizability to gen-
erative idiomatic tasks in other languages with dif-
ferent linguistic structures remains unverified. Fi-
nally, the current "Locate-Then-Polish" paradigm
struggles with idioms requiring deep cultural al-
lusions or nuanced discourse-level reasoning, in-
dicating a ceiling for fully automated handling of
high-complexity language phenomena. During the
preparation of this work, we used an Al tool for
language polishing and proofreading. After using
this tool, we reviewed and edited the content as
needed and take full responsibility for the content
of the publication.
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A Prompt Engineering for Auto-IDEA

This chapter takes the Chinese idioms polishing
as an example to introduce in detail the prompt
engineering for each stage of Auto-IDEA and the
generated content. Prompt A corresponds to in-
strction p in Stage 1 (Section 3.1), and Prompt B
and Prompt C respectively correspond 0 ¢ fyec
and ¢,.(,,) in Stage 3 (Section 3.3). For readability,
all prompts are presented in English in this paper,
though Chinese was used in the actual experiments.

B The Dataset Analysis and Validation

In this section, we will provide a detailed introduc-
tion to the data sources, data analysis, and quality
assessment of the CIP-200K dataset.
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Figure 4: Distribution of sample data.

B.1 Data Source

We constructed a lexicon comprising 32,451 id-
ioms, which were collected through the following
source: the ChID dataset!, the CINLID dataset?,
the CCT dataset’, the Xinhua Dictionary4 and the
Idiom Encyclopedia’. The idiom lexicon be used
as the input for Auto-IDEA to start the Chinese
idiom polishing task.

B.2 Corpus Statistics and Difficulty
Distribution

The foundational statistics in Table 1 confirm the
corpus’s large scale and the substantial lexical com-
pression achieved by idiom polishing. Crucially,
the dataset is annotated with a five-level difficulty
score (1: Very Easy to 5: Very Hard), assigned by
the SLM during generation based on idiom rarity
and contextual complexity.

Figure 4 (a) reveals the distribution of this dif-
ficulty. It follows a bell-shaped curve centered
on Levels 3 and 4, indicating that the Auto-IDEA
framework most naturally generates samples of
moderate complexity—a reflection of common id-
iomatic usage. The lower proportions of Level-1
(very simple) and Level-5 (very complex) samples
highlight the framework’s inherent challenge in
generating trivial or extremely difficult examples,
making the existing high-difficulty samples partic-
ularly valuable for stress-testing models.

Figure 4 (b) shows the distribution of the num-
ber of idioms per polished sentence. While most
sentences (over 75%) contain one or two idioms,
a significant portion (approx. 15%) incorporates
three or more, with some containing up to five.
This distribution confirms that CIP-200K captures
a wide spectrum of polishing complexity, from sin-

1https: //github.com/chujiezheng/ChID-Dataset
2https: //openi.pcl.ac.cn/ZhangbuDong/CINLID
3ht’cps: //github.com/bazingagin/chengyu_data
*https://github.com/pwxcoo/chinese-xinhua
Shttp://www. guoxue . com/
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gle substitutions to dense, multi-idiom rewrites,
posing a non-trivial generation challenge.

B.3 Human Evaluation of Data Fidelity

To provide expert-validated evidence for the quality
of the CIP-200K dataset, we conducted a rigorous
and fine-grained human evaluation. This evaluation
aims to assess whether the automatically generated
sentence pairs and their LTP chains meet the high
standards required for a reliable benchmark.

The evaluation was carried out by five indepen-
dent annotators, all of whom are native Chinese
speakers with postgraduate degrees in linguistics
or computational linguistics. Each annotator un-
derwent a training session with detailed guidelines
and practice samples to ensure a consistent under-
standing of the evaluation criteria.

We randomly sampled 300 instances from the
CIP-200K, ensuring coverage across all five dif-
ficulty levels. Each annotator evaluated all 300
samples. For each sample, they were presented
with the original plain sentence Sp;q4r . the polished
sentence S;g;om, and the corresponding LTP chain.
They were asked to rate the sample on five distinct
dimensions using a 5-point Likert scale (1: Very
Poor, 2: Poor, 3: Acceptable, 4: Good, 5: Excel-
lent). Our evaluation framework is designed to
holistically assess the quality of CIP-200K:

* Semantic Faithfulness: Does the polished
sentence S;qom preserve the core factual
meaning and intent of the original sentence
Splain?

* Idiomatic Appropriateness: Is the substi-
tuted idiom the optimal choice for the identi-
fied span in the given context?

¢ Grammaticality & Fluency: Is the polished
sentence S;giom grammatically correct and
naturally fluent in modern Chinese?

* Coherence of Reasoning Chain: Is the pro-
vided LTP chain logically coherent and clearly
justified?

* Overall Quality: Considering all factors
above, what is the holistic quality of this data
sample as an instance of the CIP task?

The results of the human evaluation are summa-
rized in Table 6. The high average scores (rang-
ing from 4.28 to 4.51 across dimensions) provide

strong evidence for the high quality of the CIP-
200K dataset. The Overall Quality score of 4.43
indicates that the samples are, on average, judged to
be between “Good” and “Excellent”. The slightly
lower score for Coherence of Reasoning Chain
(4.28) indicates that some non-core words may
have a negative impact on the span determination.
This will be explained in detail in the subsequent
case analysis. Crucially, the high scores in Seman-
tic Faithfulness (4.51) and Idiomatic Appropriate-
ness (4.35) confirm that the core task—accurately
locating and substituting with a contextually cor-
rect idiom—is successfully accomplished by the
Auto-IDEA framework.

The substantial inter-annotator agreement, mea-
sured by Fleiss’Kappa (x), ranges from 0.72 to
0.85, indicating “‘substantial” to “almost perfect”
agreement according to common interpretation
scales. This high consistency underscores the re-
liability of both the evaluation protocol and the
inherent quality of the annotated data.

C Training Configuration

We perform supervised fine-tuning (SFT) directly
on the CIP-200K dataset, where each training in-
stance consists of a plain sentence paired with its id-
iomatic counterpart and the corresponding Locate-
Then-Polish (LTP) reasoning chain. This allows
models to jointly learn the mapping and the un-
derlying locate-and-substitute rationale in a sin-
gle stage. All models are trained with identical
hyperparameters for 3 epochs, employing BF16
mixed-precision training with a learning rate of
2 x 1075 (with 10% warmup steps), and a max-
imum sequence length of 1024. All experiments
were conducted on 2 x A100 40 GB GPUs using
data parallelism, with each device processing 2
samples per batch.

D Human Evaluation Protocol and
Results

D.1 Experimental Design

D.1.1 Annotator Recruitment and Training

We recruited three expert annotators, all native
Mandarin Chinese speakers with postgraduate de-
grees in linguistics or Chinese language and litera-
ture. Prior to the evaluation, all annotators under-
went a standardized 1-hour training session that
included:
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¢ An introduction to the Chinese Idiom Polish-

Evaluation Dimension

Avg. Score (1-5) Std. Dev.

Fleiss’ Kappa (x)

1. Semantic Faithfulness
2. Idiomatic Appropriateness
3. Grammaticality & Fluency

4. Coherence of Reasoning Chain

5. Overall Quality

4.51 0.62 0.81
4.35 0.71 0.77
4.61 0.55 0.85
4.28 0.75 0.72
4.43 0.66 0.79

Table 6: Human Evaluation Results on Data Fidelity (N = 300 samples).

ing task and its challenges.

* Detailed explanation of the five evaluation di-
mensions and scoring criteria.

* Practice scoring on 20 sample outputs fol-
lowed by discussion to calibrate understand-
ing.

Annotators were compensated at standard aca-
demic rates.

D.1.2 Evaluation Protocol

We compared three systems: Qwen3-Base,
Qwen3-LTP (our model), and DeepSeek-R1.
From the CIP-200K test set, 200 instances were
randomly sampled with stratification by idiom dif-
ficulty (20% from each of five difficulty levels).
Each instance consisted of one original sentence
and three polished versions (one from each model),
presented in random order with model identities
blinded.

Annotators used the detailed guideline shown
in Tables 8 and 9 to score each polished sentence
independently on five dimensions using a 5-point
Likert scale (1: Poor, 5: Excellent). They were
required to complete scoring for all three polished
sentences before proceeding to the next set.

D.2 Results and Analysis
D.2.1 Summary Results

The human evaluation results are summarized in Ta-
ble 7. Qwen3-LTP achieves the highest scores in Id-
iomaticity (4.35/5) and Conciseness (4.28), which
are the most critical dimensions for the idiom pol-
ishing task. While DeepSeek-R1 performs well in
Semantic Faithfulness and Fluency, likely due to a
conservative, literal rewriting strategy, Qwen3-LTP
attains the highest Overall Quality score (4.34),
demonstrating a superior balance between linguis-
tic authenticity and communicative efficiency.

Model Idiom. Conc. Sem. Flu. OvQ
Qwen3-Base 2.31 2.87 3.12 345 2.89
DeepSeek-R1 4.18 3.95 423 432 431
Qwen3-LTP 4.35 4.28 421 413 4.34

Table 7: Human evaluation scores.

D.2.2 Detailed Analysis

Several patterns emerge from the detailed scoring:

* Idiomaticity-Conciseness Trade-off: While
DeepSeek achieves high fluency, annotators
noted it occasionally forces unnatural idioms
(described as "overuse"), whereas Qwen3-
LTP shows better judgment in idiom selection
and integration.

* Semantic-Rhetorical Balance: DeepSeek’s
marginally higher Semantic score reflects a
conservative, literal rewriting strategy that
minimizes meaning change but may miss id-
iomatic opportunities. Qwen3-LTP achieves
comparable semantic fidelity while being
more rhetorically effective.

* Overall Quality Consensus: Despite mi-
nor variations in individual dimensions, all
three annotators consistently rated Qwen3-
LTP highest in Overall Quality, indicating a
clear holistic preference for our model’s out-
puts.

* Base Model Limitations: Qwen3-Base
scored significantly lower across all dimen-
sions, particularly in Idiomaticity (2.31), con-
firming that without specialized training, base
LLMs struggle with culturally-grounded id-
iom polishing.

D.2.3 Reliability Analysis

Inter-rater reliability was calculated using the In-
traclass Correlation Coefficient (ICC) for a two-
way mixed-effects model assessing consistency
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(ICC(3,k)). All five dimensions showed good to ex-
cellent reliability: Idiomaticity (ICC = 0.78), Con-
ciseness (ICC = 0.71), Semantic Faithfulness (ICC
= 0.83), Fluency (ICC = 0.76), and Overall Quality
(ICC =0.79).

E Extended Qualitative Analysis:
Successes and Limitations

This appendix provides a comprehensive qualita-
tive analysis of the LTP-finetuned model’s perfor-
mance, systematically comparing it with the base
model across multiple dimensions. We present both
success cases that demonstrate the clear advantages
brought by the LTP fine-tuning paradigm and opti-
mizable cases that reveal its current limitations and
point to future research directions.

E.1 Success Cases: Demonstrating the
Advantages of LTP Fine-tuning

The success cases in Table 10 vividly illustrate
how the LTP fine-tuning paradigm fundamen-
tally improves the model’s capability to handle
the core challenges of the Chinese Idiom Polish-
ing (CIP) task. Unlike the base model that of-
ten makes surface-level substitutions, the LTP-
finetuned model demonstrates a deeper understand-
ing of semantic salience, contextual appropriate-
ness, and compositional coherence.

The cases in Table 10 collectively demonstrate
that the LTP paradigm enables the model to per-
form localization-focused and context-aware idiom
polishing. By learning from explicit "Locate-Then-
Polish" reasoning chains, the model acquires the
ability to identify the most semantically redundant
spans (Aspect 1), select idioms that match sub-
tle contextual tones (Aspect 2), coordinate multi-
ple substitutions for coherent rewriting (Aspect 3),
and accurately address implicit rather than surface
meanings (Aspect 4). These improvements directly
explain the significant gains observed in quanti-
tative metrics such as Idiom Polishing Accuracy
(IPA) and Semantic Text Similarity (STS).

E.2 Optimizable Cases: Analyzing the
Remaining Challenges

Despite significant improvements, by referring to
the results of human evaluations, we found that
there is still room for optimization in the LTP-
finetuned model. Analyzing its persistent errors
provides valuable insights into the inherent com-
plexity of the CIP task and highlights promising

directions for future research. Table 11 categorizes
and analyzes four representative types of errors.
The error analysis in Table 11 reveals that the
CIP task, at its highest level, requires knowledge
and reasoning capabilities that extend beyond the
current scope of our LTP framework. The remain-
ing challenges involve cultural and metaphorical
reasoning (Type A), fine-grained semantic com-
position (Type B), discourse-aware coherence
(Type C), and handling data imbalance for rare
idioms (Type D). These limitations are not unique
to our approach but represent fundamental fron-
tiers for research on idiomatic language processing.
They suggest promising future work that could inte-
grate external knowledge sources, more structured
semantic representations, cross-sentence context
modeling, and better data curation strategies.

F Task Generaliation to English Idiom
Processing

This appendix details the application of the Auto-
IDEA framework to the English Possible Idiomatic
Expressions (EPIE) Corpus for the idiomatization
task—identifying literal expressions and replacing
them with appropriate idioms. We evaluate three
LLMs to demonstrate the framework’s broad appli-
cability across different model architectures.

F.1 Experimental Setup
F.1.1 Task and Dataset

We use the EPIE dataset’s idiom list and span an-
notations to construct the task data. Given a sen-
tence containing a literal expression .S;, identify the
span of L and generate a new sentence S, where
L is replaced by its corresponding idiom I. This
task requires both precise localization and semantic
transformation capabilities.

F.1.2 Models and Training

We evaluate three base models, each with three
training approaches:

* Base-EN: The base model without any fine-
tuning.

* SFT-EN: The model fine-tuned only on
(S1,S,) pairs.

e LTP-EN (Ours): The model fine-tuned on
(S1, L, S,) triplets generated by Auto-IDEA.

All models are fine-tuned using LoRA with rank
16, learning rate 2e-4, batch size 32, and 5 epochs
of training.
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F.1.3 Evaluation Metrics

We evaluate two aspects of performance:

* Localization Metrics: Token-level Accuracy,
Precision, Recall, and F1-score for identifying
the target literal span in .5;.

* Generation Metrics: BLEU-4 and ROUGE-
L scores for evaluating the quality of the gen-
erated idiomatic sentence S/, compared to the
gold reference S,.
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Prompt A: Example Generation for Chinese Idioms

Role: system

Content: You are an expert in Chinese creative writing and linguistics, proficient at generating
diverse and contextually appropriate examples of idiom usage.

Role: user

Content: Please generate a unique and natural example sentence for the idiom {idiom} according
to the following requirements:

 Sentence length should be between 30 and 70 characters.
* The target idiom {idiom} must be seamlessly incorporated. Additional idioms may be used
if appropriate.
* Select one style from the STYLE TEMPLATE below and generate the example accordingly.
* Ensure originality and avoid common or stereotypical example sentences.
* Do not provide explanations or definitions of the idiom.
STYLE TEMPLATE:
1. Casual conversation style — using colloquial expressions.
2. Formal written style — suitable for news reports or academic writing.
3. Literary descriptive style — rich in imagery and rhetorical devices.
4. Professional context — in business or technology fields.

5. Historical or traditional cultural context — employing allusions or classical references.

Prompt B: Idiom-Free Rewriting

Role: system

Content: You are a professional Chinese NLP assistant specializing in text transformation and
linguistic simplification.

Role: user

Content: Rewrite the {sentence} into a plain expression without using any idioms according to
the following requirement:

* Replace all idioms while preserving the original semantic meaning.
* In the rewritten sentence, enclose each replaced idiom with # markers.

¢ Output only the rewritten sentence without any additional explanations or prefixes.

Prompt C: Idiom Replacement with Target Difficulty

Role: system

Content: You are a professional Chinese NLP assistant specializing in idiom replacement and text
refinement.

Role: user

Content: Rewrite the following sentence by incorporating idioms of the specified difficulty level:
Original sentence: {sentence}

Difficulty level: {difficulty} (ranging from 1 to 5)

Requirements:

* Replace only the segments marked with # in the original sentence, maintaining the same
#-marking for modified segments.

* Preserve the original sentence meaning and structure while replacing the marked segments.

* Use idioms with a difficulty level matching the target (1-5), where higher values indicate
greater complexity or obscurity. Specific scoring criteria are defined in the reference guideline
(Prompt D).

12140



Prompt D: Scoring Criteria for the Difficulty of Idioms

Role: system

Content: You are a professional Chinese linguist. Please evaluate the difficulty of idioms according
to the marking criteria.

Role: user

Content: Please assess the difficulty of the {idiom}. All scores are on an integer scale of 1 to 5
(from easy to difficult). The specific criteria are as follows:

1. Character Complexity

1. All characters are elementary-level Chinese characters
2. Contains 1 intermediate-level character or 2-3 structurally complex characters
3. Contains 1 rare character or multiple structurally complex characters
4. Contains 2 or more rare characters
5. Contains archaic or variant characters
2. Semantic Transparency
1. Literal meaning matches actual meaning
2. Requires simple metaphorical association
3. Literal/actual meanings are related but require explanation
4. Weak connection between literal/actual meanings
5. No apparent connection between literal/actual meanings
3. Cultural Background Depth
No specific cultural context required
Requires basic life knowledge
Requires historical/literary knowledge

Requires classical text knowledge

@ o> W=

Requires obscure allusion knowledge
4. Modern Usage Frequency
High-frequency in daily speec
Common in formal writing

Domain-specific usage

= N =

Occasionally appears in literature

5. Nearly obsolete

Overall Score = 0.2 * Character + 0.3 * Semantic + 0.3 * Cultural + 0.2 * Frequency. Please
provide your evaluation result:
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HUMAN EVALUATION ANNOTATOR GUIDELINE

1. Task Introduction

Objective

Evaluate and compare the quality of Chinese Idiom Polishing from different Al systems.
For each task instance, you will see one Original Sentence and three Polished Sentences
(labeled A, B, C) generated by different models in a randomized and blinded order. Your
task is to independently score each polished sentence across five dimensions.

Task Instance

¢ Original: [The plain input sentence]

* Polished A: [First polished version]

* Polished B: [Second polished version]
¢ Polished C: [Third polished version]

Your Task

1. Read the Original sentence to understand its meaning.

2. Read each Polished sentence (A, B, C) carefully.

3. For each Polished sentence, assign a score (1-5) over all five dimensions listed in Table 9.
4. Scores are assigned independently per sentence. Complete scoring for all three polished
sentences before proceeding to the next set.

2. Calibration Examples (Training)

Example Set 1

Original: R/, — B XFEECAKEE - (He does things very carefully and doesn’t
want to take any risks at all.)

Polished A: i E B IK, — S XFEEAAEHE - (He acts with great caution, not
wanting to take any risk at all.)

Rationale: This is a good polishing example. The idiom "#/E VK" (walking on thin ice)
perfectly captures the meaning of being extremely cautious and risk-averse. It is contextually
appropriate and feels natural.

Scores: Idiom.=5, Conc.=4, Sem.=5, Flu.=5, OvQ.=5
Polished B: M8/ MERL, #EEXFS - (He is cautious and risk-averse in his actions.)

Rationale: This is a medium example. The idiom "1E/]MEf{" (cautious and meticulous) is
appropriate, but "### XU [E" is not an idiom and the original expression should be maintained.
Scores: Idiom.=4, Conc.=2, Sem.=4, Flu.=5, OvQ.=3

Polished C: fi AR /INVOEIE, — SXFEESAAEH - (He is extremely cautious in
doing things and doesn’t want to take any risks at all.)

Rationale: This is a poor example. No idiom is used, making it fail the core requirement of
idiom polishing. It simply repeats the original with minor rephrasing.

Scores: Idiom.=1, Conc.=3, Sem.=5, Flu.=5, OvQ.=1

Example Set 2

Original: XM RIE RS A4, HIRZUHIE - (This plan is not well thought out and
has many loopholes.)

Polished A: X M RIE R —#i, HIRZIWIF - (This plan is full of flaws and loopholes.)
Rationale: This is a good example. The idiom " % —i" (despite all precautions, there’s
still one oversight) accurately describes a plan that is mostly thorough but has a few flaws.
It’s contextually apt.

Scores: Idiom.=5, Conc.=4, Sem.=5, Flu.=5, OvQ.=5

Polished B: X1 3% B3 A2, JFFE M - (This plan is not comprehensive and
full of loopholes.)

Rationale: This is a medium example. While it uses the idiom "I iR & H" (full of
loopholes), it’s partially redundant with "% F&15 N2 Tf." The polishing could be more
concise.

Scores: Idiom.=3, Conc.=3, Sem.=4, Flu.=5, OvQ.=3

Polished C: XN RIITHERFE, FLEVFZ A - (This plan is flawed in design and
has many problems.)

Rationale: This is a poor example. It fails to use an appropriate idiom, using generic
language instead. While semantically faithful and fluent, it doesn’t achieve idiom polishing.
Scores: Idiom.=1, Conc.=3, Sem.=4, Flu.=5, OvQ.=1

Table 8: Complete annotator guideline: Task introduction and calibration examples.
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SCORING DIMENSIONS & CRITERIA (1=Poor, 5=Excellent)
1.Idiomaticity

1 (Poor): Idiom is completely misused, unnatural, or jarring in the context. The idiom does not fit the situation
at all.

2 (Fair): Idiom usage is awkward and feels forced. The idiom is only marginally related to the context.

3 (Average): Idiom fits the context reasonably well but feels slightly unnatural or suboptimal. The meaning is
conveyed but without elegance.

4 (Good): Idiom is well-chosen and appropriately used. It enhances the expression and feels mostly natural.

5 (Excellent): Idiom is flawlessly integrated, perfectly matching the context and significantly enhancing the
expression. Usage feels completely natural and skilled.

2. Conciseness

1 (Poor): Sentence is wordy, repetitive, or longer than the original without adding value. Significant redundancy
exists.

2 (Fair): Sentence is somewhat verbose with noticeable filler words or redundant expressions. Could be
shortened without losing meaning.

3 (Average): Sentence length is acceptable but not optimal. Some minor redundancy remains.

4 (Good): Sentence is clearly more concise than the original. Efficiently conveys the same information with
minimal words.

5 (Excellent): Sentence is crisp, efficient, and perfectly concise. Maximum information density achieved without
sacrificing clarity.

3. Semantic Faithfulness

1 (Poor): Core meaning is altered, distorted, or completely lost. The polished sentence conveys a different
message.

2 (Fair): Significant meaning changes or omissions. Key aspects of the original are missing or misrepresented.
3 (Average): Most of the original meaning is preserved, but with minor additions, omissions, or slight distortions.
4 (Good): Original meaning is well-preserved with only negligible changes. All key information is retained.

5 (Excellent): Perfectly preserves the original message, intent, and nuances. No meaning is lost or altered.

4. Fluency

1 (Poor): Sentence is ungrammatical, very choppy, or difficult to understand. Serious language errors present.
2 (Fair): Sentence has multiple grammatical errors or awkward phrasing that disrupts reading flow.

3 (Average): Sentence is understandable but contains some awkward expressions or minor grammatical issues.
4 (Good): Sentence reads smoothly with only minor, negligible issues. Flows naturally like native writing.

5 (Excellent): Sentence is grammatically perfect, coherent, and reads like well-written native text. No language
errors.

5. Overall Quality

1 (Poor): Poor polishing that makes the sentence worse than the original. Multiple serious flaws across
dimensions.

2 (Fair): Marginal improvement over original, but with significant flaws in multiple dimensions.

3 (Average): Adequate polishing with noticeable but not critical flaws. Represents a clear improvement over the
original.

4 (Good): High-quality polishing with only minor weaknesses. Effectively achieves the goal of idiomatic
refinement.

5 (Excellent): Excellent polishing that is a clear, effective improvement. Demonstrates skilled idiomatic
rewriting.

Table 9: Scoring dimensions and criteria for annotator guideline.
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Case Comparison between Base and LTP model

1. Precise Locating

* Original: il 7E 520 LGE B TR, %HHE - (He quickly made a choice under time pressure.)

* Base Model: ftll 75 T4 — & IIE 0L T Bt 7%, & HE B - (He quickly made a choice under a
critical situation, without hesitation.)

Issue: Misplaces focus on the circumstance rather than the core action is not the part that needs the most
polishing.

» LTP Model: b 7ER[A] 58 BB 0L T 4 L2, HE MK - (He made a prompt decision under time
pressure, without hesitation.)

Reasoning: Correctly locates the core action phrase "TVHE M H T %" and selects the idiom "4 #L 321",
which precisely captures the meaning of making a quick and firm decision in a time-sensitive situation.

2. Contextual Appropriateness

» Original: TEZIFIAEREH, MBI2FFH CHIETE, Z Bk - (In a heated debate, he insisted on his own
view and did not yield.)

* Base Model: 7EZIIERCH, iR )9, = NRik . (In the heated debate, he argued on the basis of
reason, and did not yield.)

Issue: Semantically acceptable but fails to capture the confrontational tone and decisiveness implied by the
context.

* LTP Model: EEZIIERCH, M JHEAGY, ZANR1E o (In the heated debate, he overruled all objections,
and did not yield.)

Reasoning: Correctly identifies that the phrase "'"2 %7 H CLHE 1%, Z AN IR1L" conveys strong insistence
against opposition. The idiom "JJHEARIL" (to overrule all objections) is selected as it precisely matches the
scenario of standing firm against dissenting opinions in a confrontational setting, better capturing the contextual
nuance than the more generic "#&# /5§

3. Multi-Idiom Polishing

* Original: MTEIE B/RdEH B, HERER, WEA B8R PITHK - (After hearing the news, he was
extremely shocked, stood there dumbfounded, and then slowly came to his senses.)

* Base Model: filT2VH B/ Rk, HIEREM, RIEAEIERRILH - (After hearing the news, he
was greatly alarmed and turned pale, stood there dumbfounded, and then slowly came to his senses.)

Issue: Only locates and polishes the first salient expression (“JE# 2 15"), leaving the other two (“IF7E 1",
“/&18 Jz N1 ) unpolished. This reveals its inability to identify and coordinate multiple polishable spans
within a single sentence.

« LTP Model: A 2VE BG5S 8 KRG, RAARN, RAA U (After hearing the news, he was
stunned and pale, stood there like a wooden chicken, and only after a long while awoke as if from a dream.)
Reasoning: The LTP model is trained to identify all polishable spans. It successfully locates three consecutive
spans that can be elevated: 1) “JEH B, 2) “MF7EFE >, and 3) “1818 X B id K. It then performs
coordinated substitution with three semantically appropriate idioms, demonstrating its capacity for holistic
multi-point polishing.

4. Richness of expression

* Original: X3R5 N A, FAZHERM)IF%E - (This report is vacuous, merely piling up ornate words.)

* Base Model: X {75 EMAE, HZWERMIAEE - (This report is flashy without substance, merely piling
up words.)

Issue: Creates semantic redundancy because "] /NSE" (gaudy but impractical) overlaps significantly in
meaning with the explicit criticism "HERJIF#&" (piling up ornate words), failing to add new information. More
importantly, it might have lost the rich expression of the original sentence.

* LTP Model: X5 270, HZMEM)IAEE - (This report is devoid of substance, merely piling up
words.)

Reasoning: Correctly identifies the core implicit flaw to be addressed is " 225" (vacuous content), rather
than the already explicit critique of style ("HERTIFI#E"). Selects "& Z To#" (to be devoid of substance) which
directly and accurately targets this core issue without redundancy, complementing rather than repeating the
existing criticism.

Table 10: Success Cases: Comparative examples demonstrating the improved capabilities of the LTP-finetuned
model over the Base model across different aspects of the CIP task.
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Optimizable Case Analysis

A. Cultural Nuance & Metaphor

e Original: XM ERFERREIHEEZ G, EETHFME - (After retiring and returning to civilian life,
this old general lived very simply.)

* LTP Model: X0 Z R EM KGR E, EE T4 FMFE o (This old general wore cloth and ate simple food,
living very simply.)

* Error Analysis: The idiom “7i#K#5 & literally describes a simple lifestyle of wearing coarse clothes and
eating plain food. However, its cultural connotation is strongly associated with the deliberate, virtuous austerity
of scholars or commoners. Applying it to a retired military general ignores the specific cultural metaphor
encapsulated in the more appropriate idiom “fi# F¥ )5 FH”. While “#fi{<; & describes how one lives, it misses
the crucial nuance of identity transition from a warrior (“F>* armor) to a farmer (“H” field), which is central to
the original context.

B. Complex Semantic Compositionality

» Original: X177 B HIGEHT T I EHAME S, 2 ABW - (This new scheme cleverly circumvented
all technical difficulties, which was admirable.)

« LTP Model: iX ™77 2 5 REiZ1%E, 4 ABEML . (This new scheme blazed a new trail, which was admirable.)
* Error Analysis: The idiom “% F##£1%” (to blaze a new trail) captures the novelty" and cleverness but misses
the core action of “circumventing difficulties”. The context demands an idiom that holistically represents the
clever circumvention of difficulties by the scheme. The model’s output satisfies only a subset. A more precise
idiom could be “{L.Z M A" (simplify the complex).

C. Discourse-Level Coherence

» Original Context: (Previous sentences describe a team persevering through multiple failures.) IR T 1R
ZIR, EHATMAIKL, IR TR T #ii2 -  (Although they failed many times, they never lost heart,
and this time they started a new attempt.)

* LTP Model: 28K TIRZ IR, (HAATAAIKL, XK E L H A . (Although they failed many times,
they never lost heart, this time they stage a comeback.)

* Error Analysis: In isolation, “¥5 1= E %" means to return after a defeat and can be used neutrally. However, it
often carries a negative or adversarial connotation (e.g., a defeated enemy regrouping). This clashes with
the positive, persevering tone established for the team in the preceding discourse. The substitution disrupts the
narrative’s emotional consistency. A more appropriate choice would be “EH#£JH£#7” (reorganize and rally, more
neutral) or “FFZE 5 (make persistent efforts).

D. Rare Idioms & Data Sparsity
* Original: flifi1RFE - AN RFERAETFERLFTIN, REEHH—FRIBRFEARMETE, AIRLAHEEHRF - (n

their early years, the couple lived in extreme poverty, sharing only a crude straw raincoat for warmth, yet they
always supported each other.)

* LTP Model: fib{1RFE AN REREF 70, FIEEMEIRFF o (In their early years, the couple lived
in utter poverty, yet they always supported each other.)

* Error Analysis: The model selects the common idiom “—%{ 4{%” (penniless), which only captures the
generic state of poverty, entirely omitting the iconic and narrative-rich detail of “3t: F — {4 fai fli i S K1 58~
(sharing a crude straw coat for warmth). This detail is precisely and uniquely described by the rare idiom “4*4X
XL (literally, to face each other and weep in an ox-hide garment), which originates from a specific historical
anecdote about a poor couple and has become the sole, fixed expression for describing a couple enduring harsh
poverty together.

Table 11: Optimizable Cases: Analysis of typical failure modes of the LTP-finetuned model, highlighting remaining
challenges and pointing to concrete future research directions.
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