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Abstract
Chinese homophones, prevalent in Internet cul-
ture, introduce rich linguistic twists to challeng-
ing language models. While native speakers
disambiguate them through phonological rea-
soning and contextual understanding, the extent
to which LLMs can effectively handle this task
remains unclear, as does whether they rely on
similar reasoning processes or merely memo-
rize homophone-original word pairs in training.

In this paper, we propose HomoP-CN, the first
Chinese Internet homophones dataset includ-
ing systematic perturbations testing for evaluat-
ing LLMs’ homophone restoration capabilities.
With the benchmark, we investigated the influ-
ence of semantic, phonological, and graphemic
features on LLMs’ restoration accuracy, mea-
sured the memorization reliance levels of each
model during restoration through consistency
ratios under controlled perturbations, and as-
sessed the effectiveness of various prompting
strategies, including contextual cues, pinyin
augmentation, few-shot learning, and thought-
chain 1.

1 Introduction

Homophonic wordplay in Chinese Internet cul-
ture creatively utilizes phonological similarities
between characters to construct new words and
layered semantic meanings (Zhang et al., 2019).
For example, the homophone “蕉绿” (jiao1 lü4,
“banana-green”) replaces the original word “焦
虑” (jiao1 lü4, “anxiety”), reconfiguring a nega-
tive emotion into a playful and lighthearted ex-
pression. Unlike English puns, which rely on in-
tralingual homophony (e.g., “a good pun is its own
reword/reward”) (Xu et al., 2024), Chinese homo-
phonic wordplay creatively substitutes characters
with similar pronunciations within the logographic
writing system.

* represents these authors contributed equally to this work.
1Our code and data are released at: https://github.

com/sdmjf/Chinese_homophone_restoration_LLM.
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Figure 1: The upper figure illustrates an example of
the homophonic word and its different adversarial per-
turbations in HomoP-CN dataset. The bottom figure
demonstrates the structure of Chinese pinyin, which
encompasses a syllable and a tone.

Recent advances in natural language processing
(NLP), particularly through large language models
(LLMs), have demonstrated substantial progress in
disambiguating English homophones (Proietti et al.,
2024; Xu et al., 2024; Mizrahi et al., 2024). How-
ever, due to the high homophone density in Chinese
pinyin(e.g., shi4 mapping to dozens of characters
such as是/事/市) and tonal complexity (identical
syllables with different tones convey distinct mean-
ings, e.g., ma1妈/ma2马/ma3码/ma4骂), LLMs en-
counter greater challenges in comprehending Chi-
nese homophones than English.

Previous research has explored Chinese homo-
phones in NLP tasks such as spelling correc-
tion (Liu et al., 2025, 2024; Li et al., 2024; Baluja,
2025), offensive language detection (Xiao et al.,
2024), and humor generation (Xu, 2024). Nev-
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ertheless, there is no systematic study on LLMs’
ability to understand and restore Chinese homo-
phones, which is crucial for practical applications
such as improving LLMs’ ability to understand so-
cial media text and identifying offensive content.
For instance, Chinese netizens may replace “太
贱 (too mean)” with the same pronunciation “肽
键 (peptide bond)” to use a non-offensive biolog-
ical term conveying discriminatory and offensive
content (Xiao et al., 2024).

It has been suggested that native Chinese speak-
ers leverage their perceptual systems to retrieve
original words from homophonic variants through
phonological similarity-based reasoning and con-
textual information understanding (Samuel, 1981;
Davis et al., 2005; Banfi and Arcodia, 2013; Mehta
and Luck, 2020). Building upon this human cogni-
tive paradigm, we propose the following research
question: How do LLMs perform in homophone
restoration? Is this capability of LLMs driven
by human-like reasoning through phonological
similarity, or simply stem from memorization of
homophone-original word pairs in pretraining?
Additionally, can strategies like contextual infor-
mation or providing pinyin2 to enrich prompts en-
hance LLM performance in restoration?

In this work, we comprehensively explored
LLMs’ effectiveness and enhancement in Chi-
nese Internet homophone restoration by utilizing
our HomoP-CN dataset. First, we analyzed the
restoration capacity of LLMs by considering the
differences between the original words and the
homophones from semantic, phonological, and
graphemic perspectives. Second, drawing inspi-
ration from Xie et al. (2024), we designed a set
of adversarial variations as perturbations to quan-
tify the extent of memorization, as shown in Fig-
ure 1. Finally, we delved into the role of differ-
ent prompting strategies, including context cues,
pinyin-augmentation, few-shot, Chain-of-Thought
(CoT) (Kojima et al., 2022), Memory-of-Thought
(MoT) (Li and Qiu, 2023) in this task.

Our results demonstrate that LLMs exhibit sub-
stantial variation in restoring Chinese Internet ho-
mophones, with model scale emerging as a criti-
cal factor: larger models achieve reasoning-based
restoration while smaller ones depend predomi-
nantly on memorization. This performance gap
is further modulated by semantic, phonological,

2Pinyin, a Latin-based phonetic notation system for Chi-
nese, represents character pronunciation through syllables and
tones shown in Figure 1.

and graphemic disparities between original words
and their homophone counterparts, which sys-
tematically affect both restoration accuracy and
memorization dependence. While contextual cues,
few-shot learning, and thought-chain strategies
(CoT/MoT) prove effective for performance en-
hancement, pinyin augmentation shows limited util-
ity. These findings provide valuable insights into
LLMs’ robustness in handling intralingual and user-
generated content in Internet contexts.

2 Related work

2.1 Chinese Homophones
English homophones are words with distinct mean-
ings that share the same pronunciation but differ in
spelling. (HarperCollins, 2023). Similarly, in Chi-
nese, homophones refer to a linguistic phenomenon
where different words or phrases have similar or
identical pronunciations (i.e., sharing the same or
similar pinyin) but are represented by different Chi-
nese characters3. On the Internet, homophones
are frequently employed to substitute for or allude
to the meanings of certain original words, often
serving humorous or euphemistic purposes in com-
munication (Xiao et al., 2024; Xu, 2024).

Current research on the ability of LLMs to com-
prehend Chinese homophones remains limited and
is scattered across various NLP tasks. In spelling
correction, LLMs face bottlenecks in coordinating
phonological, graphemic, and semantic features
when distinguishing between homophones (Liu
et al., 2025, 2024; Li et al., 2024). For offensive
language detection, LLMs demonstrate reduced
effectiveness in identifying homophone-disguised
toxic content, revealing vulnerabilities in under-
standing when confronted with phonological inter-
ference (Xiao et al., 2024). Additionally, LLMs
exhibit challenges in semantic reasoning for humor
generation involving homophones (Xu, 2024).

2.2 Language Perturbation
Researchers have proposed a wide range of pertur-
bation techniques to explore the vulnerabilities of
NLP models in adversarial scenarios, particularly

3Chinese internet homophones include both perfect ho-
mophones and near-homophones (paronyms). Many of these
words do not actually exist in standard Chinese, like “蕉绿”
(“banana-green”). This encompasses: 1) Characters with iden-
tical pronunciation (same syllable + tone); 2) Characters with
the same syllable but different tones; 3) Similar-sounding sylla-
bles where some phonetic feature differs (e.g., z/zh distinction
between apical anterior and posterior consonants, ignoring
tone differences).
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through replacements or insertions at the character,
word, and sentence levels (Alzantot et al., 2018;
Jin et al., 2020; Ribeiro et al., 2020; Zhang et al.,
2020; Garg and Ramakrishnan, 2020).

Recent studies have explored Chinese adver-
sarial attacks through various language-specific
perturbations, such as synonym substitution (Su
et al., 2022), phonological and glyph swaps (Liu
et al., 2023; Wang et al., 2024), and emoji replace-
ment (Xiao et al., 2024). However, no studies have
yet focused on the lexical perturbations for the Chi-
nese homophone restoration task. Our work ad-
dresses this gap by introducing the HomoP-CN
dataset, which provides different adversarial exam-
ples tailored to the unique characteristics of Chi-
nese homophones.

2.3 Memorization in LLMs

The memorization capabilities of LLMs have been
extensively studied across multiple domains, in-
cluding copyright (Karamolegkou et al., 2023;
Wei et al., 2024), logical reasoning (Xie et al.,
2024), and performance on knowledge-intensive
tasks (Hartmann et al., 2023). Previous studies
have demonstrated that LLMs are capable of mem-
orizing portions of their training data (Tirumala
et al., 2022; Carlini et al., 2022).

In this paper, we focus on quantifying the extent
of memorization in LLMs when performing the
homophone restoration task. Inspired by Xie et al.
(2024), we designed a set of adversarial variations
to quantify the extent of memorization within a con-
trolled setting: significantly worse performance on
variants versus original homophones and suggests
greater reliance on memorization4.

3 Methodology

3.1 Problem Definition

Let D = {(X,Y )} denote a dataset where each
consists of a homophone X and the corresponding
original word Y . The task of LLM is to analyze
X and select a word Ŷ which is most likely to be
the original word Y . Formally, the output can be
represented as:

Ŷ ∼ πθ(X), (1)

4Borrowing intuition from human behavior: Students
preparing for exams might not fully grasp underlying prin-
ciples due to constraints. Yet, they can answer memorized
exact questions correctly. A key trait of such memorization is
high accuracy on identical questions but poor performance on
slightly modified, similarly difficult ones.

The goal of LLMs is to ensure Ŷ = Y , meaning
that the LLMs correctly restore the target word. In
this study, we use accuracy to represent the model’s
performance in the task of restoring homophones.

3.2 Dataset Construction

The HomoP-CN dataset involves extracting ho-
mophonic words from mainstream Chinese social
media platforms as the control set, followed by a
multi-faceted process of categorization and conver-
sion. This enables a systematic comparison of the
performance of LLMs across various dimensions
and factors. Further details are outlined below.

3.2.1 Data Collection and Categorization
Given the prevalence of homophones particularly
in creative and flexible online contexts, this study
sourced target homophones from two mainstream
Chinese social media platforms, namely, Weibo
and Tieba5. After reviewing a random collection
of user-generated posts and comments from these
platforms first, spanning the period from 2010 to
2025 (before the data cutoff in March), a total of
365 highly frequent and representative homophonic
words were filtered out by three native Chinese
speakers with consensus, who also provided the
original word and pinyin for each homophone. Be-
sides, to explore the potential impacts of contexts,
we augmented the homophones into sentences with
sufficient contextual information by which humans
can accurately infer their original words. All con-
text sentences were generated by the DeepSeek-
V3 model (DeepSeek-AI, 2024) with the prompts
shown in Appendix A.4 and then validated by three
native speakers (Appendix A.2).

Upon this preliminary dataset, we further
grouped all homophones in line with three dis-
tinct taxonomies for fine-grained evaluation of
LLMs’ performance concerning their different se-
mantic, phonological, and graphemic properties.
The semantic categorizations were completed by
three native speakers based on instruction guid-
ance (Appendix A.2), and those at phonological
and graphemic aspects were sorted through auto-
mated annotated methods by comparing the dis-
tinction in the form of the pinyin and characters
in homophones and their origins (Appendix A.3).
Examples are displayed in Figure 2.

5Weibo, managed by Sina company, is a popular Chinese
microblogging platform similar to Twitter and Tieba, hosted
by Baidu, is a large online community forum where users can
engage in topic-based discussions, akin to Reddit.
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Variant 4Variant 3Variant 2Variant 1GraphemicsPhonologySemanticsHomophone
pinyin

Original word 
pinyinHomophoneOriginal 

word

审妈
shen3ma1

神吗
shen2ma1

什玛
shen2ma3

神玛
shen2ma3

341shen2 ma3shen2 me5神马
God-horse

什么
Everything

Context sentence: 神马都是浮云。(Everything's just a puff piece.)

倍菊
bei4ju2

贝具
bei4ju4

碑据
bei1ju4

碑具
bei1ju4

312bei1 ju4bei1 ju4杯具
Cup

悲剧
Tragedies

Context sentence: 杯具总是让人心情沉重。(Tragedies always make people feel heavy-hearted. )

讶利
ya4li4

鸭莉
ya1li4

鸦黎
ya1li2

鸭黎
ya1li2

322ya1 li2ya1 li4鸭梨
Ya pear

压力
Pressure

Context sentence: 鸭梨好大，我想去散步放松一下。(I'm under so much pressure, and I want to go for a walk to relax.)

Figure 2: Data examples from our dataset. The numbers in the Semantics, Phonology, and Graphemics columns
indicate the categories of homophones based on their differences from the original words in these three aspects,
while Variants are adversarial perturbations. For detailed descriptions, refer to Section 3.2.

• Semantic taxonomy The first taxonomy la-
beled target homophones into two groups
based on their semantic features on word level:
1) those are existing words and have meaning
on their own and 2) those are pseudo words
that are inherently meaningless.

• Phonological taxonomy Based on the
phonological features of homophones, they
were further grouped into: 1) homophones
sharing matching syllables; 2) those with
matching syllables but differing tones; 3)
those with matching tones but differing sylla-
bles; and 4) those with differing syllables and
tones, when compared to their corresponding
original words.

• Graphemic taxonomy Refer to the differ-
ence in typing form and length of characters,
all homophones were categorized into three
groups, covering: 1) homophones with fewer
characters (partially same or completely differ-
ent) than their corresponding original words;
2) homophones sharing the same length and
partially same characters with their origins;
and 3) homophones with the same length but
completely different characters compared to
corresponding original words6.

3.3 Task Formulation
This section delineates the design of progressive
tasks aimed at evaluating the capabilities of LLMs
in homophone restoration and uncovering the un-
derlying patterns governing their performance.
Considering the results from the ablation study in
Appendix B.1, we selected Chinese as the language

6Since each Chinese character covers a single syllable, the
difference in character numbers between a homophone and its
origin reflects elision or assimilation in their pronunciation.

of prompts, whose detailed examples are presented
in Appendix B.2.

Restoring Capability Under Zero-shot
To investigate whether popular LLMs can iden-
tify the profound relationships between pronunci-
ations and meanings for Chinese characters in ho-
mophones, and the extent to which they can do so,
we provided basic zero-shot prompts to each LLM,
instructing them to restore the original forms from
specific homophones. This task was conducted
under three setups introduced in Section 3.2.1 to
examine whether the semantic, phonological, and
graphemic properties of homophones pose differ-
ent challenges to LLMs and whether LLMs exhibit
varying sensitivity to these properties. The metric
of accuracy was employed to quantify performance
by calculating the percentage of correct answers.

Patterns Behind Homophone Restoration
What follows the assessment of global restoration
performance among LLMs is whether their capabil-
ities are predominantly grounded on memorization
of training data or reasoning derived from phono-
logical similarity. To pursue this, we employed four
adversarial variants as described in Section 3.4 with
basic zero-shot prompts for perturbation. Besides,
we define the Consistency Ratio (CR) to measure
how robustly a model restores homophone vari-
ants. For each correctly restored case from basic
homophones, we count how many of its four vari-
ants are also correctly returned to the original form,
then average this count across the number of all re-
stored cases from basic homophones. The final CR
score (between 0 and 1) is obtained by normalizing
this average against the maximum possible correct
variants per homophone. Higher CR indicates less
reliance on memorization and more on reasoning.
Formally, CR can be represented as:
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Model Homophone Variant1 Variant2 Variant3 Variant4 Variants Avg

Llama3.1-8B 0.052 0.025 0.030 0.022 0.011 0.022
Qwen2.5-7B 0.216 0.099 0.060 0.082 0.019 0.065
OpenAI o3-mini 0.622 0.422 0.337 0.386 0.345 0.373
Deepseek-R1 0.833 0.636 0.515 0.537 0.370 0.514

Table 1: Results of the basic prompt experiments, including the accuracy of homophones, that of four types of
adversarial variants, and the average value of variants. The best results among the variants are bolded, and the
second-best results are underlined.

CR =
1

|DC|
∑

X∈DC

(
1

4

4∑

i=1

I[f(X ′
i) = Y ′

i ]

)
(2)

Where DC = X ∈ D | f(X) = Y (set of suc-
cessfully restored homophones), X ′

i denotes the
i-th variant of homophone X , Y ′

i is the correct
orginal word for variant X ′

i, and I[·] is the indicator
function.

Impacts of Context Cues and Other Strategies
In our final exploration, we investigate the impacts
of several related knowledge and prompt strategies
on LLMs’ performance in homophone restoration.
It is widely acknowledged that humans typically
infer the meanings of homophones based on con-
textual cues at first glance (Xu et al., 2024). Hence,
we first examine the effects of contextual informa-
tion. The context sentences created in Section 3.2.1
were integrated into the basic zero-shot prompts,
and the results were compared with those from the
basic prompt. Improved performance indicates that
contextual information positively contributes to ho-
mophone restoration, while degraded performance
suggests the opposite.

Building on this exploration, we further investi-
gate the impact of additional strategies, including:
1) Few-shot prompts: Provide examples to guide
the model; 2) Pinyin annotations: Supply pinyin
for sentences and homophones; 3) CoT: Encour-
age step-by-step reasoning; and 4) MoT: Leverage
memory-enhanced reasoning, to provide compre-
hensive insights to this task.

3.4 Data Perturbation
To examine the underlying patterns of LLMs in
restoring homophones, we created adversarial sce-
narios against the control homophones by introduc-
ing semantic, phonological, and graphemic pertur-
bations through character modifications, as illus-
trated in Figure 1 and Figure 2.

We utilized a well-compiled dictionary7 includ-
ing 2,715 common Chinese characters with pinyin
spellings, to enable automatic character retrieval
and replacements. Using this dictionary, we in-
troduced four types of adversarial variants with
incremental distances away from the control ho-
mophones by replacing one character (or all char-
acters) of the control homophone with a different
character (or some different characters) sharing the
same pinyin or the same syllables but differing in
tones (Appendix A.5).

3.5 Model Selection

Models applied in current study include Qwen 2.5-
7B (Qwen et al., 2025), Llama 3.1-8B (Grattafiori
et al., 2024), OpenAI o3-mini8 and Deepseek-
R1 (DeepSeek-AI et al., 2025). Among these,
the former two are open-sourced, while the lat-
ter two are not. These models rank at the top of
current leaderboards and demonstrate remarkable
performance across a diverse set of tasks, includ-
ing reasoning, by leveraging extensive memoriza-
tion capabilities developed during the pre-training
phase (Zhang et al., 2024; Prabhakar et al., 2024).
For all models, the temperature is set to 0, and other
configurations are applied as default.

4 Results and Analyses

4.1 Can LLMs Restore Chinese Internet
Homophones to Original Words?

As shown in Table 1, LLMs show significantly dis-
tinct performance in restoring homophones. Llama
3.1 and Qwen 2.5 show an overall weak perfor-
mance. OpenAI o3-mini demonstrates superior-
ity by outperforming the first two models, and
Deepseek-R1 achieves the best performance with
outstanding accuracy, showcasing its robustness
correspondingly. The performance differences may

7https://github.com/5hwb/sort-hanzi-in-pinyin-order/
8https://openai.com/index/openai-o3-mini/
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Figure 3: The impact of semantic, phonological, and graphemic disparities between homophones and their original
words on LLMs’ homophone restoration performance.
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Figure 4: The influence of semantic, phonological, and graphemic differences between homophones and original
words on the level of memorization dependence during homophone restoration. A higher (1-CR) value on the y-axis
indicates greater reliance on memorization by LLMs.

stem from variations in training data and model
size: Deepseek-R1 used more extensive Chinese
corpora in training, outperforming the other mod-
els with the same scale. OpenAI o3-mini and
Deepseek-R1, with larger parameter sizes and
stronger inference capabilities, excel in this com-
plex linguistic task than smaller models.

Also, we systematically categorized homo-
phones based on differences between homophones
and original words in terms of semantics, phonol-
ogy, and graphemics to explore how these charac-
teristics influence LLMs’ ability to restore homo-
phones. The results are shown in Figure 3.

For the semantic dimension, homophones were
divided into two categories: those whose original
word-level meanings exist and those that do not ex-
ist. The results in Figure 3 (a) reveal that all LLMs
exhibit stronger restoration capabilities for homo-
phones without existing meanings, suggesting that
the inherent semantics in homophones may inter-
fere with restoration, especially for small models.

For phonological differences, Figure 3 (b) shows

significant accuracy differences in LLMs’ homo-
phone restoration across four types. Type 1 (con-
sistent syllables+tones) outperformed others, ex-
cept in large-parameter LLMs. Type 3 (same
tone+different syllables) worked well in small
models. Both types highlight the essentials of
pinyin syllables and tones in homophone restora-
tion. However, when comparing the performance
of Type 2 and Type 3 to Type 1, it is emphasized
that the same tone can benefit more than syllables
in large models. Small models are highly depen-
dent on the same tone, and syllables even negatively
affect the accurate prediction of original words.

For the graphemics dimension, Figure 3(c)
shows that Llama 3.1 and Qwen 2.5 completely fail
to restore Type 1 homophones (shorter characters
replacing original words, e.g.,“酱紫” replaces
“这样子”, meaning“like this”). Even large
models perform worst on Type 1 homophones, indi-
cating that LLMs struggle most with pronunciation
elision. In contrast, LLMs excel at Type 2 and
3 homophones, which have the same length with
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partial or total character substitutions, highlighting
their sensitivity to word length and subtle surface
graphemic changes.

4.2 Reasoning or Memorization?
To determine whether LLMs restore Chinese homo-
phones primarily through memory or reasoning, we
conducted experiments using four types of adver-
sarial variants. Results are presented in Figure 4:

Deepseek-R1 and OpenAI o3-mini exhibit sig-
nificantly less reliance on memorization compared
to the other two models, likely attributable to their
much larger scale and enhanced reasoning capabil-
ities. Notably, Llama 3.1 demonstrates near-total
reliance on memorization when the homophone
carries their inherent semantic meanings.

Figures 4 (a) and (b) demonstrate that LLMs
exhibit increased reliance on memorization under
two conditions: 1) when homophones retain orig-
inal semantic meanings, or 2) when phonological
divergence between homophones and target words
grows larger. Graphically, Figure 4 (c) reveals sig-
nificantly stronger memorization dependence when
homophones contain fewer characters than their
corresponding original words.

0% 20% 40% 60% 80% 100%
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Qwen2.5

O3-mini

Deepseek-R1

Memorization-oriented

Reasoning-oriented

Memorization and Reasoning

0% variants were correctly restored

100% variants were correctly restored

others

Figure 5: Percentage of different CR value homophones
in the four LLMs.

We computed the CR for each successfully re-
stored homophone, where CR = 1 indicates perfect
variants restoration (100% accuracy) and CR = 0
denotes complete failure, as shown in Figure 5. Our
results align with the pattern in Figure 4: smaller
models demonstrate notably poorer performance
on perturbation data compared to larger models.

Furthermore, based on the experimental re-
sults from Deepseek-R1 and OpenAI o3-mini,
we selected homophones with different CR value,
comparing their distributions across: 1) original
word frequency9 and 2) homophone-original word

9Calculated by Python library wordfreq, available at link.
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Figure 6: Comparison of homophone properties across
CR values in Deepseek-R1 and OpenAI o3-mini. Ana-
lyzed distributions include: 1) original word frequency
(log-scaled), and 2) IPA-based phonological distance
between homophones and original words. Higher CR
indicates less reliance on memorization.

phonological distance based on the International
Phonetic Alphabet (see Appendix B.3). Intuitively,
we hypothesize that LLMs rely more heavily on
memorization when processing: 1) those derived
from high-frequency original words (leveraging
their prevalence in training data), and 2) those ex-
hibiting substantial phonological divergence from
their original words.

Results are shown in Figure 6. Contrary to our
hypothesis, the original word frequency showed
little correlation with memorization dependence
during homophone restoration. Instead, phonologi-
cal divergence between homophones and original
words emerged as a more dominant factor (consis-
tent with what we observed in Figure 4), particu-
larly in OpenAI o3-mini.

4.3 Can Contextual Cues Enhance
Homophone Restoration in LLMs?

The basic assumption for examining the effect of
contextual information in homophone restoration
is that, as for humans, contextual information can
restrict and redirect potential choices in a more nar-
row range, facilitating accurate predictions. Thus,
context-enhanced prompts (Appendix B.2) were
employed to assess the role of context in improv-
ing LLMs’ restoration performance.

As shown in Table 2 and Figure 7, the context-
enhanced prompt can improve LLMs’ restoration
ability on Chinese homophones. Context imposes
constraints, guiding LLMs to generate restored
words relevant to the given semantic and pragmatic
environment. As presented in Table 2, for all four
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Model Homophone Context +Fewshot +Pinyin +CoT +MoT

Llama3.1-8B 0.052 0.058 0.156 0.036 0.099 0.164
Qwen2.5-7B 0.216 0.293 0.356 0.269 0.277 0.400
OpenAI o3-mini 0.622 0.723 0.732 0.723 0.718 0.762
Deepseek-R1 0.833 0.896 0.910 0.896 0.871 0.910

Table 2: Results of the context-enhanced prompt experiments. The best results among the Fewshot, Pinyin, CoT,
and MoT are bolded, and the second-best results are underlined.
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Figure 7: Comparison of the basic prompt and context-
enhanced prompt experiments’ results.

LLMs, contextual information can evidently im-
prove their performance of restoring homophones
into their original words (see the increased ac-
curacy from Homophone column to Context col-
umn). However, in-depth results in Figure 7 un-
cover that this improvement is not universal. In
other words, some cases correctly restored in the
basic prompt experiment would be incorrectly han-
dled after adding context. Specifically, for example,
in Llama 3.1, 10 such cases can be observed (see
upper right block), a phenomenon also seen in other
models. This suggests that contextual information
does not consistently impose a positive effect on
each Chinese homophone for restoration and can
sometimes disrupt comprehension or impair mem-
orization in LLMs.

4.4 Can Other Strategies Impact Homophone
Restoration in LLMs?

This study further examines if other strategies can
enhance restoration ability. Table 2 summarizes the
contributions of the different strategies.

Few-shot learning and MoT prompts can sig-
nificantly enhance the restoration performance by

presenting human-annotated examples to LLMs.
Examples from few-shot learning can reveal lin-
guistic patterns of homophones to LLMs, while
MoT prompts explicitly provide human reasoning
logic and pinyin-based knowledge. This enables
LLMs to adopt these reasoning strategies, further
improving their restoration capabilities.

Pinyin augmented prompts result shows that
LLMs have difficulty in explicitly adapting this
knowledge alone to assist homophone restoration.
This suggests that their orthography training may
limit their effective leverage of pinyin.

CoT prompts realized various performance fluc-
tuations among models. Specifically, Llama 3.1 im-
proves with CoT, while Qwen2.5, OpenAI o3-mini,
and Deepseek-R1 show declines. This discrepancy
may arise from their default reasoning strategies.
This task requires simultaneous pinyin and con-
textual information rationale. Without effective
guidance for basic CoT prompts, Qwen2.5, Ope-
nAI o3-mini, and Deepseek-R1 are prone to follow
the default think flow, leading to errors in reasoning.
In contrast, Llama 3.1 benefits from CoT as it com-
pensates for its default lack of reasoning emphasis,
improving restoration accuracy.

5 Conclusion

In this study, we present the first Chinese Inter-
net homophones dataset with language perturba-
tions to evaluate LLMs’ restoration capabilities
and their reliance on memorization. Our results
show that LLMs exhibit significant differences in
restoring homophones: larger models rely more on
reasoning, while smaller ones depend on memoriza-
tion. Performance variations are further influenced
by semantic, phonological, and graphemic differ-
ences between original words and homophones,
systematically affecting accuracy and memoriza-
tion dependence. Although strategies like contex-
tual cues, few-shot learning, and MoT improve
performance, pinyin-based augmentation unexpect-
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edly failed to enhance restoration. These findings
shed light on LLMs’ robustness with intralingual
and user-generated online content.

Ethics Statement

We do not foresee any ethical risks related to our
research.

Limitations

This study quantifies the extent of memorization in
LLMs’ restoration of Chinese homophones, though
the underlying mechanisms of restoration remain
unclear. A limitation is the use of DeepSeek-Chat
to generate context sentences, which, despite hu-
man proofreading and optimization, may still im-
pact experiments involving contextual prompts10.

Additionally, our study is confined to four mod-
els (Llama3.1-8B, Qwen2.5-7B, OpenAI o3-mini,
and Deepseek-R1), and results may vary with other
models. Future work should expand to diverse
languages and models to validate and refine these
findings.

Moreover, character co-occurrence and charac-
ter frequency are likely to influence the memo-
rization and reasoning processes of LLMs during
homophone restoration. Currently, there are no
up-to-date datasets that incorporate Chinese In-
ternet homophones along with data on character
co-occurrence and character frequency. Future re-
search efforts are expected to concentrate on col-
lecting such data, with the aim of further exploring
the impact of character co-occurrence and character
frequency on homophone restoration.
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A About Dataset

A.1 Human Annotation

In our paper, two aspects require annotation:
whether homophones have their meanings as ex-
isting words in Chinese and whether the sentence
carriers generated by Deepseek-V3 are appropriate
for the target homophone.

Regarding the first task, the Chinese homo-
phones in the dataset are assigned to three native
Chinese researchers in linguistics for annotation.
When their opinions are not in agreement, we adopt
the annotation results of the majority. For the latter
task, we invited the same annotators to make them
to determine the suitability of the homophone for
the given sentence. Subsequently, sentences with
different opinions will be further revised until a full
agreement is reached for further implementation.

A.2 Instruction for Annotators

Judgment of Homophone Inherent Meaning
• Please check each of the homophones below

and determine whether they have an inher-
ent meaning in Chinese as an existing word.
For example, “压力 (pressure)” and its homo-
phone “鸭梨 (Chinese white pear)”, where
“鸭梨” has its original meaning as a fruit, and
this kind of homophone should be marked as
“1”. Another example “焦虑 (anxiety)” and its
homophone “蕉绿 (banana-green, which has
no independent semantic meaning in standard
language)”, which should be marked as “0”.

• In general, if the homophone is a word with
a clear semantic meaning in regular language
use, mark it as “1”. If the homophone is just
created as a homophone and has no actual
semantic meaning, mark it as “0”.

The Inter-Annotator-Agreement (IAA) reaches
92.88% (Fleiss’ Kappa = 0.7215). Interannotators’
inconsistent cases will finalize the label by the ma-
jority choice.

Judgment of Carrier Sentences Suitability
• Please review these given sentences that carry

homophones. Your task is to determine
whether each sentence conforms to the func-
tions of Chinese homophones. If the sentence
is appropriate, mark it as “1”. If not (such as
incorrect grammar or inappropriate context),
mark it as “0”.

A.3 Pseudo-code for Categorization

The pseudo-code of grouping words based on
phonological and graphemic features is shown in
Table 3. Pinyin can be accessible by involving the
pypinyin package directly to transfer the charac-
ter into Chinese pinyin. The pseudo-code demon-
strates the logic of transferring words into Chinese
pinyin and conducting the phonological taxonomy
based on pinyin syllable and tone distinction. The
package can transfer the neutral tone into label “5”.

Pseudo-code for Categorization

Input: and

{
Original Word ow

Homophone h

Output: Result r
Procedure:
pyor = fchar2pinyin(ow)
pyho = fchar2pinyin(h)
(s1, t1) = pyor
(s2, t2) = pyho

r =





0, if s1 = s2 and t1 = t2

1, if s1 = s2 and t1 ̸= t2

2, if s1 ̸= s2 and t1 = t2

3, if s1 ̸= s2 and t1 ̸= t2
return r

Table 3: This table demonstrates the logic of phonologi-
cal taxonomy based on pinyin syllables and tone.

A.4 Prompt for Carrier Sentence Generation

The carrier sentences are generated from the
Deepseek-V3 based on the prompt shown in Ta-
ble 4. Since Deepseek-V3 may not be able to
understand the meanings of certain homophonies,
we first input the original words into Deepseek-
V3. This step allows Deepseek-V3 to generate
carrier sentences based on the original words. Sub-
sequently, we replace the original words with their
corresponding homophones. Finally, we present
these sentences with replaced homophonic words
to annotators for verification and modification.

A.5 Pseudo-code for Adversarial Variants
Generation

The pseudo-code of homophone variants genera-
tion is shown in Table 5.
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Chinese original version
/＊指令＊/
你是一位中文语言专家，擅长创作简单
的句子。请你根据输入中的词创作符合
逻辑的句子，要求结构简单，使用场景
日常。
/＊示例＊/
怎么了－＞怎么了？身体不舒服吗？
/＊输入＊/
English translated version
/＊Instructions＊/
You are a Chinese language expert and you
are good at writing simple sentences. Please
create logical sentences based on the words
in the input. The structure should be simple
and the use situation should be daily.
/＊Example＊/
What’s wrong－＞What’s wrong？
Don’t you feel well？
/＊Input＊/

Table 4: This table demonstrates the prompt design of
Context Sentence Generation task. The input language
is Chinese.

B About Experiments

B.1 Ablation Study

In order to explore performance fluctuations with
prompts in Chinese or English, we conducted an ab-
lation study before the formal experiment. We ap-
plied two open-source language models: Qwen2.5-
7B and Llama3.1-8B. The result is shown in Fig-
ure 8. The results indicate that Qwen2.5-7B can
achieve optimal performance with English prompts
in limited strategy, while Chinese prompts yield
better average performance. In contrast, Llama3.1-
8B obtains more optimized performance when us-
ing Chinese as the prompt language. Considering
the better performance of Chinese and the nature of
Chinese linguistic exploration, in our main experi-
ment, we used Chinese as the prompt language.

In details, we explored the output of Llama and
its rationale when using English prompts. This ap-
proach tends to generate coding-type words, such
as “\u5c0e\u9ed1\u62a8”. Consequently, the per-
formance in most tasks reaches 0 accuracy. Addi-
tionally, when using English prompts for the CoT
task, Llama3.1-8B generates rationale similar to
Python programming language. This information
is provided to guide you in using Python code to
achieve restoration. In that case, Llama also ex-

Pseudo-code for Varient Generation

Input:

{
Common Chinese Characters C

Custom Homophones H

Output: Result Variants V
Procedure:
D = C \H
(s1, t1) = fchar2pinyin(C)
(s2, t2) = fchar2pinyin(H)

r =

{
S1, if s1 = s2 ∧ t1 ̸= t2

S2, if s1 = s2 ∧ t1 = t2
Variants:
V1 = {v | p(v) = p(c) ∧ 0.5c ̸= 0.5v}
V2 = {v | p(v) = p(c) ∧ c ̸= v}
V3 = {v | 0.5p(v) = 0.5p(c) ∧ 0.5c ̸=
0.5v}
V4 = {v | p(v) ̸= p(c) ∧ c ̸= v}
return Variants V

Table 5: This table demonstrates the logic of catego-
rization based on pinyin syllables, tone, and variant
generation.

hibits extremely weak performance.

B.2 Details of Prompts
The step-by-step investigation on LLMs’ restora-
tion of Chinese homophones requires highly struc-
tured prompts to make LLMs understand their tasks
as well as avoid the performance influence by the
different context information.

Basic Prompt Design
In the basic prompt, we do not give any related
information but the homophone itself to instruct
LLMs for restoring based on the given homophone
alone. Prompts are shown in Table 6.

Context-enhanced Prompt with Pinyin and
Few-shot learning Design
Due to context can assist in constructing mean-
ing via the specific contextual cue offering, our
study designs the context-enhanced prompt to ex-
plore its function in restoration. Additionally, the
few-shot enhanced and pinyin are used to further
examine their influence on restoration as the homo-
phone source-target pattern and Chinese phonolog-
ical spelling role are vital for this restoration task.
The prompt is shown in Table 7.

CoT and MoT prompts Design
CoT and MoT can explicitly activate the rationale
of LLMs by directly showing examples in prompts.
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Llama_CNQwen_CNLlama_ENQwen_EN

0.0000.0000.0000.000Basic Prompt

0.0000.0980.0000.059Context 
Enhanced

0.0200.0390.0000.059Pinyin

0.0780.2000.0200.176Few-shot 
Learning

0.0590.1760.0000.137CoT

0.1570.1760.0200.216MoT

0.0520.1140.0080.108AVG

Figure 8: This table demonstrates the performance of
different models using different languages in given tasks.
Qwen_EN, Llama_EN, Qwen_CN and Llama_CN de-
note Qwen2.5-7B and Llama3.1-8B using English and
Chinese Prompts. AVG refers to the average accuracy
of specific model with one language.

Chinese original version
/＊指令＊/
你是一位专业的中文语言分析专家。你会接收到
一个中文谐音词作为输入内容，请准确将其还原
为原本的词汇，然后只输出一个符合“原词”：
“XXX”格式的 JSON数据，这里的“XXX”
就是你所输入的谐音词所对应的原本词汇。
//*输入 */
当前的输入是：
English translated version
/＊Instructions＊/
You are a professional Chinese language analysis ex-
pert. When receiving a Chinese homophone word or
phrase as input, accurately revert it to its original word
or phrase, then only output a JSON object conforming
to the format “originalWord”: “XXX”, where “XXX”
represents the original word or phrase corresponding
to the input homophone term.
/＊Input＊/
Current input is:

Table 6: This table demonstrates the basic prompt de-
sign of restoration task. The input language is Chinese.

The CoT can allow models to reason with the de-
fault chain, while the MoT can offer the human
thinking chain to let models fit to restrict the chain
more task-specific and similar to humans. The
prompt design is demonstrated in Table 8.

B.3 Phonological Similarity Algorithm

We applied Panphon to calculate the phonological
similarity between the homophone and its corre-
sponding original word. The detailed procedure is
demonstrated in Table 10. This method converts
pinyin to IPA using the Dragonmapper package,
then computes multiple distance metrics. Since dif-
ferent articulatory features contribute unevenly to
phonetic perception, we adopt the weighted feature
edit distance to account for these variations.

Chinese original version
/＊指令＊/
你是一位专业的中文语言分析专家。你会收到含有
一个谐音词的中文句子和该句子中的拼音，和该句
子中的中文谐音词和谐音词的拼音作为输入内容，
请准确将其中的谐音词还原为原本的词汇，直接输
出且只输出一个符合 “原词”：“XXX” 格式的
JSON 数据，这里的 “XXX” 就是输入谐音词所
对应的原本的中文词汇。输出中只能含有该json数
据，而不能包含其他任何多余信息。
/*示例 */
（1）句子输入：不要对我人参公鸡，否则我让管
理员过来处理了。
谐音词：人参公鸡
输出为：“原词”：“人身攻击”(... with two more
examples)
//*输入 */
句子输入：
句子输入的拼音：
谐音词：
谐音词的拼音：
English translated version
/＊Instructions＊/
You are a professional Chinese language analysis expert.
When receiving Chinese sentence containing a homo-
phone and the pinyin of the sentence, as well as the
homophone in the sentence and the magenta of the ho-
mophone as the input, accurately revert the homophone
part to the original word or phrase, then only output a
JSON object conforming to the format “original word”:
“XXX”, where “XXX” represents the original word or
phrase corresponding to the input homophone term.
/* Examples */
(1) Input sentence is: Don’t ginseng male chicken to me,
or I’ll have the warden come and deal with it.
Homophone is: ginseng male chicken
Output is: “original word”: “personal abuse”(... with
two more examples)
/＊Input＊/
Input sentence is:
Pinyin of input sentence is:
Homophone is:
Pinyin of homophone is:

Table 7: This table demonstrates the context-enhanced
prompt design for restoration with two additional im-
provement strategies. The text with this text color de-
note the core addition of context-enhanced prompt. The
text represents pinyin enhanced prompt. The text refers
to few-shot learning enhanced prompt examples. The in-
put language is Chinese while English translated version
is a literal translation for understanding.
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Chinese original version
/＊指令＊/
你是一位专业的中文语言分析专家。你会收到含
有一个谐音词的中文句子和该句子中的谐音词作
为输入内容，请首先给出思考推理的过程，然后准
确地将句子的谐音词还原为原本的词汇，最后只
输出样式为 “推理过程”：“XXX”,“原词”：
“XXX” 的 JSON 数据，这里的第一个“XXX”
是你推理的过程，第二个“XXX”就是你所输入
的谐音词所对应的原本词汇。 输出中只能含有
该json样式的数据，而不能包含其他任何多余信
息。
/*示例 */
句子输入：不要对我人参公鸡，否则我让管理员过
来处理了。
谐音词：人参公鸡
输出为：“推理过程”：“‘人参公鸡’的拼音
是[[ren2],[shen1],[gong1],[ji1]]，原词应该为‘人身
攻击’，拼音是 [[ren2],[shen1],[gong1],[ji1]]。这是
属于完全的同音字置换形成的谐音词现象，拼音
拼写（发声位置）以及音调没有发生任何变化。
这个谐音词中的‘参’，‘公’和‘鸡’字属于
遭到置换的字。他们分别经历将’身’替换为’参’，
将’攻’替换为’公’，将‘击’替换为‘鸡’。这一
现象仅改变了汉字写法，保持发音一致形成了谐音
效果”,“原词”：“人身攻击”...(with two more
examples)
//*输入 */
句子输入：
谐音词：
English translated version
/＊Instructions＊/
You are a professional Chinese language analysis expert.
When receiving a Chinese sentence with a homophone
words/phrase as input: please first give the rationale,
then accurately revert the word or phrase in the sentence
back to original form with only output a JSON object
conforming to the format “reasoning process”: “XXX”,
“original word”: “XXX”, where the first “XXX” is the
reasoning process you carried out, and the second “XXX”
represents the original word or phrase corresponding to
the input homophone term.
/* Examples */
Input sentence is: Don’t ginseng male chicken to me, or
I’ll have the warden come and deal with it.
Homophone: ginseng male chicken
Output: “reasoning process”: “Pinyin of ‘ginseng
male chicken’ is [[ren2],[shen1],[gong1],[ji1]]. Orig-
inal means ‘personal abuse’. This is a homophonic phe-
nomenon formed by complete homophone replacement,
but no change in spelling or tone.‘Seng’, ‘male’, and
‘chicken’ in homophone belong to replaced words. They
experienced replacing ‘body’ with ‘seng’, ‘attack’ with
‘male’, and ‘strike’ with ‘chicken’ respectively. This
phenomenon only changed Chinese characters, keep-
ing the pronunciation consistent to form homophonic
effects.”, “original word”: “personal abuse”...(with two
more examples)
/＊Input＊/
Input sentence is:
Homophone is:

Table 8: This table demonstrates the CoT and MoT
prompt. The text is explict activation of LLMs’ rela-
tionale. The content represents MoT with human ratio-
nale and true case. The input language is Chinese, while
English translated version is given for understanding.

Model Real Acc Synthetic Acc

Llama3.1-8B 0.12 0.30
Qwen2.5-7B 0.64 0.80

OpenAI o3-mini 0.93 0.90
Deepseek-R1 0.99 1.00

Table 9: This table compares LLM performance using
the MoT prompt on synthetic vs. real-world sentences.
Real Acc represents the restoration accuracy for au-
thentic homophone-included sentences, while Synthetic
Acc denotes the accuracy for synthetic sentences with
corresponding homophones.

Pseudo-code for Panphon-based Phonetic Distance

Input:

{
Pinyin1 p_t1
Pinyin2 p_t2

Output: Normalized Similarity S ∈ [0, 1]
Procedure:
1. Phoneme Alignment:

Align p_t1 and p_t2 using IPA segmentation
2. Panphon Distance:
D ← panphon.distance(p_t1, p_t2) (Weighted fea-

ture edit distance)
3. Similarity Conversion:
S ← 1− D−min(D)

max(D)−min(D)
(Normalized to [0,1])

Table 10: Phonetic similarity computation using Pan-
phon’s distance method. Pinyin was directly input with
the spelling like ō and transferred into IPA to capture
the articulation of sounds.

C Additional Results Analyses

C.1 Comparison between Sentences in
Real-case and Synthetic Data

This study is constrained by its reliance on syn-
thetic data generated by LLMs, leaving real-world
cases untested. Owing to the scarcity of struc-
tured data on Chinese internet homophones, we
randomly selected ten homophones and sourced
corresponding sentences via an online Weibo cor-
pus with a corpus retrieval function at link, estab-
lishing a 1:10 homophone-to-sentence mapping.
These real-world sentences were then applied us-
ing the MoT strategy to validate its efficacy on
synthetic datasets. The results and key distinctions
are summarized in Table 9.

Although we did not test all homophone cases
to calculate overall accuracy, the trends observed
in real-world and synthetic sentences are consis-
tent. This suggests that synthetic data can mirror
outcomes similar to real-world data and validates
the feasibility of using synthetic data in the main
experiment. However, the significant discrepancy
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between the two also highlights that synthetic data
may not fully capture the complexity of real-world
scenarios, especially affecting the small models’
performance a lot.

C.2 Confusion Matrices

This section reveals all confusion matrix of com-
parison between context-enhanced prompts with
context and few-shot learning-enhanced, context
and pinyin syllable-enhanced, context and CoT ac-
tivating, and context and MoT activating prompts.
Figure 9 shows the various strategies of prompts’
effects on the case level. The confusion matrix
highlights that the strategies of different prompts
cannot consistently enhance or decline in each case.
(A case can be correctly restored in one strategy,
but it may be correctly or wrongly restored in sub-
sequent strategies.)

C.3 Rationale in Error Cases Study

This session lists the original rationale in Chinese
in Table 11 and Table 12.

D Experiment Details

During the experiments, we utilize one A100 GPU
with 40GB of memory. Each experiment is config-
ured to not exceed three hours in duration.

For the reasoning tasks of Deepseek-R1 and Ope-
nAI o3-mini, we obtain access through the official
API channels provided by the respective companies.
As for Qwen2.5-7B and Llama3.1-8B, we down-
load them from the official Hugging Face website
and make use of the transformer package available
there to integrate them into our experimental setup.

E Error Cases Study

Results from basic prompts and enhanced strate-
gies reveal that LLMs can only restore a subset
of Chinese homophones in our dataset, underscor-
ing the challenges they face in restoration tasks.
This section empirically investigates reasons be-
hind their limitation by analyzing the rationale con-
tents and restored words via CoT and MoT experi-
ments. Through additional discussion of erroneous
cases, we gain deeper insights into the underly-
ing causes of these challenges. Detailed rationales
for the examples are provided in Table 12 in Ap-
pendix C.3.

We manually reviewed homophones incorrectly
restored by LLMs and categorized the errors into
three types: 1) Same Meaning Restoration: The

restored homophone has the same basic meaning
as the original but is incomplete; 2) Similar Mean-
ing with Lost Elements: The restored homophone
conveys a similar meaning but loses some semantic
elements of the original; 3) Completely Wrong
Restoration: The restored word is entirely incor-
rect, bearing no meaningful relation to the original.

The Type 1 example, “石乐志” (shi2 le5 zhi4,
literally “stone-happy-ambition”), was correctly
restored as “失了智” (shi2 le5 zhi4, “lost one’s
mind”) in the basic prompt experiment, relying on
memorization. However, with CoT involvement, it
was incorrectly restored as “失智” (shi1 zhi4, “lose
mind”), omitting the past tense marker “了”. This
misalignment during reasoning highlights a limita-
tion of CoT, where LLMs overthink meanings and
neglect functional elements like tense markers. In
contrast, the MoT prompt, which activates memo-
rization and emphasizes proper alignment, ensures
correct restoration. This suggests that LLMs’ de-
fault CoT reasoning struggles to balance content
words and functional elements, sometimes priori-
tizing meaning over structural accuracy.

The example of “雾化女性” (wu4 hua4 nü3
xing4, “atomization-women”) in Type 2, is a par-
tial homophone substitution and memory-relying
restored homophoneme in the basic prompt experi-
ment. However, CoT prompts incorrectly restores
it as “物化” (wu4 hua4, “objectify”), neglecting the
component of “woman”, while MoT prompts can
still capture all components correctly. This proves
LLMs might lose their attention by CoT in dealing
with multi-word tasks and tend to put the dominant
focus on some key parts during restoration.

Type 3 is illustrated by the example of “非珠牛”
(fei1 zhu1 niu2, “Non-jewelry cow”), which could
be restored into “非主流” (fei1 zhu3 liu2, “non-
mainstream”) by using either memory or reasoning,
as demonstrated in the basic prompt experiment.
However, when guided by CoT prompts, it is in-
correctly restored as “非洲鼓” (fei1 zhou1 gu3,
“African drum”). The CoT rationale encounters two
issues: incorrectly dividing the multiword term into
two parts, “非珠” and “牛” instead of the correct
pattern “非” and “珠牛”, and excessively restoring
the character “牛”. In contrast, MoT prompts stress
the entire word, facilitating correct restoration.
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Figure 9: Comparison context-enhanced prompt between context enhanced with few-shot learning prompt, context
enhanced with pinyin syllable prompt, context enhanced prompt with COT strategy, and context enhanced prompt
with MOT experiments’ results, in the form of confusion matrices.
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Type Homophone CoT Rationale

Same semantic
meaning restored word

石乐志 (shi2 le4 zhi4)
(stone happy ambition)

{“推理过程”：“句子中的‘石乐志’发音与’失
智’（shi1zhi4）相近，‘失智’指失去理智或精神恍惚，
符合后文‘忘东忘西’的健忘语境。网络用语中常用‘石
乐志’谐音表达这种状态。”,“原词”：“失智”}

Similar meaning with
elements lost restored
word

雾化女性 (wu4 hua4
nü3 xing4) (atomization
female)

{“推理过程”：“原句中的‘雾化’与‘物化’发音相
同，‘物化’指将人视为物品，常用于批评性别歧视行
为，符合句意中对男性行为的负面评价。而‘雾化’的
字面含义不符合语境，因此判断为谐音替换。”, “原词
”：“物化”}

Complete wrong
restoration

非珠牛 (fei1 zhu3 niu2)
(Non jewelry cow)

{“推理过程”：“谐音词‘非珠牛’的发音为fei1 zhu3
niu1，需寻找与之发音相近且符合语境的音乐类型。
‘非珠’与‘非洲’发音接近（zhu1与zhou1在某些方
言中相似），‘牛’可能是‘鼓’的误写或方言发
音(gu3与niu2可能存在地域性发音混淆)。结合‘非洲鼓
音乐’在年轻人中流行的文化现象，判断原词应为‘非洲
鼓’。”,“原词”：“非洲鼓”}

Type Word MoT Rationale

Same semantic
meaning restored word

石乐志 (shi2 le4 zhi4)
(stone happy ambition)

{“推理过程”：“‘石乐志’的拼音是shi2 le4 zhi4，
原词应该为‘失了智’，拼音是shi1le5 zhi4。这是属于
部分同音字置换形成的谐音词现象，其中‘石’与‘失
’存在声调差异（阳平变阴平），‘乐’与‘了’属于
同音字置换（仅改变汉字写法），‘志’与‘智’属于
完全同音字置换。这种谐音现象通过调整部分字的声调
（shi2→shi1）并配合同音字替换（le→le，zhi→zhi）来
实现谐音效果，在保持整体发音近似性的同时形成网络用
语的特殊表达方式。”,‘原词’：“失了智”}

Similar meaning with
elements lost restored
word

雾化女性 (wu4 hua4
nü3 xing4) (atomization
female)

{“推理过程”：“‘雾化’的拼音wu4 hua4，原词应该
为‘物化’，拼音为wu4 hua4。这是属于完全的同音字置
换形成的谐音词现象，拼音拼写(发声位置)以及音调没有
发生任何变化。这个谐音词中的‘雾’属于遭到置换的
字。将‘物’替换为‘雾’。这一现象仅改变了汉字写
法，保持发音一致形成了谐音效果”,“原词”：“物化
”}

Complete wrong
restoration

非珠牛 (fei1 zhu3 niu2)
(Non jewelry cow)

{“推理过程”：“‘非珠牛’的拼音是fei1 zhu1 niu2，
原词应该为“非主流”，拼音是fei1 zhu3 niu2。这是属于
发音位置变化结合声调变化的谐音词现象。其中‘珠’字
将原词‘主’(zhu3)的声调从第三声改为第一声，‘牛’
字则将‘流’(liu2)的声母从[l]改为[n]，在部分方言区存
在n/l不分现象。这一谐音词通过调整声母发音位置(n/l替
换)和改变声调(第三声转第一声)，在保持整体音节相似度
的同时形成了诙谐表达效果”,“原词”：“非主流”}

Table 11: This table shows the three types of words and examples, which represent three kinds of restoration error.
The Chinese original CoT and MoT prompts are listed in the right part of the table with the rationale procedure and
restored words.
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Type Homophone CoT Rationale

Same semantic
meaning restored
word

石乐志 (shi2 le4
zhi4) (stone happy
ambition)

Reasoning process: The term “石乐志” in the sentence has a similar pro-
nunciation to “失智”, shi1 zhi4. “失智” means losing one’s rationality
or being in a trance, which is consistent with the context of forgetful-
ness described as “forgetting things here and there” later. In Internet
lang, “石乐志” is often used as a homophonic way to express this state.
Original term: “失智” (loss of wisdom) (shi1 zhi4)

Similar meaning
with elements lost
restored word

雾化女性 (wu4
hua4 nü3 xing4)
(atomization
female)

Reasoning process: In the original sentence, the pronunciation of “雾
化” (atomization) is the same as that of “物化”, wu4 hua4. It aligns
with the negative evaluation of men’s behavior in the meaning of the
sentence. However, the literal meaning of “雾化” does not fit the context.
Therefore, it is determined that it is a homophonic substitution. Restored
word: “物化”(objectify) (wu4 hua4)

Complete wrong
restoration

非珠牛 (fei1 zhu3
niu2) (Non jewelry
cow)

Reasoning process: The homophonic word “非珠牛” is pronounced
as fei1 zhu1 niu2. We need to find a musical genre with a similar
pronunciation that fits the context. “非珠” has a pronunciation close to
fei1 zhu1 (the pronunciation of zhu1 and zhou1 can be similar in some
dialects), and niu2 might be a miswriting of or a dialectal pronunciation
of “鼓” (there could be a confusion in regional pronunciations between
gu3 and niu2). Considering the cultural phenomenon that African drum
music is popular among young people, it is judged that the original word
should be “非洲鼓” (African drum), fei1 zhou1 gu3. Restored word:
“非洲鼓” (African drum) (fei1 zhou1 gu3)

Type Word MoT Rationale

Same semantic
meaning restored
word

石乐志 (shi2 le4
zhi4) (stone happy
ambition)

Reasoning process: The pinyin of “石乐志” is shi2 le4 zhi4, and the
original phrase should be “失了智” with the pinyin shi1 le5 zhi4. This
is a phenomenon of homophonic words formed by replacing some
homophonic characters. Among them, there is a difference in tone
between “石” (shi2) and “失” (shi1); “乐” and “了” are homophonic
character replacements(only the written Chinese characters are changed);
“志” and “智” are completely homophonic character replacements. This
kind of homophonic phenomenon is achieved by adjusting the tones of
some characters (shi2→shi1) and matching with homophonic character
replacements (le→le, zhi→zhi). While maintaining the approximate
similarity of the overall pronunciation, it forms a special expression
in Internet slang. Restored word: “失了智” (loss of wisdom)(shi1 le5
zhi4)

Similar meaning
with elements lost
restored word

雾化女性 (wu4
hua4 nü3 xing4)
(atomization
female)

Reasoning process: The pinyin of “雾化” (atomization) is wu4 hua4,
and the original word should be “物化” (objectify), with the pinyin also
being wu4 hua4. This is a phenomenon of homophonic words formed
by a complete replacement of homophonic characters, where neither the
pinyin syllables spelling (place of articulation) nor the tone has changed
at all. In this homophonic word, the character “雾” (wu4) is the one
that has been replaced. The character “物” (wu4) has been substituted
with “雾” (wu4). This phenomenon only changes the written form of
the Chinese character while keeping the pronunciation consistent, thus
creating a homophonic effect. Original word: “物化” (objectify) (wu4
hua4)

Complete wrong
restoration

非珠牛 (fei1 zhu3
niu2) (Non jewelry
cow)

Reasoning process: The pinyin of “非珠牛” is fei1 zhu1 niu2, and the
original word should be “非主流” with the pinyin fei1 zhu3 liu2. This
is a phenomenon of homophonic words that combines changes in the
place of pronunciation and tone changes. Among them, for the character
“珠” (zhu1), the tone of the original character “主” (zhu3) has been
changed from the third tone to the first tone. As for the character “牛”
(niu2), the initial consonant of “流” (liu2) has been changed from [l] to
[n]. There is a phenomenon of confusion between “n” and “l” in some
dialect areas. This homophonic word forms a humorous expression
effect while maintaining the overall similarity of syllables by adjusting
the pronunciation position of the initial consonant (replacement of “n”
and “l”) and changing the tone (changing from the third tone to the first
tone). Original word: “非主流” (non-mainstream)(fei1 zhu3 liu2)

Table 12: This table shows the three types of words, which represent three kinds of restoration error. The English-
translated CoT and MoT prompts are listed in the right part of the table with the rationale procedure and restored
words.
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