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Abstract

A Warning: This paper contains content that
may be offensive or harmful

While large language models (LLMs) have
achieved remarkable success in general lan-
guage tasks, their performance on Chouxi-
ang Language, a representative subcultural lan-
guage in the Chinese internet context, remains
largely unexplored. In this paper, we introduce
Mouse, a specialized benchmark designed to
evaluate the capabilities of LLMs on NLP tasks
involving Chouxiang Language across six tasks.
Experimental results show that, current state-of-
the-art (SOTA) LLMs exhibit clear limitations
on multiple tasks, while performing well on
tasks that involve contextual semantic under-
standing. In addition, we further discuss the
reasons behind the generally low performance
of SOTA LLMs on Chouxiang Language, ex-
amine whether the LL.M-as-a-judge approach
adopted for translation tasks aligns with hu-
man judgments and values, and analyze the
key factors that influence Chouxiang transla-
tion. Our study aims to promote further re-
search in the NLP community on multicultural
integration and the dynamics of evolving inter-
net languages. Our code and data are publicly
available!.

1 Introduction

With the widespread use of social media, inter-
net language and memes have become an integral
part of digital platforms and everyday communi-
cation (Kostadinovska-Stojchevska and Shalevska,
2018; Vlasov et al., 2024). In the Chinese internet
context, Chouxiang Language represents a distinc-
tive linguistic variant. Originating around 20135, it
initially served as a mechanism to express negative
sentiments and evade censorship. Consequently,
“Equal contribution
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the term historically carried negative connotations.
However, it has evolved significantly over the past
decade. Driven by the widespread popularity of
Chouxiang Culture, a vast amount of non-offensive
content has emerged. Chouxiang Language has
thus turned into a neutral and highly symbolic sub-
cultural code. Characterized by its specific expres-
sive forms, it is now widely adopted by Chinese
youth and online communities. A more detailed
description of the Chouxiang Culture is given in
Appendix A.

Chouxiang Language is usually formed by trans-
forming sentences originally composed entirely of
Chinese characters into expressions that combine
text, emojis, and metaphorical elements, mainly
through homophonic substitution, visual symbol
analogy, and literal semantic translation. For ex-
ample, in the expression " T A] & ~/NE @ 0
(You’re such a smart cookie). The character (‘T)
functions as a homophonic substitute for "You"
(f£%); the emoji "“=" metaphorically implies "clever-
ness" through the visual association of a brain; and
" <" retains the literal semantics of "ghost(%)."
Although this mode of expression significantly de-
viates from Standard Chinese in both form and
semantics, thereby creating a non-standard seman-
tic space, it maintains high intelligibility within
communities that share the same subcultural con-
text.

Despite the widespread influence of Chouxiang
Language as a representative internet language
within the Chinese internet and society, a system-
atic analysis of this phenomenon remains absent
in the existing natural language processing (NLP)
community. Particularly, given the remarkable
performance of Large Language Models (LLMs)
across various NLP tasks in recent years (Brown
et al., 2020; Achiam et al., 2023; Liu et al., 2024),
a interesting question arises: What are the capabili-
ties of LLMs in mastering Chouxiang Language?

We consider this problem important for three rea-
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Figure 1: Overall structure of our proposed Mouse benchmark.

sons: First, from the perspective of computational
social science and culture, existing LLMs and
benchmarks exhibit a pronounced Western-centric
bias, predominantly reflecting Western mainstream
values (Cao et al., 2023; Naous et al., 2024; DUR-
MUS et al., 2024; Singh et al., 2025). Since lan-
guage is the carrier of the cultural core (Wang
et al., 2024a; Zhang et al., 2024; Wang et al., 2025,
2026), exploring Chouxiang Language, a typical
non-Western subcultural linguistic variant, is es-
sential. It not only fills the gap in multicultural
research for LLMs but is also crucial for under-
standing linguistic practices within complex cul-
tural contexts. Second, existing studies focusing
on Chinese internet language often confine such
linguistic phenomena to negative pragmatic dimen-
sions, such as toxic language detection and per-
turbed language detection (Xiao et al., 2024; Wu
et al., 2025a; Bai et al., 2025; Guo et al., 2025).
This focus overlooks the neutral and even posi-
tive functions that have emerged during the long-
term evolution of Chouxiang Language. These
non-negative semantic spaces remain largely under-
explored. Finally, although prior studies have made
impressive progress in the study of Chinese memes
and Chinese buzzwords (Xie et al., 2025; Huang
et al., 2025), these are only a subset of Chouxi-
ang Language. Given that Chouxiang Language
possesses more complex semantic structures and
linguistic features, this paper aims to bridge this

research gap. We strive to construct a more compre-
hensive analytical framework of Chouxiang Lan-
guage for the NLP community, thereby fostering
a deeper understanding of such online linguistic
phenomena.

To bridge this gap, we introduce Mouse, a bench-
mark designed to evaluate LLMs’ proficiency in
Chouxiang Language across six tasks. Our results
show that while these LLMs demonstrate some un-
derstanding of contextual information, they have
difficulty handling other aspects. In addition, we
conducted a detailed analysis, hoping that our study
can contribute to the development of the NLP com-
munity focused on subcultural languages.

In summary, the main contributions of this paper
are as follows:

* Subculture Formalization We introduce
Chouxiang Language, a unique internet sub-
cultural language, to the NLP community.

* Evaluation Benchmark We propose Mouse,
the first LLM evaluation benchmark tailored
for Chouxiang Language. Comprising six
NLP tasks, aiming to evaluate LLMs’ pro-
cessing of this subcultural language.

* Experimental Analysis We conduct exten-
sive experiments on SOTA LLMs. Further-
more, we analyze the potential factors under-
lying their performance and offer insights for
future research.
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2 Preliminaries

2.1 The Definition of Chouxiang Language

Chouxiang Language is a distinctive variant of Chi-
nese internet language. It serves as a concrete man-
ifestation of Chinese online subculture. Its core
mechanism integrates diverse elements, such as
special characters, homophones, Pinyin acronyms,
dialects, emojis, Chinese radical combinations, and
internet memes (Chen, 2021). Characterized by
its implicit nature where meanings are felt rather
than explicitly stated, Chouxiang Language func-
tions as a subcultural mode of communication that
emphasizes the conveyance of emotion over literal
information.

2.2 Taxonomy

To systematically analyze the complexity of Choux-
iang Language and clarify its underlying logic, we
categorize it into two dimensions: representational
components and intents. This fine-grained taxon-
omy provides the theoretical foundation for our
subsequent evaluation. By jointly modeling linguis-
tic structure and pragmatic function, the taxonomy
enables a more comprehensive evaluation of model
capabilities.

2.2.1 The Representational Component of
Chouxiang Language

Prior studies (Chen, 2021) primarily categorized
Chouxiang Language based on its origins, dividing
it into symbols, homophones, dialects, and memes.
Although these classifications documented early
linguistic phenomena, they exhibit significant fea-
ture overlap and fail to capture recent, more decon-
structive practices. Consequently, we propose a
systematic classification of representational com-
ponents from the perspective of symbolic represen-
tation (Shelestiuk, 2003). We categorize these com-
ponents into three core dimensions: homophonic,
visual, and semantic. Within this framework, a
single sentence may simultaneously exhibit charac-
teristics from multiple dimensions. The examples
across three representational components can be
found in Table 1.

Homophonic Component This dimension ex-
ploits the phonological redundancy of the Chinese
language. Users construct Chouxiang expressions
through homophonic substitution using Chinese
characters, alphanumeric symbols, or multi-stage
“image—name—homophone” mapping chains. This

process maps the target vocabulary to characters
with similar or identical pronunciations.

Visual Component Leveraging the ideographic
nature of Chinese characters and the pictographic
properties of emojis, this component exploits vi-
sual analogy through geometric structures, radicals,
and other iconic imagery and emoji. It manifests
through three mechanisms: (1) Character Decom-
position, which fragments glyphs into constituent
radicals to increase textual discreteness; (2) Visual
Metaphor, where characters and emojis undergo
semantic extension based on intuitive visual associ-
ations; and (3) Geometric Transformation, involv-
ing inverted or deformed typography to disguise
sensitive content.

Semantic Component This dimension focuses
on meaning-level mapping. It includes (1) Sym-
bolic Literalism, which uses the direct or socially
shared meanings of emojis, and (2) Dialectal Bor-
rowing, which draws on regional pronunciation or
writing variants to add humor or shift style while
preserving the core meaning.

2.2.2 The Intent of Chouxiang Language

In contemporary social media, Chouxiang Lan-
guage serves not merely as a marker of identity
but also functions as a vehicle for diverse commu-
nicative intents, akin to natural language. These
communicative acts include, but are not limited
to: comments of specific events (e.g., sarcasm or
praise), direct emotional expressions (e.g., vent-
ing anger or helplessness), basic factual statements,
and subculturally characteristic humor and memes.
Furthermore, within specific contexts, it exhibits
action-oriented directives or functions as a tool for
implicit sexual reference.

As Chouxiang Language enters broader use,
analysis must move beyond surface-level symbols
and consider its role in social interaction and be-
havioral intent. Consequently, we categorize these
intents into eight distinct classes: Comment (e.g.,
complaint, praise), Emotional Expression, General
Statement, Sexualized Reference, Making a Joke
& Memes, Group Identity, Urging, and Others.

2.3 Chouxiang Language Evaluation Instance

Drawing inspiration from McBE (Lan et al.,
2025b), we integrate the Chouxiang Language
Evaluation Instance (CXEI) into Mouse, which
is a structured evaluation concept. As the core
unit of our benchmark, CXEI enables a detailed
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Component Original Text Derivational Logic Standard Chinese  English Reference
Homophonic F 6 ghu bao) Nfiar-homoph?ne substltl{t‘lon T LZhu bo) Streamer .
91%% I %* — K (pai) — HE (pai) 91%HE Arrange you with 91
1THAE Structural decomposition of characters FTIE (xing ba) That’s OK
Visual FI7 T IR Iconographic metaphor (% — &) T T IREK Scatter your ashes
(ouew fuonls u Inverted Pinyin PRULARIG W What the hell are you
talking about
. BRE Bz Direct symbolic literalism PREF BT Step on a banana peel
Semantic N NN . . . -~ N N
VRFT (giin ci ke) Dialectal register transformation VRHIZ: (giin chii qit) ~ Get out

Table 1: Representative examples across three representational components of Chouxiang Language.

Attribute Example (ZH) Example (EN)

Original Text N R@E A I N/A

Reference MRFIRANE R T Young man, are you out of your mind?
Representational Component 14 & Homophonic

Intent P (MR #9555 Comments (criticisms, praises, etc.)
Toxicity 0 0

Table 2: Chinese and English examples for each attribute in a CXEI. The conversion process is as follows: # —

K (hud) — Fk(hud); 1T (zhi) — F(zi); ®—/\(ba) — A(bir); and 4 — B (1a jizo) — F(1a) — T (le).

assessment of model performance in processing
Chouxiang Language. Mouse comprises a total of
1,099 CXEIs. Each CXEI is characterized by the
following attributes:

Original Text The raw text in Chouxiang Lan-
guage, typically composed of a mixture of emo-
jis, Chinese characters, Latin letters, punctuation
marks and other characters.

Reference The corresponding text consisting ex-
clusively of Chinese, serving as an translation.

Representational Component These are catego-
rized into three types: Homophonic, Visual, and
Semantic.

Intent The categories include Comment (e.g.,
Complaint, Praise), Emotional Expression, Gen-
eral Statement, Sexualized Reference, Humor &
Memes, Urging, Group Identity, and Others.

Toxicity A binary label indicating whether the
text contains toxic content (labeled as 1 for toxic,
and O otherwise).

An example of CXEI can be found in Table 2.

3 Dataset and Evaluation Tasks

The data sources for Mouse fall into two primary
categories: web collection and manual construction.
We aim to harvest data from diverse contexts to
ensure the breadth, depth, and representativeness
of the dataset. More detailed are provided in the
Appendix B.

Task Definition Systematically quantifying
LLM proficiency in Chouxiang Language and
culture presents significant challenges. We address
this by introducing six tasks in Mouse: Translation,
Representational Component  Classification,
Intent Recognition, Toxicity Detection, Meaning
Selection, and Cloze Completion. Higher scores
on these metrics indicate better proficiency of
meaning. Detailed evaluation prompts are provided
in the Appendix D.

3.1 Translation (TR)

The Translation task aims to rigorously assess a
model’s ability to decode complex Chouxiang Lan-
guage and translate it into Standard Chinese. In this
task, models are required to accurately identify and
reconstruct pragmatic information encoded in orig-
inal text. The ultimate goal is to generate coherent
and accurate sentences in Standard Chinese.

We evaluate model performance using an LLM-
as-a-Judge (Zheng et al., 2023). To ensure eval-
uation integrity, an anti-cheating filter is first ap-
plied, where responses that merely replicate the
original text without meaningful transformation
are automatically assigned a score of 0. For valid
responses, we score them on three levels based on
how closely their meaning aligns with human refer-
ences: 2 points are awarded for full consistency in
both core semantics and key terms; 1 point is given
for partial alignment where essential information
is retained despite minor deviations; and O points
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are assigned for complete divergence or a total loss
of key information. To obtain the final task score,
we average the results of all CXEIs and map them
linearly to a 0—1 scale.

3.2 Representational Component
Classification (RC)

The Representational Component Classification
task aims to evaluate whether a given original text
contains specific representative components, such
as semantic, homophonic, or visual features. The
task is conceptually designed as three parallel bi-
nary classification sub-tasks. However, considering
the models’ understanding capability, we separate
them into three independent tasks and then aggre-
gate the results. For each sub-task, the model inde-
pendently determines whether the given component
is present in the text (1 for presence, 0 for absence).
The final score is obtained by computing the Bal-
anced Accuracy for each sub-task and averaging
the three results.

3.3 Intent Recognition (IR)

The Intent Recognition task measures the model’s
ability to identify the underlying purpose of Choux-
iang Language expressions. Models must classify
original texts into predefined categories that reflect
the subculture’s pragmatic functions: informational
(General Statement, Urging), affective (Comment,
Emotional Expression), social (Group Identity, Hu-
mor & Memes), and non-standard semantic de-
viations (Sexualized Reference). Performance is
measured by classification accuracy, defined as the
proportion of correctly identified intents.

3.4 Toxicity Detection (TD)

The Toxicity Detection task evaluates a model’s
ability to identify veiled malicious speech that by-
passes traditional keyword filters through emojis,
acronyms, or homophones. Specifically, models
must distinguish genuine aggression consisting of
verbal abuse, hate speech, and extreme sarcasm
from benign interactions in subcultural context
such as self-deprecation or irony. Framed as a
binary classification, this task requires the model
to output a single integer (0 or 1) to indicate the
presence of toxicity.

3.5 Meaning Selection (MS)

The Meaning Selection task evaluates semantic pre-
cision by requiring models to identify the correct

meaning of a original text from multiple candi-
dates. Conducted without conversational context,
this task focuses on the model’s core semantic un-
derstanding and its ability to catch target meaning.
Performance is measured by accuracy, representing
the proportion of correct selections.

3.6 Cloze Completion (CC)

The Cloze Completion task aims to assess the
model’s capability to accurately employ Choux-
iang Language within specific social contexts. In
contrast to the Meaning Selection task, this task
requires the model to select the most natural and
contextually appropriate option from a set of candi-
dates, based on the provided conversational logic
and emotional tone. Consequently, this task pri-
oritizes the evaluation of the model’s contextual
adaptability and deep semantic alignment. Simi-
lar to the previous tasks, performance is measured
using accuracy.

4 Evaluting Chouxiang Language in
LLMs

4.1 Experimental Setup

Model In our experiments, we evaluated two dis-
tinct groups of models. The first group consists of
locally deployed LLLMs with relatively small pa-
rameter sizes, including the Qwen3 Dense family
(0.6B, 1.7B, 4B, 8B, 32B) (Yang et al., 2025a) and
the Mistral family (3B, 8B, 14B) (Mistral Al Team,
2025). For open-source and commercial models
exceeding 32B parameters, we utilized API-based
access to ensure feasibility within our budget con-
straints. These models include Qwen3Max (Yang
et al., 2025a), GPT-5.2 (OpenAl, 2025), DeepSeek-
V3.2 (Liu et al., 2024), Doubao-Seed-1.8 (Seed),
and Mistral-3-Large (Mistral Al Team, 2025).

For all locally deployed models were evaluated
on two RTX PRO 6000 (96GB) GPUs. During
inference, we set the temperature to 0 and the max-
imum output length to 128 tokens, while keeping
all other hyperparameters at their default values.

Metrics For our evaluation, we employ multi-
ple metrics to ensure a robust assessment. For
the translation task, automatic metrics such as
BLEU (Post, 2018), chrF++ (Popovié, 2017), and
COMET (Rei et al., 2020) are not well suited to
our setting, because Chouxiang Language remains
largely grounded in Chinese, with other “Chouxi-
ang” elements mainly serving as substitutions for
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Model TR RC (Bal.) IR (Bal.) TD MS CC
Sem.Acc. PR. Bal.Acc. Macro-F1 Bal.Acc. Macro-F1  Acc. F1 Acc. Acc.
DeepSeek-V3.2 0.494 0.449 0.533 0.361 0.255 0.245 0.731 0.728 0.750 0.530
Doubao-Seed-1.8 0.448 0.408 0.551 0.542 0.317 0.275 0.751 0.687 0.940 0.780
Qwen3-Max 0.404 0.348 0.538 0.367 0.263 0.237 0.655 0.683 0.830 0.670
GPT5.2 0.441 0.397 0.562 0.445 0.280 0.256 0.694 0.698 0.820 0.560
Mistral-Large-3 0.227 0.199 0.541 0.438 0.201 0.185 0.622 0.663 0.630 0.500
Qwen3-32B 0.209 0.168 0.510 0.295 0.189 0.141 0.605 0.637 0.660 0.490
Qwen3-14B 0.228 0.168 0.518 0.324 0.173 0.132 0.656 0.626 0.560 0.400
Qwen3-8B 0.168 0.126 0.523 0.336 0.145 0.075 0.644 0.636 0.520 0.370
Qwen3-4B 0.144 0.099 0.501 0.273 0.126 0.038 0.470 0.632 0.490 0.340
Qwen3-1.7B 0.096 0.066 0.500 0.272 0.136 0.069 0.573 0.225 0.270 0.350
Qwen3-0.6B 0.041 0.018 0.500 0.272 0.125 0.050 0.520 0.487 0.180 0.280
Ministral-3-14B 0.117 0.091 0.518 0.476 0.188 0.170 0.541 0.645 0.480 0.340
Ministral-3-8B 0.093 0.076 0.500 0.415 0.157 0.108 0.540 0.647 0.380 0.330
Ministral-3-3B 0.053 0.046 0.504 0.380 0.180 0.138 0.567 0.625 0.250 0.230

Table 3: Main results of model evaluation on Chouxiang Language across NLP tasks. Metrics: Sem.Acc. Semantic
Accuracy represents the percentage of the score attained; PR. Perfect Rate is the proportion of perfectly reconstructed
translations; Bal.Ace. denotes Balanced Accuracy. Bold: best; underline: second-best.

specific words. If directly used to compare Chouxi-
ang sentences with target sentences, these metrics
may produce artificially high scores due to sub-
stantial surface-level overlap in Chinese expres-
sions. As a result, they cannot accurately reflect
the model’s actual ability to understand and in-
terpret Chouxiang Language. Therefore, for the
translation task, we adopt a rule-based LLM-as-
a-Judge using DeepSeek-V3.2. All other metrics
are implemented using the scikit-learn library (Pe-
dregosa et al., 2011). Specifically, we use Accu-
racy and F1 score for the Toxicity Detection task
where the data is balanced. For Meaning Selection
and Cloze Completion, we also report Accuracy.
For other tasks involving imbalanced data, such
as Representational Component Classification and
Intent Recognition, we adopt Balanced Accuracy
and Macro-F1 to better measure the effectiveness
of Mouse, as metric selection can significantly in-
fluence system rankings in imbalanced contexts.
It should be noted that in the RC task, Bal.Acc.
is calculated by averaging the Balanced Accuracy
of the phonetic, visual, and semantic categories.
Furthermore, we apply the Matthews Correlation
Coefficient (MCC) (Matthews, 1975) to investigate
potential model hallucinations in classification. To
assess the alignment between LLM-as-a-judge and
human judgment, we utilize Quadratic Weighted
Kappa (QWK) (Cohen, 1968) as the primary evalu-
ation metric, which provides a standardized mea-
sure of agreement beyond chance.

Model RC IR D MS CcC
Homophonic  Semantic ~ Visual

DeepSeek-V3.2 0.118 0.031 0.110 0.186 0471 0.625 0.393
Doubao-Seed-1.8 0.191 0.076 0.060 0218 0.500 0.912 0.692
Qwen3-Max 0.179 0.038 0.110 0.179 0.349 0.751 0.548
GPT5.2 0.192 0.044 0.164 0.191 0404 0.733 0.401
Mistral-Large-3 0.061 0.079 0.104 0.116 0.292 0.447 0.360
Qwen3-32B 0.033 0.040 0.083 0.108 0.243 0.491 0.324
Qwen3-14B 0.068 0.015 0.093 0.115 0308 0.342 0.219
Qwen3-8B 0.022 0.083 0.104 0.048 0.294 0281 0.185
Qwen3-4B 0.000 0.000 0.020 0.014 0.107 0237 0.153
Qwen3-1.7B 0.000 0.000 0.000 0.022 0.126 -0.098 0.181
Qwen3-0.6B 0.000 0.000 0.000 0.000 0.036 -0.233 0.164
Ministral-3-14B 0.015 0.063 0.028 0.079 0.194 0224 0.202
Ministral-3-8B 0.022 0.031 0.020 0.050 0.200 0.072 0.160
Ministral-3-3B 0.052 0.038 0.053 0.071 0.186 -0.127 0.118

Table 4: MCC Results. This table measures the correla-
tion between LLM predictions and ground truth labels
across various tasks. Bold: best; underline: second-
best.

4.2 Results

We report the performance of six tasks on four-
teen LLMs for Chouxiang Language in Table 3.
The results of human performance can be found in
Appendix C.1.

Model Scale Evaluation of the Qwen and Mis-
tral series (including Qwen3-Max and Mistral-3-
Large) confirms that scaling generally improves
performance, which is consistent with previous
findings (Xuan et al., 2025). However, Qwen3
shows a counterintuitive decline in performance
from 14B to 32B on most tasks. This suggests
that, compared with the 14B model, scaling up to
32B may trigger an “overthinking” effect without
bringing a qualitative improvement in performance
on NLP tasks. Appendix C.2 provides detailed
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Quadratic Weighted Kappa (QWK)

Figure 2: Inter-rater reliability of the LLM-as-judge.

experimental validation.

Inconsistent Performance Across NLP Tasks
By comparing various commercial closed-source
models, we find that the performance of SOTA
LLMs is highly competitive, with Doubao-Seed-
1.8 leading across multiple NLP tasks. Our study
reveals that all LLMs still face significant chal-
lenges in zero-shot tasks (Translation, Representa-
tional Component, Intent Recognition) involving
Chouxiang language. Performance is acceptable in
Toxicity Detection and Cloze Completion, and it is
excellent in Meaning Selection; however, a notable
performance gap remains. Specifically, despite
both being zero-shot binary classification tasks, the
accuracy of Toxicity Detection is approximately
15% higher than that of Representational Compo-
nent. This indicates that for current state-of-the-art
LLMs, detecting toxic language in Chouxiang lan-
guage is much easier than identifying its represen-
tational components. This disparity likely stems
from a historical research bias toward the toxic
analysis of Chouxiang language (Xiao et al., 2024;
Wau et al., 2025a), which has made models more
sensitive to toxic features. Consequently, existing
research has largely overlooked the functional role
of Chouxiang language as a means of social in-
teraction, resulting in poor model performance on
Representational Component tasks that require un-
derstanding the logic of linguistic transformation.

5 Discussion

5.1 Do LLMs Exhibit Hallucinations in
Classification Tasks?

The reliability of model evaluation on Chouxi-
ang Language tasks can be effectively quantified
through the MCC. Unlike simple accuracy, MCC
provides a robust measure of the correlation be-
tween predicted and actual classifications. As

[
1)

°
°
@

o
°
&

Representative Margin

Metric Discrepancy (A in Sem.Acc.)
o
S
2

14
S
5]

0.00

Figure 3: Statistical stability of the qualitative sample.

shown in Table 3 and Table 4, we observe a strong
positive correlation between overall task perfor-
mance and MCC values. Commercial closed-
source models consistently maintain higher MCC
values, reflecting a stable alignment across all eval-
uated NLP tasks.

Conversely, the performance of small-scale
or open-source models often collapses in high-
complexity tasks such as Representational Com-
ponent. In these instances, MCC values frequently
drop toward zero or even into negative territory.
An MCC near zero suggests that the model is per-
forming at a level equivalent to random chance,
indicating that its outputs are driven by stochastic
guessing rather than genuine pragmatic inference.
Negative MCC values represent a more severe form
of hallucination, where the model exhibits a sys-
temic misinterpretation of the camouflaged signal,
consistently assigning incorrect labels based on
misleading surface-level patterns.

Furthermore, individual models often display
wide discrepancies in MCC across different tasks,
reflecting varying levels of task difficulty. When
comparing Toxicity Detection, Meaning Selection,
and Cloze Completion against the more challeng-
ing Representational Component and Intent Recog-
nition tasks, models generally yield significantly
lower MCC values on the latter. Notably, even on
seemingly straightforward tasks like Meaning Se-
lection, a profound capability gap persists. While
DouBao-Seed-1.8 can achieve an MCC as high
as 0.912, small-scale models still exhibit negative
MCC values.

5.2 How Does the Performance of
LLM-as-judge Compare to that of
Humans?

To ensure the reliability of the automated evalu-
ation, we adopt a two-stage validation procedure
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Figure 4: Impact of toxic contexts on LLM translation
Fidelity.

that assesses both inter-rater agreement and statisti-
cal stability. First, a human correlation study con-
ducted on a qualitative subset (/N = 150) examines
the agreement between expert human annotations
and the LLM-as-judge. The resulting QWK scores
typically range from 0.8 to 0.9. As illustrated in
Figure 2, these values fall within the “Almost Per-
fect Agreement” range (QW K > 0.8), indicating
a high level of consistency between the automated
judge and human judge.

Second, to assess the generalizability of this
subset, we compare the sampled CXEI origi-
nal-reference pairs (N = 150) with the full set
of CXEI original-reference pairs (/N = 1099). As
shown in Figure 3, the absolute difference in Se-
mantic Accuracy generally remains within a mar-
gin of 0.05, suggesting that the sampled subset
is broadly representative of the full dataset. To-
gether, these results indicate that the LL.M-as-a-
judge approach provides a reliable and statistically
stable evaluation criterion for assessing LLLM per-
formance on Chouxiang language translation task.

5.3 What Factors Determine the Quality of
Chouxiang Language Translation?

Toxic Content Horizontal analysis reveals that
camouflaged toxicity is associated with a notable
degradation in translation quality, consistent with
prior findings (Xiao et al., 2024). As illustrated
in Figure 4, when comparing camouflaged toxic
content with human-labeled safe samples, LLMs
exhibit consistently lower translation scores across
all evaluated models. This systematic performance
gap suggests that camouflaging toxic expressions
may increase the difficulty for LLMs to recover
the underlying semantic intent. A plausible inter-
pretation is that such camouflage strategies are em-
ployed to evade platform moderation or to reduce
the social visibility of toxic content.
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Figure 5: Impact of homophone camouflage on LLM
translation fidelity.

Homephone Camouflage Regarding specific
camouflage types, As shown in Figure 5, two
groups’ results show that successful recognition
of homophonic camouflage directly benefits trans-
lation performance. In contrast, no such trend ex-
ists for semantic or visual camouflage. For seman-
tic patterns, models appear to translate effectively
via implicit mapping without needing to explic-
itly categorize the expression. Conversely, visual
camouflage remains the most challenging category
to decipher, which may demand a form of visual-
spatial or imagery-based implicit reasoning ability
that current LLMs appear to lack.

6 Related Works
6.1 Cultural Awareness in LLMs

Previous research has explored the cultural aware-
ness of LLMs, reaching a consensus: LLMs typi-
cally exhibit Western cultural values while show-
ing limited proficiency in non-Western and non-
English contexts (Cao et al., 2023; Naous et al.,
2024; DURMUS et al., 2024; Singh et al., 2025).
Inspired by these valuable contributions, we ob-
serve that existing studies primarily focus on real-
world human-to-human communication. How-
ever, given the profound impact of the internet on
contemporary society, subcultures spontaneously
formed by netizens have become an integral part
of daily life. Therefore, we extend this line of
inquiry to investigate Chouxiang Language, a lin-
guistic derivative of Chouxiang Culture originating
from China, a representative non-Western cultural
context.

6.2 Perturbed and Toxic Language in LLMs

To combat toxic language, several Chinese toxic
language datasets have been developed. These in-
clude SWSR (Jiang et al., 2022), which targets
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Sina Weibo sexism, and ToxiCN (Lu et al., 2023),
sourced from Zhihu and Baidu Tieba. These foun-
dational works characterize explicit toxicity across
diverse online platforms.

Increasingly stringent censorship has driven
the evolution of explicit toxicity into implicit
"perturbed language." Leveraging Chinese homo-
phones and cultural context (Zhou et al., 2023;
Wang et al., 2024b), users employ phonetic and
symbolic obfuscation to evade detection.

To address this, ToxiCloakCN (Xiao et al.,
2024) was introduced to evaluate model robust-
ness against such disguises. Subsequent works like
StateToxiCN (Bai et al., 2025) and CNTP (Yang
et al., 2025b) offer fine-grained analysis of pertur-
bations across form, sound, and sense. Building
on these, PCR-ToxiCN (Guo et al., 2025) utilizes
real-world RedNote data to enhance the distinction
between perfect and near-homophones.

Although current research has explored toxic and
perturbed language, these phenomena are essen-
tially subsets of a broader linguistic phenomenon
known as Chouxiang Language. It is a complex
expression system driven by internet subcultures
rather than simple perturbed language. Conse-
quently, it is essential to investigate Chouxiang Lan-
guage as a comprehensive linguistic phenomenon.

6.3 Memes in LLMs

Previous research on memes primarily revolves
around multimodal tasks. For instance, Meme-
Guard leverages LLMs and VLMs to construct a
cyberbullying detection framework and the ICMM
dataset for English and Hindi memes (Jha et al.,
2024). In terms of generation capabilities, Wu et al.
(2025b) observe that while LLMs demonstrate a
high average performance in generating English
humorous memes, they still fall short of human
experts in exhibiting exceptional creativity. Addi-
tionally, M2KE enhances both the accuracy and in-
terpretability of harmful content detection through
a multi-agent collaboration mechanism (Lu et al.,
2025).

Several studies also focus on Chinese multi-
modal memes. TOXICN MM provides data sup-
port and an LLM benchmark for detecting harmful
Chinese memes (Lu et al., 2024). Similarly, Pun-
MemeCN targets puns in Chinese memes, estab-
lishing a benchmark to evaluate the depth of cul-
tural understanding in VLMs (Xu et al., 2025). Al-
though works like CHIME have conducted prelimi-
nary explorations of text-only meme language (Xie

et al., 2025), Chouxiang Language, a superset of
meme language within internet subcultures, pos-
sesses complex semantic features that remain to
be systematically evaluated. This study presents
the first focused investigation into Chouxiang Lan-
guage, aiming to comprehensively evaluate the per-
formance of LLMs in understanding and generating
its complex semantics.

7 Conclusion

In this work, we present Mouse, a benchmark for
Chouxiang Language, a distinctive subcultural vari-
ant of Chinese internet language. We introduce the
definition of Chouxiang Language and formalize
it by designing its taxonomy of representational
components and intents. Through six tasks, Mouse
provides a rigorous tested for assessing LLLM capa-
bilities in processing complex, community-specific
language in the Chinese internet context. Com-
prehensive experiments show that current SOTA
LLMs perform poorly across most tasks, reveal-
ing clear limitations in handling Chouxiang Lan-
guage, highlighting the importance of culturally
aware benchmarks, and offering insights for the
development of more inclusive and robust NLP sys-
tems. We hope that Mouse will advance research
on non-Western subcultural languages in NLP and
foster broader progress in modeling internet sub-
culture language.

Limitations

While our dataset incorporates granular classifica-
tions, it may not encompass the full spectrum of
Chouxiang Language as it evolves in real-world
contexts. Furthermore, this study focuses primarily
on assessing the proficiency of LLMs in mastering
Chouxiang Language; future research should prior-
itize developing methodologies to enhance model
capabilities in this specific domain.

Ethics Statement

This study focuses on Chinese Chouxiang Lan-
guage, a form of online subcultural language with
complex pragmatic functions. It is not limited to
toxic or offensive expression, but also includes jok-
ing, emotional expression, group identity, and ev-
eryday communication. However, some samples
may still contain toxic, offensive, or otherwise po-
tentially harmful content, which raises certain ethi-
cal risks. We construct Mouse to support scientific
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research and to improve the understanding of sub-
cultural language in NLP, rather than to encourage,
spread, or amplify harmful expression.

The data used in this study comes from publicly
available datasets, publicly accessible online con-
tent, and supplementary manually written samples.
We did not intentionally collect any private or sen-
sitive personal information. For the human anno-
tation process, we informed annotators in advance
that the data might contain harmful content. In ad-
dition, the annotators who participated in this study
had a certain level of familiarity with Chouxiang
Culture and were already aware, before the study
began, that Chouxiang Language may contain of-
fensive content. Human annotators participated
only in dataset construction and completed annota-
tion and quality control tasks by following written
guidelines. We did not collect sensitive personal
information or behavioral logs from annotators,
nor did we analyze the annotators themselves as
research subjects. All annotators were fairly com-
pensated, and their payment was above the local
minimum wage.

Due to the sensitive nature of certain samples,
we urge researchers to use this dataset responsibly
and refrain from using it to generate, spread, or
amplify harmful expressions, or to cause harm in
any other way. The content of the samples in the
dataset does not represent the views of the authors.
Any future related research should also follow local
institutional policies regarding ethics review and
human annotation.
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A Chouxiang Culture

The earliest documented origins of Chouxiang cul-
ture can be traced back to Douyu TV?, a Chinese
live-streaming platform (Chen, 2023; Hu, 2024).
The term "1 52" (Chouxiang, abstract) originated
from the catchphrase of streamer Li Gan, "BiH7F
H S (Gosh, it is truly abstract!). Initially,
it was used to express frustration or the inability
to comprehend a situation, predominantly carry-
ing a derogatory connotation. During this period,
Chouxiang Language began to take shape. While
Li Gan engaged in verbal altercations with view-
ers, netizens started employing techniques such
as punctuation-separated profanity, homophones,
sarcasm, and memes. However, such expressions
were still a minority at the time, as most interac-
tions remained direct insults without the Chouxiang
methods later used to circumvent censorship.

Following Li Gan’s permanent ban for broadcast-
ing sensitive content, his associate streamer, Sun
Xiaochuan, faced a salary reduction due to the inci-
dent. In a state of low morale during a stream, Sun
lost control and launched a five-minute verbal as-
sault on his viewers after a netizen used Chouxiang
Language to describe his somber expression as a
"SEL A" (a face looking like one’s mother had just
passed away). Since the audience primarily viewed
the stream for entertainment or as " 224" (anti-fans)
rather than out of genuine support, the recording of
this outburst was widely circulated and hailed by
netizens as the "5 2E42" (Chouxiang Bible).

As Sun Xiaochuan’s popularity grew, many
viewers followed him solely for mockery or charac-
ter assassination. Because his actions appeared
Chouxiang to the public, the term retained its
derogatory meaning during this stage. As the
Chouxiang Bible spread across the Chinese inter-
net, its heavy use of profanity frequently triggered
automated censorship. To circumvent these restric-
tions, netizens innovatively replaced banned words
with emojis, though the negative connotation of
Chouxiang persisted.

In recent years, with the continuous evolution
of the internet, the term Chouxiang has developed
dual semantics. On one hand, from a derogatory
perspective, netizens have devised more sophisti-
cated methods to bypass censorship, such as repre-
senting objects by extracting commonalities from
a human visual perspective. On the other hand, it
is no longer purely derogatory. In many contexts,

Zhttps://www.douyu.com/

netizens use it to describe funny or eccentric be-
havior, similar to the & emoji, primarily for humor
or self-deprecation. Consequently, its aggressive-
ness has diminished, and Chouxiang has gradually
evolved into a neutral descriptor.

B Dataset Details

B.1 Dataset Construction

Web Collection This phase focuses on main-
stream Chinese social media platforms, including
but not limited to Baidu Tieba, Bilibili, Weibo,
and The Sun Xiaochuan Bar on Baidu Tieba raw
data (Zheng and zyw , king-of orphanage). We em-
ployed systematic keyword searches on these open
platforms to retrieve Chouxiang Language usage in
user posts and comments. The raw data underwent
rigorous cleaning and de-duplication processes to
ensure accuracy and quality. This approach pri-
marily captures high-frequency usage patterns and
natural contexts within real-world online environ-
ments.

Manual Construction To mitigate potential con-
textual gaps and frequency biases in the web-
crawled data, we recruited users proficient in
Chouxiang Language to create supplementary sam-
ples. This component aims to enhance the com-
pleteness and timeliness of the dataset.

B.2 Data Annotation

The annotation initiative of this study aims to con-
struct a high-quality, multi-dimensional corpus of
Chouxiang Language to accurately evaluate the
comprehension capabilities of LLM:s.

We recruited a total of 18 annotators, all of
whom are native Chinese speakers proficient in
comprehending and appropriately utilizing Choux-
iang Language in relevant scenarios. To ensure the
objectivity of the evaluation, all annotation tasks
were performed independently. To guarantee the
objectivity and accuracy of the classification re-
sults, we employed a cross-validation mechanism:
each sample was independently annotated by three
annotators, with the final classification label deter-
mined by the simple majority voting principle.

The annotation process consists of six core com-
ponents:

Chouxiang Language Translation Annotators
are required to translate Chouxiang sentences into
standard modern Chinese, which is characterized
by strong community features. They must read the
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Quality Review Questions

Yes %

How is the semantic validity of Chouxiang Language dataset established? Does it possess coherent meaning? 98%
Is the proposed categories for intent recognition of Chouxiang Language appropriate and comprehensive? 92%
Is the proposed categorization for Representational component classification effective in capturing the structural characteristics? ~ 92%

Is the annotated toxicity labels appropriate? 94%
Do the distractors in the Meaning Selection task exhibit sufficient plausibility and confusion to challenge the models? 95%
Are the designated correct options in the Cloze Completion task contextually optimal and justifiable? 95%

Table 5: Quality review results for the Chouxiang Language dataset. The percentages indicate the pass rate of all

CXEIs in each aspects.

sentences, consider the specific community con-
text, and convert them into intelligible Chinese sen-
tences while strictly preserving the original mean-
ing.

Representational Component Classification
This task requires annotators to identify the con-
stituent components within each sentence, catego-
rized into Visual, Semantic, and Homophonic types.
Given the compositional complexity of Chouxiang
Language, a single sentence may simultaneously
contain multiple component types.

Intent Recognition Annotators must assess the
intent of a given sentence from a pragmatic per-
spective and classify it into one of eight predefined
categories. This dimension aims to evaluate the
model’s cognitive ability regarding the pragmatic
intents of the language in depth.

Toxicity Classification Annotators are required
to perform a safety assessment on each sentence,
determining whether it contains toxic content (la-
beled as 1 for present, and O for absent). This
achieves a binary identification of potentially ag-
gressive speech.

Meaning Selection Formulation We curated
100 highly representative and logically complex
samples from the collected data and manually de-
signed multiple confusing incorrect options (dis-
tractors) for each. The design of these distractors
follows various logics, including ambiguous Pinyin
acronyms or expressions that are visually/literally
similar but semantically incorrect.

Cloze Completion Formulation We selected an-
other 100 complex samples from the dataset and
authored dialogue contexts aligning with their ac-
tual usage scenarios. We masked key positions
within the dialogue and introduced other confusing
Chouxiang sentences as distractors.
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Figure 6: Qwen Family models’ Performance on
Translation Tasks: A clear linear positive correlation
is observed between model scale and translation per-
formance, suggesting that increasing parameters signif-
icantly enhance the ability to resolve complex camou-
flage.

B.3 Data Quality Control

Data quality is the cornerstone of a reliable eval-
uation benchmark. To systematically verify the
quality of Mouse, we followed methodologies from
representative prior works such as CBBQ (Huang
and Xiong, 2024) and F?Bench (Lan et al., 2025a).
We recruited four quality reviewers who are long-
term active users in relevant online communities
and possess deep knowledge of "Chouxiang Cul-
ture" and "Chouxiang Language." They conducted
a comprehensive quality inspection of the entire
Mouse dataset. Specifically, guided by pre-defined
assessment questions, the reviewers scrutinized the
data from multiple dimensions. The list of assess-
ment questions and the final audit results are de-
tailed in Table 5.
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C Case Study

C.1 Human Performance

To investigate human performance in understand-
ing Chouxiang Language, we conduct a compar-
ative experiment on the CC task as a case study.
We recruited several human participants, including
three participants familiar with Chouxiang Culture
and two participants unfamiliar with this culture.
Table 6 shows the results that the accuracy of par-
ticipants unfamiliar with the culture on the CC task
is only 64%. This level is basically equivalent
to Qwen3-Max (67%) and surpasses other power-
ful models such as GPTS5.2 (56%) and Deepseek
(53%). In contrast, the accuracy of participants
familiar with this culture reaches 95% or above,
surpassing all LLMs.

This indicates that only participants who really
understand Chouxiang Culture can accurately com-
plete the task, while ordinary people who lack rel-
evant background knowledge can only answer by
relying on basic logical reasoning or semantic as-
sociation, just like LL.Ms. This result proves that
our designed CC task has reasonable difficulty and
differentiation.

C.2 Qualitative Analysis

We investigate the relationship between model
size and performance within the Qwen3-14B and
Qwen3-32B models. Figure 6 illustrates the per-
formance trends on the translation task as model
capacity increases.

To further understand why Qwen3-14B unex-
pectedly outperforms Qwen3-32B across multiple
tasks, we conduct a case study, with representative
examples shown in Table 7. Our analysis shows
that, under the prompt setting used in this study,
Qwen3-14B correctly translates emoji expressions
directly into Chinese. In contrast, Qwen3-32B (pos-
sibly due to its larger parameter size) tends to over-
reason in implicit reasoning contexts, which can
lead to hallucinations. In such cases, the smaller
Qwen3-14B model makes fewer errors, likely be-
cause it engages in less unnecessary reasoning.
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FP UFP
0950 0.640 0.530

DeepSeek-V3.2 Doubao-Seed-1.8 Qwen3-Max
0.780 0.670

GPT5.2
0.560

Table 6: The results of human performance. FP indicates participants who are familiar with Chouxiang Culture and

UFP indicates participants who are unfamiliar with Chouxiang Culture.

Source language Reference Qwen3-32B translation Qwen3-14B translation

WX S, ER BMEXATHRME, XEXETHLIE, HEILTHRBE,

R—HIRFBH, REMITTERHLAY K—BRBH, RE K-HRBEH, RFE KR-MEBH, RE
AT PR e 2 IR = ER

IREGH A& — B R ENE G E —BMIE RARRK—BEHEE RERK— S
SR B

wER SR T TR AT T JNEPREFEIL AR T

IREE 2 UK Byemit 8 IRERZ UK B T IRERIRHEARE Y &= IRELR UK E R TRE?

e FR,e R E IR FACE - FHRACE

RIS 87 PRENSER T 22 PRE/ N T B PRER /N T 252

PER [ 5 HER E BT priaZ QPN PR ER T

Table 7: Comparative Analysis of Translation Performance between Qwen3-14B and Qwen3-32B
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D Prompt Construction

Toxicity Detection:

AL M EENERIREFR . FTiBMEE, Rhidd . L. BLEZREFEAEmRGHE
mAREG X, ARG ETHSR (XF . Emoji~- 5. &F. #F. 73 2XF) . WL LE Ur
§\ Emoji~ RF -« % 8F) ARE LS GREHAR . B LS MERE . B EH. FHRENR
%) .

5% AMSTHIARERA R HML.

45 BT Rk AT A SRR BT

1. *RAL5MA . RINFAERIRFOHFTEFE (WNMSL) « HFF (B, ERL) . HFF

(2% A) REmojits R (2=M)

2. BRAOM . BT R EHIRESWERTHAELER.

3.0 R

N S RIAROERE ALK MIRT R BIRM . BERIAREEZGWR . AAH
SR AARREFERA . GRRFEL . FEFORE. A9 (Bl “RKET”?) IBBRA

R RE—ANEF, OREZEE, IREAAH, PERBEMARE. FAFTRIBLF.
FEIE . text)
é"ri:

(English Translation)

You are a content safety expert for "Chouxiang Language." Chouxiang Language is a specialized form
of expression constructed from three major categories of mechanisms: homophonic, visual, and semantic.
Specifically, it encompasses homophonic substitution (using Chinese characters, Emojis, symbols, numbers,
Pinyin, dialects, formulas, etc.), visual analogy (using radicals, Emojis, Chinese characters, symbols, and
numbers), and semantic transformation (using community-specific references, synonym substitution, internet
memes, language reversal, entity references, etc.).

Task: Determine whether the provided text is "toxic."
Please conduct internal judgment following these steps:

1.De-obfuscation and Decoding: Identify and restore Pinyin acronyms (e.g., NMSL), homophones (e.g., Shadiao,
Caonima), split characters (e.g., Sha.Ren), or Emoji references (e.g., M.
2.Intent Analysis: Determine the true intent of the restored text within the current context.
3.Classification:

- If the text contains abuse, personal attacks, hate speech, violent threats, sexual harassment, or extremely
malicious sarcasm, treat it as "toxic".

- If the text is normal communication, statement of facts, non-malicious jokes, self-deprecation (e.g.,
"dying of laughter", "I am so weak"), or positive content, treat it as "non-toxic".

Requirements: Output only a single digit, where 0 represents non-toxic and 1 represents toxic. Strictly prohibit
any explanations, punctuation, or other text.

Chouxiang Language: {text}

Toxicity:
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Translation:

R — i R 8ELR . TIBMRE, THEF . AL BLZKREF

FURemRFREEZ T X, BAROEETSHR (RF . Emoji- &5 . &F. #

.75 2aXF) MEEME (RF . Emoji- RF - H5 . KF) UARIELE®
(FERFER . BB M&IE . B 564 £HRBERF) .

£ % . KRB I % I A E0F AR T -

2R RABMBEYES T, FERMEMTRERFIAE -

% . {text)

& .

(English Translation)

You are an expert translator of "Chouxiang Language". Chouxiang Language is a specialized

form of expression constructed from three major categories of mechanisms: homophonic,

visual, and semantic. Specifically, it encompasses homophonic substitution (using Chinese

characters, Emojis, symbols, numbers, Pinyin, dialects, formulas, etc.), visual analogy (using

radicals, Emojis, Chinese characters, symbols, and numbers), and semantic transformation

(using community-specific references, synonym substitution, internet memes, language

reversal, entity references, etc.).

Task: Accurately translate the provided Chouxiang Language into Standard Chinese.

Requirements: Output only the translated Chinese sentence; do not include any explanations
or additional content.

Chouxiang Language: {text}

Chinese:
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Intent Recognition:

R — AR EERRHFEFX . TIEMEE, THFEF. AL BXL=KREF*
e ARk AL T X —ﬂ—ﬁ‘@%ib:"ﬁifﬁ% (R F - EmOJ1~ e RFHEF
e ARF) AL ERE (RF . Emoji- RF - F5 . HF) ARBEL#H#H GG
RAER - BB, M . 53650 FRERF)

£% . HRF/BILARGESELEBR, ABRBOHZERETHL2ER . LRA KR
T

0 FH (doeki® . 54 %)

1 — A& 5 &

2 BRI

3 K fe AR

4% &%

S5HAER (BFARREFYEL )2 THEG EhR)

6 15 AR AT

7 H Ak

R RMBFTRT, LR AT RERGISIAL .
P RE {text}

THEY X

(English Translation)

You are an intent recognition expert for "Chouxiang Language." Chouxiang Language is
a specialized form of expression constructed from three major categories of mechanisms:
homophonic, visual, and semantic. Specifically, it encompasses homophonic substitution
(using Chinese characters, Emojis, symbols, numbers, Pinyin, dialects, formulas, etc.), visual
analogy (using radicals, Emojis, Chinese characters, symbols, and numbers), and semantic
transformation (using community-specific references, synonym substitution, internet memes,
language reversal, entity references, etc.).

Task: Based on the implied semantics and context of the text, determine the intent of the
provided Chouxiang Language. The options are as follows:

0 Comment (e.g., roasting, praising)

General Statement

Group Identification

Humor and Memes

Emotional Expression

Sexualized Reference (attributing sexual or pornographic terms to specific subjects)
Directive/Urging

Other

NN R W

Requirements: Output only the index number; do not add any explanations or additional
content.

Chouxiang Language: {text}

Intent Classification:
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Representational Component Classification (Homophonic):

R — RN RB PR LA B EAROER . AR RS, b
FOAL . BLEREFFAEARNOFARIZ TN, BREHFEFTHH (R
. Emoji\ B5 %F . HF. 75 22F) - AL LE (RF . Emoji- R
FoHTRF) ARBLER RRER. ALEHR . MEIE . B E53. 2K
#BRF) -

% AT IAZTERETEH

A OAT S B AT A S H B
.% SFTRAATAS: XF . Emoji- K% #F . HF. 73 . AXFFLX
BT F AL (BERFAETEHR LXRTRBFALMBET)

2R B — A RF, ORAE, IREAA, ZEHBEMBRE. FAKT L0
% . {text)

2k
(English Translation)

You are an expert specializing in analyzing whether "Chouxiang Language" contains homo-
phonic substitution. Chouxiang Language is a specialized form of expression constructed
from three major categories of mechanisms: homophonic, visual, and semantic. Specifically,
it encompasses homophonic substitution (using Chinese characters, Emojis, symbols,
numbers, Pinyin, dialects, formulas, etc.), visual analogy (using radicals, Emojis, Chinese
characters, symbols, and numbers), and semantic transformation (using community-specific
references, synonym substitution, internet memes, language reversal, entity references, etc.).

Task: Determine whether the provided text contains homophonic substitution.

Please conduct internal judgment following these steps:

1.The given sentence may contain homophonic expressions constructed via Chinese
characters, Emojis, symbols, numbers, Pinyin, dialects, formulas, etc. (encompassing

identical or near-homophonic substitutions, across Chinese or other languages).

Requirements: Output only a single digit, where O represents no and 1 represents yes. Strictly
prohibit any explanations, punctuation, or other text.

Chouxiang Language: {text}

Classification:
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Representational Component Classification (Semantic):

RECZ RIS MEIE TP REEABELEBRSOER. TEHEE, 2
WE AL BLEREFEAEMRGFREAET XN, EAERBFEBRFTHE (R
FEmoji- #5 - HF.HF. 5T 2XF) MAEEE (RF - Emoji- X
FoRTRKF) ARBUSES GERENR . B UAHR . M. B35 E % . £
#RF)

£% . FIBS T8 UARZGHE LR

e AT AT A 30 0T
1 R OFTRAAT A : HREHZAHE . A2 FALE# (BIEEmoj/ X /4 5
EMR)  MAHAR. 1B FEBEAREN REREREHOER .

R R — 4 8F, ORREL, IREA, PEMBEMRE. FAFTREIML
b % . {text)
P

g
(English Translation)

You are an expert specializing in analyzing whether "Chouxiang Language" contains
semantic transformation components. Chouxiang Language is a specialized form of
expression constructed from three major categories of mechanisms: homophonic, visual, and
semantic. Specifically, it encompasses homophonic substitution (using Chinese characters,
Emojis, symbols, numbers, Pinyin, dialects, formulas, etc.), visual analogy (using radicals,
Emojis, Chinese characters, symbols, and numbers), and semantic transformation (using
community-specific references, synonym substitution, internet memes, language reversal,
entity references, etc.).

Task: Determine whether the provided text contains semantic transformation.

Please conduct internal judgment following these steps:

1.The given sentence may contain the following components: community-specific appel-
lations, component synonym substitution (including forms such as Emojis/text/symbols),

internet meme expressions, phonetic reversal of a language, and references to specific entities.

Requirements: Output only a single digit, where O represents no and 1 represents yes. Strictly
prohibit any explanations, punctuation, or other text.

Chouxiang Language: {text}

Classification:
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Representational Component Classification (Visual):

RE—MLBRI MR EFPRESAATEERAI>OER . TIEMZE, & d
WE AL BLEZREFHRAESAROFHRALEZ TN, BRaEHEFTHHR (R
F.Emoji- A% &F.HF. 575 AXF) . ML EE (BF . Emoji~- R
FoHTRKF) ARBLER (RRENR . ALEHR . MB35 FHH . R
#/RF) .

% . FIWT T UAZTER ML R

HERBRAT I RATARAAN . 1. G TFTTRAATRS : RFHo (A
RPEATAR”) - FHRER Ry RER T - Emojit L L (<%
&)  BRF/IFFTHNLFAE (W3RFF . VRITRLZLF RAEZ") F,
FEASET B LT R

ZR: REME-AMRT, ORERE, IRRA, FERBEMEE. fmafF Tt
FFEE {text}

2R

(English Translation)

You are an expert specializing in analyzing whether "Chouxiang Language" contains visual
analogy components. Chouxiang Language is a specialized form of expression constructed
from three major categories of mechanisms: homophonic, visual, and semantic. Specifically, it
encompasses homophonic substitution (using Chinese characters, Emojis, symbols, numbers,
Pinyin, dialects, formulas, etc.), visual analogy (using radicals, Emojis, Chinese characters,
symbols, and numbers), and semantic transformation (using community-specific references,
synonym substitution, internet memes, language reversal, entity references, etc.).

Task: Determine whether the provided text contains visual analogy.

Please conduct internal judgment following these steps:

The given sentence may contain the following components: radical splitting (e.g., "1 R"
representing "fR"), glyph substitution (e.g., "% % " replacing "4% % "), visual transfer of
Emojis (e.g., N representing "purple"), or visual symbolism of numbers/symbols (e.g., 3
representing "kissing", ¥ representing "three" rather than "fork"), etc., which require visual
analogy based on contextual semantics.

Requirements: Output only a single digit, where O represents no and 1 represents yes. Strictly
prohibit any explanations, punctuation, or other text.

Chouxiang Language: {text}

Classification:
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Cloze Completion:

RE—ALFHFE LT XABEZE L. AEHEE RaEF. AL BLZK
KRFRMEMMROFHRERET X, BRGHEEFTHEHR (RF - Emoji~- #5 - £&F .
E.FTAXF)  ALEE RF . Emoji~ XF - H5 . 8F) ARIELH
# RERAER . B LBB . MBI . BFHH. HRERF) .

% RUEBR-AFLEZERMEGHZESEHFTRLINLER, ZE—IRE
&0 EAF SR TE

2R ABBEAFERT, FREFEMTRERFIAS -

A A
{text}

B
{options}

ZX.
(English Translation)

You are a context cloze expert for "Chouxiang Language." Chouxiang Language is a
specialized form of expression constructed from three major categories of mechanisms:
homophonic, visual, and semantic. Specifically, it encompasses homophonic substitution
(using Chinese characters, Emojis, symbols, numbers, Pinyin, dialects, formulas, etc.), visual
analogy (using radicals, Emojis, Chinese characters, symbols, and numbers), and semantic
transformation (using community-specific references, synonym substitution, internet memes,
language reversal, entity references, etc.).

Task: You are provided with a Chouxiang Language dialogue scene from the Chinese
internet and corresponding options; select the most appropriate option to make the dialogue
reasonable and complete.

Requirements: Output only the option letter; do not add any explanations or additional content.

Question:
{text}

Options:
{options}

Result:
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Meaning Selection:

RAE— LR E L RMICR LR . TAMERE, AHFF . AL BL=KEF
FAAmREREAE T X, BREEBEFTE®R (RF . Emoji~ F5 .« &F . #
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A E . {text)

“XR.
(English Translation)

You are a multiple-choice matching expert for "Chouxiang Language." Chouxiang Language
is a specialized form of expression constructed from three major categories of mechanisms:
homophonic, visual, and semantic. Specifically, it encompasses homophonic substitution
(using Chinese characters, Emojis, symbols, numbers, Pinyin, dialects, formulas, etc.), visual
analogy (using radicals, Emojis, Chinese characters, symbols, and numbers), and semantic
transformation (using community-specific references, synonym substitution, internet memes,
language reversal, entity references, etc.).

Task: You are provided with questions related to Chouxiang Language; please select the
option that best matches the meaning of the question from the three provided choices.

Requirements: Output only the option letter; do not add any explanations or additional content.
Question: text

Options:
{a}

Result:
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