arXiv:2506.10960v1 [cs.CL] 12 Jun 2025

ChineseHarm-Bench: A Chinese Harmful Content Detection Benchmark
WARNING: This paper contains context which is toxic in nature.

Kangwei Liu®*”* , Siyuan Cheng"* , Bozhong Tian”* , Xiaozhuan Liang", Yuyang Yin",
Meng Han*, Ningyu Zhang®' , Bryan Hooi*, Xi Chen” " , Shumin Deng **
#Zhejiang University “Tencent *National University of Singapore
{kangweiliu, zhangningyu}@zju.edu.cn
jasonxchen@tencent.com shumin@nus.edu.sg

Abstract

Large language models (LLMs) have been in-
creasingly applied to automated harmful con-
tent detection tasks, assisting moderators in
identifying policy violations and improving
the overall efficiency and accuracy of con-
tent review. However, existing resources for
harmful content detection are predominantly
focused on English, with Chinese datasets re-
maining scarce and often limited in scope. We
present a comprehensive, professionally anno-
tated benchmark for Chinese content harm de-
tection, which covers six representative cate-
gories and is constructed entirely from real-
world data. Our annotation process further
yields a knowledge rule base that provides ex-
plicit expert knowledge to assist LLMs in Chi-
nese harmful content detection. In addition,
we propose a knowledge-augmented baseline
that integrates both human-annotated knowl-
edge rules and implicit knowledge from large
language models, enabling smaller models to
achieve performance comparable to state-of-
the-art LLMs'.

1 Introduction

Harmful content detection plays a critical role in
maintaining a civilized social media platform (Ji-
awen et al., 2022; Jahan and Oussalah, 2023; Xiao
et al., 2024a). The unchecked circulation of harm-
ful or illicit content can lead to severe societal,
psychological, and legal consequences (Thomas
et al., 2021; Guo et al., 2024). With the massive
scale of online data rendering manual detection in-
feasible, recent research has increasingly focused
on leveraging LLMs for automated harmful content
detection (Thomas et al., 2021; Guo et al., 2024,
He et al., 2024; Zhang et al., 2024a; Kang and

s

B

Equal Contribution.
Corresponding Author.
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Figure 1: The six categories of our ChineseHarm-Bench
and corresponding example cases.

Qian, 2024). Nevertheless, the majority of exist-
ing benchmarks and datasets for harmful content
detection are focused on English, with Chinese re-
sources remaining scarce and limited in scope (Xu
et al., 2020; Wang et al., 2024; Yang et al., 2025).
Even when Chinese datasets are available, they typ-
ically focus on a single violation category, most
commonly hate speech, and thus fail to capture the
full spectrum of content safety challenges encoun-
tered on Chinese platforms (Jiawen et al., 2022; Lu
et al., 2023; Xiao et al., 2024c; Bai et al., 2025;
Yang et al., 2025).

Harmful content detection presents unique chal-
lenges that extend beyond those addressed by tra-
ditional NLP tasks (Tobi, 2024). In particular, the
Chinese language is highly complex and exhibits
unique linguistic characteristics (Xu et al., 2023;
Fang et al., 2025), further complicating harmful
content detection in Chinese online environments.
There exist a wide variety of perturbation meth-
ods in Chinese for evading detection, such as the
use of homophones, homographs, and other simi-
lar strategies (Su et al., 2022; Xiao et al., 2024c).
For example, as illustrated in Figure 1 under the
Abuse category, users may replace the keyword
“#F % (mother) with the homophonic word “A&
%2 (piano) to circumvent detection.

To address these gaps, we present
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ChineseHarm-Bench, a comprehensive multi-
category benchmark designed for Chinese harmful
content detection. ChineseHarm-Bench is con-
structed from real-world violation records and
covers six representative categories: gambling,
pornography, abuse, fraud, illicit advertisements,
and non-violation. Notably, every text and
label in our benchmark has been validated by
professional annotators, guaranteeing high
quality and reliability. Moreover, our annotation
process yields a knowledge rule base that can be
used as an external knowledge source to guide
human annotators and support LLMs in automated
harmful content detection.

LLMs rely on pretraining data, which remains
static once training is complete, limiting their
ability to adapt to new or evolving informa-
tion (Bigoulaeva et al., 2025). Since pretraining
data is typically clean and curated, it may lack
comprehensive coverage of harmful content, which
evolves dynamically and often exhibits adversar-
ial patterns. To address these limitations and im-
prove resource efficiency (Bai et al., 2024; Wang
et al., 2025), we introduce a knowledge-augmented
baseline (Zhu et al., 2025) that enhances the per-
formance of smaller LLMs for Chinese harmful
content detection. Incorporating external knowl-
edge, such as human-annotated rule bases, provides
up-to-date priors that help both annotators and mod-
els recognize subtle violations. By constructing
diverse synthetic detection scenarios through struc-
tured prompt design (Markov et al., 2022; Yu et al.,
2023; Chen et al., 2022) and leveraging both ex-
plicit rules and teacher-generated responses during
training, our approach enables smaller LLMs to
achieve performance comparable to state-of-the-
art large models while maintaining efficiency and
accessibility.

Our main contributions are as follows:

* We present a multi-category, professionally
annotated benchmark for Chinese harmful
content detection, which can be used to evalu-
ate the detection capabilities of LLMs in han-
dling harmful content in Chinese contexts.

* We manually construct a content safety knowl-
edge rule base during the annotation process,
which not only facilitates future annotation
efforts but also serves as external knowledge
to enhance model detection capabilities.

* We propose a knowledge-augmented baseline,

and extensive experiments demonstrate that
incorporating external knowledge allows rela-
tively small models to achieve detection per-
formance on par with state-of-the-art LLMs.

2 Related Works

Content Harm Detection. Automated content
safety detection plays a crucial role in enhancing
community security (Waseem et al., 2017; Schmidt
and Wiegand, 2017; Xiao et al., 2024b). Initially,
methods such as keyword-based detection and topic
analysis were employed to identify unsafe con-
tent (Warner and Hirschberg, 2012; MacAvaney
et al., 2019; Deng et al., 2022). Subsequently,
smaller models such as BERT (Devlin et al., 2019a)
have been employed to train datasets specifically
for the task of harmful content detection (Wulczyn
et al., 2016; Zampieri et al., 2019; Jiawen et al.,
2022; Markov et al., 2022). Owing to the excep-
tional capabilities of LLMs, there has been a rise
in approaches that directly utilize these models
for harmful content detection (Guo et al., 2023;
He et al., 2023; Huang et al., 2023; Zhang et al.,
2024b). Moreover, a series of guard models have
recently emerged, specifically designed for harmful
content detection (Inan et al., 2023; Team, 2024a;
Llama Team, 2024; Ma et al., 2024; Zeng et al.,
2024; Zhang et al., 2024d; Wen et al., 2025). How-
ever, these models primarily focus on English con-
tent and are concerned with the output safety of
large models, which differs from the content safety
definitions specific to the Chinese internet.

Chinese Resources. Over the years, several
datasets have been proposed to address specific
aspects of harmful content detection in the Chinese
language. COLA (Tang and Shen, 2020) provides
the first Chinese offensive language classification
dataset, while SWSR (Jiang et al., 2022) introduces
the first Chinese dataset specifically targeting sex-
ist content. COLD (Jiawen et al., 2022) provides
a nuanced taxonomy of Chinese offensive content,
while TOXICN (Lu et al., 2023) expands toxicity
detection to both explicit and implicit cases. Build-
ing on this, ToxiCloakCN (Xiao et al., 2024c) intro-
duces perturbed examples to evaluate model robust-
ness. Furthermore, Bai et al. (2025) present a span-
level toxicity extraction dataset, and SCCD (Yang
et al., 2025) offers fine-grained comment-level
annotations for Chinese cyberbullying detection.
Despite these advancements, the focus of these
datasets predominantly remains on hate speech,



whereas the scope of Chinese content detection ex-
tends beyond this singular aspect. Recent datasets
such as SafetyBench (Zhang et al., 2024c) and
ChineseSafe (Zhang et al., 2025) have attempted
to address broader categories of harmful content.
However, some categories in these datasets, while
related to other aspects of safety, are not directly
relevant to harmful content detection, as certain
types of content are considered acceptable and can
be freely circulated on Chinese platforms.

3 Benchmark

Figure 2 illustrates the overall construction process
of our benchmark. We collect and filter real-world
data, perform clustering-based sampling, and con-
duct expert annotation with iterative knowledge
rule base refinement. This pipeline ensures a bal-
anced, high-quality dataset with explicit knowledge
rules for each category.

3.1 Benchmark Category

Based on Chinese laws and regulations??, we select

six representative categories for our study: Gam-
bling, Pornography, Abuse, Fraud, Illicit Ads, and
Non-violation. These categories cover a broad
range of application scenarios and demonstrate
strong representativeness and research value. Fig-
ure 1 provides a simple example and its translation
for each category. The basic definitions of these six
categories are as follows:

* Gambling: Content related to gambling ac-
tivities, including promotion of betting plat-
forms, sharing gambling experiences, or en-
couraging participation. Gambling is strictly
prohibited by Chinese law due to risks of fi-
nancial loss, addiction, family disruption, and
social instability.

Pornography: Content containing vulgar or
obscene material related to sexual acts, such
as explicit descriptions, images, or videos.
Dissemination of pornographic content is ille-
gal in China, as it undermines social morals,
harms minors, and disrupts public order.

* Abuse: Content involving abusive language,
insults, or provocation, including personal at-
tacks, hate speech, or harassment. Such con-
tent is prohibited by Chinese regulations as it

2https://www.gov.cn/gongbao/content/20®®/

content_60531.htm

3h'ctps ://www.gov.cn/gongbao/content/2020/
content_5492511.htm

can cause psychological harm, disrupt social
harmony, and incite violence or discrimina-
tion.

* Fraud: Content involving deceptive practices
intended to mislead or defraud, such as phish-
ing, scam advertisements, or impersonation.
Fraud is a criminal offense under Chinese law,
posing risks to property and information secu-
rity, and undermining social trust.

Illicit Ads: Content advertising illegal activi-
ties or products, including unlicensed drugs,
counterfeit goods, or prohibited services. Pub-
lishing illicit advertisements is strictly for-
bidden, as it facilitates criminal activity, en-
dangers public safety, and violates consumer
rights.

Non-violation: Content that complies with
Chinese laws and regulations and does not
fall into the above categories. Such content is
considered legal and appropriate for dissemi-
nation in China.

3.2 Data Collection

Data Source. Our violation data is sourced from
one of the largest social platforms in China. We
collected real-world violation records from the
internal database of an online platform over re-
cent years, covering the five categories described
above.* Each data instance is represented as a tuple
x = (text, label), where text denotes the message
content and label € C is the corresponding cat-
egory label. The original records are annotated
with a single label upon collection, and each vi-
olation category contains approximately 15,000
samples. Non-violation data is sourced from the
Alpaca-Chinese (Taori et al., 2023; Ziang Leng and
Li, 2023) dataset, which provides approximately
52,000 diverse and legally compliant responses.

Preliminary Processing. Due to the proprietary
nature of the platform’s internal annotation guide-
lines, some labels may be inaccurate and not all an-
notations have undergone thorough manual review.
Given the impracticality of fully manual annota-
tion, we designed a data filtering and optimization
pipeline to ensure data quality and diversity. Specif-
ically, we first deduplicate the data within each cat-
egory. Then, for each category ¢ € C, we apply

*Due to ACL anonymity requirements, we do not disclose
the platform’s name.
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Figure 2: Overview of the benchmark construction pipeline. The process includes data collection and filtering,
clustering-based sampling, and expert annotation with iterative knowledge rule base refinement. Finally, 1,000
instances are sampled for each category to form the final benchmark.

k-means clustering with 100 clusters on sentence
embeddings generated by bert-base-chinese.
From each cluster, we randomly sampled 20 in-
stances, resulting in a benchmark set of 2,000 sam-
ples per category.

3.3 Human Annotation

Annotator Background. To ensure annotation
quality, we recruited three professional annotators
from a specialized annotation team. All annotators
are native Chinese speakers (two males and one
female), with two holding bachelor’s degrees and
one holding an associate degree. Each annotator
has substantial prior experience in data annotation
and harmful content detection, ensuring familiarity
with relevant legal and ethical considerations. Be-
fore the annotation process, all annotators received
additional training on the specific task requirements
and labeling criteria to further standardize the an-
notation process.

Annotation Process. Let D, = {z; .}, denote
the set of N = 2,000 candidate samples for cat-
egory c. We initialized the knowledge rule base
R = () for each category. The annotation process
proceeds as follows for each sample x; .

* If z; . matches any rule r € R, we retain z; .
in D,.

e If z; . truly belongs to category c and does not
match any rule in R., we update an existing
rule or add a new rule 7; . to R, and retain
Lic in Dc.

e If z; . does not belong to category c, we dis-
card z; . from D,.

After this process, we randomly sampled M =
1,000 instances from the retained set for each cate-
gory to ensure class balance. This procedure guar-
antees that our final dataset is both diverse and
balanced, with all samples annotated by human
experts. Furthermore, we iteratively refined the
standardized annotation guideline knowledge rule

base R = | cec Re (see Appendix Table 7).

3.4 Evaluation Metrics

Our benchmark is designed to evaluate the Chinese
harmful content detection capabilities of LLMs.
Specifically, we adopt a zero-shot setting, where
the model is prompted to classify each input in-
stance into one of the predefined categories using
a standardized template (see Appendix Figure 5).
Given a content item to be detected, we construct
the model input as:

X = Prompt_Detect(R, content) (1)

where R denotes the human-annotated knowledge
rule and content represents the content item to be
detected. Here, Prompt_Detect(-) refers to the
process of formatting the input according to the
prompt template, incorporating both the rule base
and the content item. The model subsequently pre-
dicts the category for each input instance. For eval-
uation, we report both the per-category F1 scores
and the macro-F1 score. As the dataset is balanced
across categories, the macro-F1 is equivalent to the
weighted-F1.



4 A Knowledge-Augmented Baseline
4.1 Hybrid Knowledgeable Prompting

To comprehensively simulate real-world harmful
content detection scenarios, we first define a set
of hierarchical, fine-grained attributes that charac-
terize different types of illicit content. We formal-
ize the prompt construction process as a mapping
from a structured user-content space to a prompt
space. Specifically, we decompose the scenario
space into four primary components: persona fea-
tures, text features, evasion tactics, and human-
annotated knowledge rules. Notably, our attribute
definitions incorporate both evasion tactics and
external knowledge, with the aim of more closely
modeling the complexities observed in real-world
illicit content. Each component is further specified
by a set of secondary, fine-grained attributes. For
each violation category ¢, we define the structured
input as

Ue = {Upersonaa Utext, Uevasiona Uknowledge,c} (2)
where:

* Upersona: Information about the author, such as
gender, age, occupation, education, reflecting
diverse writing styles.

* Usext: Intrinsic properties of the text, including
text length, narrative perspective, and publish-
ing platform.

* Uevasion: Evasion strategies commonly ob-
served in real-world scenarios, such as the use
of emojis, homophones, and other techniques
to circumvent detection. See Appendix B for
more detailed explanations.

* Uknowledge,c: The reference to the human-
annotated knowledge rule base R for cate-
gory c, specifying the particular guidelines
violated by the text.

4.2 Synthetic Data Curation

We construct synthetic data by first designing
a comprehensive prompt template, denoted as
prompt_generate (see Appendix Table 9), which
encodes the diverse attributes described above. For
each category ¢ € C, we define each instance by
its attribute set U; . € U,. For each U ., the input
prompt is constructed as

Qi,c = Prompt_Generate(U; ) 3)
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Figure 3: Overview of the synthetic data curation
pipeline. We first define a set of hierarchical, fine-
grained attributes to comprehensively characterize illicit
content. For each category, structured prompts are con-
structed based on sampled user and content attributes,
evasion tactics, and human-annotated knowledge rules.

Here, Prompt_Generate(-) refers to the function
that formats the sampled attribute set U; ., together
with the corresponding rule base, into a prompt
suitable for input to the teacher model. A teacher
model My is then used to generate a candidate
response for each prompt Q); .:

Aje = Mrp(Qi) )

For each category ¢ € C, we collect a set of
(Qi,c, Ai c) pairs. To ensure data quality and class
balance, we remove duplicate instances and filter
out model refusals or generic non-answers using a
keyword-matching strategy (see Appendix 8). Fi-
nally, we uniformly sample 7 instances from each
category to construct the final dataset:

Dina = | Sample,, (Qi ¢, Aic) &)
ceC

This pipeline ensures that the resulting synthetic
dataset is diverse, high-quality, and balanced across
all categories. An overview of the synthetic data
curation pipeline is shown in Figure3.

4.3 Knowledge-Guided Training

To fully leverage both explicit human knowledge
and implicit model knowledge, we adopt a super-
vised fine-tuning (SFT) framework that incorpo-
rates two distinct sources of knowledge for each
training instance. Specifically, for each sample in
the curated dataset Dgp,1, We construct the input by
combining (1) human-annotated knowledge R and
(2) teacher model knowledge, represented by the
answer A; . generated by the teacher model, which



reflects its implicit knowledge. Formally, for each
entry (Qj.c, Aic) in Dfna, the input to the student
model is constructed as:

Xi.c = Prompt_Detect(R, A; ) (6)

The student model Mg is trained to generate the
target output sequence c. For each instance, the
sequence-level loss is defined as:

Te
L(c| Xie,d) ==Y log P(er | Xicycer; §)

t=1
(N
where ¢ = (c1, ¢, ..., cr.) is the tokenized cate-
gory name for category c, and T is its length. The
fine-tuning objective is to minimize the average
loss over all instances:

N,
1 1
¢* = argmin —- E — E L(c| Xic, @) (8)
¢ [C| cec Ne i=1 ! )

where |C| is the number of categories, N, is the
number of instances in category c, X; . is the in-
put for the ¢-th instance in category ¢, and ¢ de-
notes the parameters of the student model. This
training paradigm enables the student model to in-
tegrate both explicit rule-based knowledge and im-
plicit knowledge distilled from the teacher model,
thereby enhancing its detection capability.

5 Experiments

5.1 Experimental Setup

Model Groups. To provide a comprehensive
evaluation of Chinese harmful content detection
capabilities, we consider three groups of mod-
els: (1) state-of-the-art LLMs, such as Deepseek-
R1 (DeepSeek-Al et al., 2025), GPT series (Ope-
nAl et al., 2024a,b) , Gemini series (Team et al.,
2024), and Claude series (Anthropic, 2024); (2)
lightweight models with fewer than 1B parameters,
including Bert-Base-Chinese (Devlin et al., 2019b)
and the smallest Qwen-2.5 model (Team, 2024b;
Yang et al., 2024); and (3) billion-scale LLMs with
1-10B parameters, represented by a range of Qwen-
2.5 models. This selection covers a wide spectrum
of model sizes and architectures for Chinese harm-
ful content detection.

Evaluation Protocol. For models evaluated via
direct prompting, we use the original, unmodified
model checkpoints. For models evaluated via fine-
tuning, we refer to student models trained on syn-
thetic data generated by the teacher model.

Knowledge Augmentation. To assess the impact
of external knowledge, we conduct experiments
under two conditions: with (@) and without ()
knowledge augmentation. For models evaluated
via direct prompting, the knowledge-augmented
setting indicates whether the human-annotated rule
base R and guidelines are included as part of the
input during inference. For models trained via fine-
tuning, R is consistently included in the prompts
during both training and inference of the student
model Mg. The knowledge augmentation setting
is further determined by whether such knowledge
is incorporated during the data generation phase of
the teacher model M.

Training and Evaluation Details. For our pro-
posed baseline, we use GPT-40 as the teacher
model M7 to generate synthetic data, with a tem-
perature of 1.0 and top-k sampling (k = 1) to
encourage output diversity. We sample n = 3000
synthetic instances per category. Qwen series stu-
dent models are fine-tuned using the LLaMA Fac-
tory (Zheng et al., 2024) framework. All experi-
ments are conducted on 8 Huawei Ascend 910B
NPUs (80GB each). More experimental details are
provided in Appendix C.

5.2 Main Results

Current LLMs are not yet sufficient to match
human annotators. Recent LLMs have demon-
strated impressive capabilities across various do-
mains. However, as shown in Table 1, even the best-
performing models, such as Deepseek-R1 and GPT-
40, achieve average macro-F1 scores of no more
than 0.8 when external knowledge is incorporated,
with performance dropping further in the absence
of such knowledge. Additionally, deploying these
models comes at the cost of significant computa-
tional resources. Smaller models, while more com-
putationally efficient, perform even worse when
used without fine-tuning, with macro-F1 scores
falling below 0.5 even when external knowledge
is introduced. Importantly, harmful content de-
tection is not a static problem but a dynamic and
adversarial process, where users continuously de-
vise novel evasion strategies to bypass detection
systems. These findings indicate that the task of
Chinese harmful content detection remains a sig-
nificant challenge for current LLMs and is still far
from achieving performance comparable to that of
human annotators (Phan et al., 2025).



F1 in each category

Backbone Strategy Knowledge Macro-F1
Gambling  Pornography — Abuse Fraud lllicit ads ~ Non-Violation
State-of-the-Art LLMs
i Prompting @ 0.82 0.77 0.84 0.53 0.65 0.78 0.73
Deepseek-Rl - b, pting © 0.89 0.83 0.87 0.65 0.77 0.80 0.80
03-mini Prompting @ 0.56 0.55 0.74 0.57 0.22 0.45 0.51
Prompting © 0.70 0.55 0.73 0.60 0.40 0.46 0.57
GPT-4o Prompting @ 0.78 0.75 0.83 0.59 0.53 0.79 0.71
Prompting © 0.89 0.75 0.82 0.60 0.75 0.86 0.78
.. Prompting @ 0.57 0.70 0.71 0.43 0.40 0.59 0.57
GPT-do-mini o pting © 0.82 0.76 0.74 0.51 0.62 0.72 0.69
. . Prompting @ 0.72 0.76 0.84 0.63 0.52 0.75 0.71
Gemini 20 Flash 0 bting © 0.91 0.77 0.82 051 0.69 0.75 0.74
) ) Prompting (o)) 0.76 0.76 0.79 0.11 0.57 0.80 0.63
Claude 3.5 sonnet - oting © 0.87 0.81 0.78 0.36 0.72 0.78 0.72
Lightweight Models (<1B parameters)
Finetuning (o)) 0.49 0.60 0.73 0.49 0.50 0.68 0.58
Bert-Base-Chinese ~ Finetuning © 0.74 0.65 0.76 0.68 0.68 0.70 0.70
Prompting (o)) 0.00 0.21 0.00 0.00 0.00 0.30 0.09
Qwen-2.5 Prompting © 0.00 0.11 0.00 0.00 0.00 0.30 0.07
0.5B-Instruct Finetuning o)} 0.35 0.59 0.72 0.39 0.44 0.74 0.54
Finetuning © 0.75 0.64 0.75 0.62 0.70 0.74 0.70
Billion-Scale LLMs (1B-10B parameters)

Prompting @ 0.22 0.08 0.62 0.47 0.00 0.48 0.31
Qwen-2.5 Prompting © 0.55 0.13 0.53 0.52 0.00 0.45 0.36
1.5B-Instruct Finetuning @ 0.36 0.61 0.74 0.43 0.48 0.81 0.57
Finetuning © 0.77 0.71 0.77 0.70 0.74 0.79 0.75
Prompting @ 0.38 0.53 0.58 0.38 0.36 0.50 0.46
Qwen-2.5 Prompting © 0.62 0.55 0.46 0.58 0.10 0.49 0.47
3B-Instruct Finetuning @ 0.47 0.63 0.77 0.37 0.49 0.82 0.59
Finetuning © 0.81 0.72 0.79 0.72 0.74 0.85 0.77
Prompting @ 0.35 0.58 0.42 0.09 0.45 0.56 0.41
Qwen-2.5 Prompting © 0.51 0.63 0.48 0.37 0.32 0.42 0.46
7B-Instruct Finetuning o)) 0.35 0.64 0.72 0.38 0.49 0.82 0.57
Finetuning © 0.82 0.70 0.75 0.75 0.75 0.82 0.77

Table 1: Macro-F1 scores of various models on the ChineseHarm-Bench across six violation categories. We report
results for state-of-the-art LLMs, lightweight models (<1B parameters), and billion-scale LLMs (1-10B parameters)
under both direct prompting and fine-tuning strategies, with (€) and without () knowledge augmentation.
Gray-highlighted columns indicate our proposed strong baseline models with knowledge augmentation.

Incorporating external knowledge consistently
improves model performance. As shown in Ta-
ble 1, for all models with more than 1B param-
eters, providing human-annotated knowledge as
input during direct prompting consistently yields
performance improvements. The only exception is
the Qwen-2.5-0.5B model, which does not benefit
from external knowledge, possibly because models
of this scale lack the capacity to effectively lever-
age complex knowledge sources. Moreover, in the
fine-tuning scenario, omitting knowledge guidance
during data generation leads to a significant drop in
performance across all model scales. These results
demonstrate that effectively incorporating external
knowledge is essential to achieve optimal perfor-
mance in harmful content detection tasks.

Our knowledge-augmented approach substan-
tially improves the performance of lightweight

and billion-scale models. As shown in Table 1,
all fine-tuned models with knowledge augmenta-
tion achieve macro-F1 scores above 0.7, compared
to original scores below 0.5. Notably, the Qwen-
2.5-3B and Qwen-2.5-7B models reach a macro-
F1 of 0.77, surpassing all state-of-the-art LLMs
under direct prompting without external knowl-
edge. This performance is also comparable to GPT-
40 (0.78) and Deepseek-R1 (0.80) when provided
with external knowledge. Furthermore, even with
knowledge augmentation, models such as GPT-4o-
mini, Claude-3.5 Sonnet, Gemini 2.0 Flash, and
O3-mini do not exceed a macro-F1 of 0.77. These
results demonstrate that our approach substantially
enhances the harmful content detection capabilities
of lightweight and billion-scale models, enabling
them to achieve performance comparable to the
State-of-the-Art LLMs.
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Figure 4: Left: Macro-F1 scores of student models trained on synthetic data, comparing performance with and
without evasion cases. Right: Macro-F1 scores in harmful content detection, showing the relationship with the
number of synthetic samples per category (x-axis in thousands).

Lightweight models (<1B parameters) face
inherent performance ceilings. While knowl-
edge augmentation improves performance across
all models, the lightweight models Qwen-2.5-
0.5B and BERT-Base-Chinese plateau at macro-F1
scores around 0.70. In contrast, all billion-scale
LLMs closely match the performance of GPT-40
when external knowledge is incorporated. These
findings highlight the intrinsic limitations of sub-
1B models, which remain unable to match the ef-
fectiveness of larger models on complex Chinese
harmful content detection tasks, even when pro-
vided with additional knowledge.

5.3 Analysis

Effectiveness of generating evasion cases for Chi-
nese harmful content detection. To assess the
impact of evasion cases in synthetic data, we com-
pare models trained on data with and without eva-
sion examples. Specifically, we used GPT-40 to
generate 3k non-evasive samples per category as
the baseline, keeping all other configurations un-
changed. As shown in Figure 4 (left), models
trained with evasion cases achieve performance
gains, underscoring the importance of incorporat-
ing Chinese-specific evasion data for detection.

3,000 synthetic samples per category are suffi-
cient for optimal performance. To investigate
the impact of synthetic data volume, we conduct
experiments with 1k, 2k, 3k, and 4k samples per
category. As shown in Figure 4 (right), the perfor-
mance of most models generally improves as the
number of synthetic samples increases, but plateaus
at 3k samples per category. This suggests that using
more than 3k synthetic samples per category yields
diminishing returns for harmful content detection.

Using different teacher models for data gener-
ation remains effective. We further investigate
the impact of teacher model selection by using the
Deeseek-R1 model for synthetic data generation,
while keeping the number of samples per category
at 3k and maintaining the same training setup and
configurations. As shown in Table 2, our proposed
baseline continues to achieve strong performance,
demonstrating robustness to the choice of teacher
model and highlighting the broad applicability of
our approach.

Model | GPT-40 | DeepSeek-R1
Bert-Base-Chinese 0.70 0.69
Qwen-2.5-0.5B-Instruct 0.70 0.65
Qwen-2.5-1.5B-Instruct 0.75 0.73
Qwen-2.5-3B-Instruct 0.77 0.76
Qwen-2.5-7B-Instruct 0.77 0.76

Table 2: Macro-F1 of student models trained on syn-
thetic data from different teacher models.

6 Conclusion

In this work, we introduce a comprehensive real-
world benchmark for Chinese harmful content
detection, encompassing multiple violation cate-
gories and accompanied by a professionally cu-
rated knowledge rule base. We further propose
a knowledge-augmented strong baseline that inte-
grates explicit knowledge rules and implicit knowl-
edge from large teacher models. This approach
enables small models to match or even outperform
much larger models, without sacrificing efficiency
or accessibility. Together, these contributions sup-
port practical applications and pave the way for
future research on LLMs for the detection of Chi-
nese harmful content.



Limitations

Although our benchmark expands the scope of prior
work by covering six distinct violation categories
and provides a more comprehensive taxonomy than
existing datasets, the real-world landscape of con-
tent harm detection is far more diverse, and our
current categories may not encompass all possible
violation types. Furthermore, although all annota-
tions in our dataset were performed by professional
annotators, some errors may still be unavoidable
due to the inherent subjectivity and complexity of
harmful content detection. In addition, while our
knowledge rule base provides valuable external
guidance, it cannot fully cover the diverse scenar-
ios and violation types present in real-world data.
This benchmark is for academic use only.

Ethics Statement

We obtain all data with proper authorization
from the respective data-owning organizations and
signed the necessary agreements. The benchmark
is released under the CC BY-NC 4.0 license. All
datasets have been anonymized and reviewed
by the Institutional Review Board (IRB) of the
data provider to ensure privacy protection.

Moreover, we categorically denounce any mali-
cious misuse of this benchmark and are committed
to ensuring that its development and use consis-
tently align with human ethical principles.
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A Prompt Template for Chinese Harmful
Content Detection

AT X ZHEMARFTEE R, HIRE
P ENAITEREIRARANE LI ME, PIBT
AT XRREGESNITTEA -

e RURFBI, FHREBEFAEH, X7 %
BIRZTH . “BH". “AsetE. «ig2 g
LB “HE” . BT S R LA
THM, HEETRFA .
FHHERE AR EEHEH. A
R @ AR R & N
£ R BI .

AR (FR] 4R )
SR (e A

Figure 5: The Prompt_Detect template for zero-shot
Chinese harmful content detection. The model is in-
structed to classify the input text into one of five viola-
tion categories or “non-violation” according to Chinese
laws and content safety standards. The #L%] %212 (“rule
base”) section incorporates the human-annotated knowl-
edge rule base R constructed during our annotation
process, while the # %] LA (“input text”) section pro-
vides the text instance to be classified.

B Evasion Patterns and Case Studies

On the Chinese internet, users often employ various
evasion strategies to circumvent harmful content
detection. To simulate these real-world behaviors,
we instruct the teacher model to adopt a keyword
substitution strategy, systematically replacing sen-
sitive terms with pinyin (phonetic transcription),
homophones (words with similar pronunciation),
homographs (visually similar), or emojis. Repre-
sentative examples of these four evasion strategies
are shown in Figure 6.

Evasion Case

pinyin XEAESAE, 7 jianada28 F 7T R,
homophones KZEKITEMFE, —EEM!
homographs  {B/RS S5EMF T AR

emoji BHITE, WIAK Hrie!

Figure 6: Representative examples of four common

evasion strategies: pinyin, homophones, homographs,
and emoji.

C Additional Experimental Details

For all state-of-the-art LLMs, all models ex-
cept DeepSeek-R1 are accessed via APIs, while
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DeepSeek-R1 is deployed locally. To ensure re-
producibility, we set the temperature to O for all
API-based models. For all Qwen series models,
inference is performed using greedy decoding.

For fine-tuning the Qwen series student models,
we utilize the LLaMA Factory (Zheng et al., 2024)
framework with the following hyperparameters: a
per-device batch size of 4, gradient accumulation
steps of 2, a learning rate of 1.0 x 1075, three
epochs, cosine learning rate scheduling, a warmup
ratio of 0.1, and bfloat16 precision.

For the BERT-based sequence classification
baseline, we employ the HuggingFace Transform-
ers library and fine-tune the model with 6 output
classes. The model is trained for 3 epochs with a
learning rate of 2 x 107>, a batch size of 32 for
training and 128 for evaluation, and a weight decay
of 0.01. Mixed-precision (fp16) training is enabled
to accelerate computation and reduce memory us-
age. All other hyperparameters follow the default
settings of the Transformers library.



F1 in each category

Backbone Strategy ~ Knowledge Macro-F1
Gambling  Pornography  Abuse Fraud lllicit ads ~ Non-Violation
State-of-the-Art LLMs
. Prompting @ 0.56 0.69 0.72 0.26 0.46 0.74 0.57
Claude 3.5 Haiku - p - iing © 0.85 0.78 0.76 0.57 071 0.79 0.74
Gemini 1.5 pro Prompting (o)) 0.73 0.74 0.74 0.56 0.57 0.79 0.69
=P Prompting © 0.90 0.75 0.74 0.58 0.75 0.73 0.74

Table 3: Expanded Macro-F1 scores of state-of-the-art LLMs on the ChineseHarm-Bench across six violation
categories. The experimental setup and evaluation metrics are consistent with those in Table 1.

F1 in each category

Backbone Strategy Evasion Macro-F1
Gambling  Pornography — Abuse Fraud Illicit ads ~ Non-Violation

Bert-Base-Chinese Finetuning w/ 0.74 0.65 0.76 0.68 0.68 0.70 0.70
) "~ Finetuning w/o 0.71 0.66 0.75 0.68 0.67 0.69 0.69
Qwen-2.5 Finetuning w/ 0.75 0.64 0.75 0.62 0.70 0.74 0.70
0.5B-Instruct Finetuning w/o 0.69 0.60 0.75 0.63 0.58 0.63 0.65
Qwen-2.5 Finetuning w/ 0.77 0.71 0.77 0.70 0.74 0.79 0.75
1.5B-Instruct Finetuning w/o 0.76 0.65 0.76 0.68 0.76 0.73 0.72
Qwen-2.5 Finetuning w/ 0.81 0.72 0.79 0.72 0.74 0.85 0.77
3B-Instruct Finetuning w/o 0.80 0.68 0.82 0.72 0.76 0.76 0.75
Qwen-2.5 Finetuning w/ 0.82 0.70 0.75 0.75 0.75 0.82 0.77
7B-Instruct Finetuning w/o 0.76 0.70 0.75 0.71 0.72 0.72 0.73

Table 4: Detailed per-category F1 and macro-F1 scores for models trained on synthetic data with and without
evasion cases, corresponding to Figure 4.

F1 in each category

Backbone Strategy Number Macro-F1
Gambling  Pornography — Abuse Fraud Illicit ads ~ Non-Violation

Finetuning 1k 0.73 0.65 0.75 0.59 0.63 0.71 0.68
Bert-Base-Chinese Finetuning 2k 0.72 0.64 0.75 0.60 0.67 0.66 0.67
Finetuning 3k 0.74 0.65 0.76 0.68 0.68 0.70 0.70
Finetuning 4k 0.74 0.66 0.75 0.65 0.68 0.67 0.69
Finetuning 1k 0.79 0.65 0.66 0.67 0.73 0.75 0.71
Qwen-2.5 Finetuning 2k 0.75 0.63 0.69 0.66 0.73 0.74 0.70
0.5B-Instruct Finetuning 3k 0.75 0.64 0.75 0.62 0.70 0.74 0.70
Finetuning 4k 0.74 0.65 0.75 0.68 0.70 0.73 0.71
Finetuning 1k 0.80 0.69 0.73 0.69 0.73 0.80 0.74
Qwen-2.5 Finetuning 2k 0.80 0.69 0.73 0.69 0.73 0.82 0.74
1.5B-Instruct Finetuning 3k 0.77 0.71 0.77 0.70 0.74 0.79 0.75
Finetuning 4k 0.80 0.71 0.75 0.69 0.72 0.80 0.75
Finetuning 1k 0.81 0.71 0.79 0.61 0.72 0.86 0.75
Qwen-2.5 Finetuning 2k 0.80 0.69 0.73 0.72 0.78 0.83 0.76
3B-Instruct Finetuning 3k 0.81 0.72 0.79 0.72 0.74 0.85 0.77
Finetuning 4k 0.80 0.70 0.77 0.73 0.76 0.80 0.76
Finetuning 1k 0.79 0.73 0.78 0.62 0.71 0.83 0.74
Qwen-2.5 Finetuning 2k 0.79 0.68 0.75 0.67 0.72 0.81 0.74
7B-Instruct Finetuning 3k 0.82 0.70 0.75 0.75 0.75 0.82 0.77
Finetuning 4k 0.82 0.69 0.72 0.70 0.77 0.83 0.75

Table 5: Detailed macro-F1 and per-category F1 scores for different models and numbers of synthetic samples per
category, corresponding to Figure 4.
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F1 in each category

Backbone Strategy Teacher Macro-F1
Gambling  Pornography  Abuse Fraud lllicit ads ~ Non-Violation

Bert-Base-Chinese Finetuning GPT-40 0.74 0.65 0.76 0.68 0.68 0.70 0.70
Finetuning DeepSeek-R1 0.77 0.67 0.75 0.65 0.61 0.70 0.69
Qwen-2.5 Finetuning GPT-40 0.75 0.64 0.75 0.62 0.70 0.74 0.70
0.5B-Instruct Finetuning DeepSeek-R1 0.77 0.65 0.68 0.66 0.49 0.64 0.65
Qwen-2.5 Finetuning GPT-40 0.77 0.71 0.77 0.70 0.74 0.79 0.75
1.5B-Instruct Finetuning DeepSeek-R1 0.82 0.72 0.77 0.73 0.66 0.72 0.74
Qwen-2.5 Finetuning GPT-40 0.81 0.72 0.79 0.72 0.74 0.85 0.77
3B-Instruct Finetuning DeepSeek-R1 0.82 0.75 0.77 0.77 0.74 0.73 0.76
Qwen-2.5 Finetuning GPT-40 0.82 0.70 0.75 0.75 0.75 0.82 0.77
7B-Instruct Finetuning DeepSeek-R1 0.84 0.73 0.80 0.76 0.74 0.71 0.76

Table 6: Detailed per-category F1 and macro-F1 scores for models trained on synthetic data generated by different

teacher models, corresponding to Table 2.
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Human-annotated knowledge rule

W 1 AR LRE . 83928 “EF7. BRI Ry “AAMYRNER. “AALER
W ORI R “hE X7 L. “PEF. B FRALALTRIFIBK . e R2E—FHEL
B TE, A Fl FRKEEOBEHN, “E 5 RCRRAEY N, 2l RE 5T RAF B
A8 % .

2. A F A EOEH ML KWk EEAE BT RE BER, o top” e vipF .

.EMERMXGAE . GEBERERFTFE (A EBE. ol . BEBEE) « BT s (ed&. &
ELARGERE)  BBAZRAR (FBE.MEFF) 0 AREBERXGFE ik BN L. 2R
ME) .

1R R h R X A AER AR B EH48 QIEAA - WILE . B HRS AL REE T A & TR 69 X4t iE fe
B4, dedhr L AR B RKT LG A CH AL < meT . AL AR hES %, ART

WEM K AL UK FI . Lk F, AWMBEARXETA . HET . BRITAEHEREFAL

2. BEIALA AT AR A - AR W F AR AR F A ARBR AL AATH AR, AT
A S HT X BHRATEAAR AWML, OBAAREFRCOARREFME . FRFRER
T SM” . “HRIEF

3. SRS AR AR SIS R . AR B A MR T RARB AT BT TRY RS FEIL, e
Lo S

4. EHMFERD R L5 RARERZEEERRLLE, RARAARBETRFOAL, GiEHE K45
AEG BT Ao KM RIL . 36D F . BREEITVRE” . Bk BB FME . F RGN 56 X 4T
Ao deRARR=F AR ART . BATBRARLE . ARAHP T REFTRGITH . on FEHFRORRT
B oapp. M, Blaec91”. “rp REBE” . “F B ML . “app” . “M ELAEEIEE .
;%ﬁﬁ%ﬁaﬁﬁiﬁﬁ%:Miiﬁﬁ%\ﬁ%éﬁaﬁ%iﬁﬁﬁsﬁ%%%%%%\~&%\ﬁﬁ

EEEIE-X

LAGFHAEERY . BRI L G ABRFRITAERE, REMBIE. LEER, BLHF. BF. #BK
WEFX, ERRENBREL . BAFTEHEERFRERA.

2. AA A A MAE : QWL B L REAE, FETEE, BARL . K R
W RAFHMES L, BMRELTA -

Bk .

1. 24 EIRER. A5ME. 3#H, 2RITASFSERE AL F AR . RRES .

2. &RRTEW: OAEMELTER, BLEF MEREFT S BB FRALT; K&K, 8 ERMBARTRZK
PR BV, MRFRER, ARFFEFRAM O L LHAITINR, BEEATHERER.

3. A WATE S FEAREFEERANE, WAl hRIR. B%. BRITERERIOER. &7 . kit
K%, BB dHITHRE.

4. BTV AEHT L. BLEUMFEG LT HMASNALS, O LFTRAFEREK, FEHMETE
. TEMERRIETWNEE.

2%

L WAEREREKARRER LIS . GHEEARLSE . “—B—207  “SHMEFFR, REBH LML S5
B XE. R ITEWRR. PR F, ARERTME . REHIRFFEORE . 8. L HE . BwALR
W%, XSGR EROFTFERAE.

2 RBEMRFTAMEIRSE: BERTRG . REREL . RUEEZMFRS, AHATAIRARTFEMAIATKRS .
R T GHEMERNE, ABRKEM . RIAER S (e B RAL T LIER) .

3. FEeBPEARARS . REFRERFRGEZIBEFNBRS, LT EFE . —F L . 4 RAK
M. BN BT BIEREER . REMEBEOERRS, REEEERY . MERA. K. BFRERK
. XL EG. ERAFTANLE . EEHE. AFRE, ARXHEFLLGFEEEWBRITF. 20
F.SIMF¥. BLHBE. HFAKEE,

4. #BEFL A ARSE . CEREELES FALAAGTFITHKBIEL) 48X BARARSE, AIAZLA
%% WERE G AB Y. BIRESTHEED LY. D . ERY . XAHF, KAZLRT LR
HIAKS . RERXRBERKIEF

Table 7: Human-annotated knowledge rules for each violation category in our Chinese harmful content detection
benchmark.

Filter Keywords

"I’m sorry", "Sorry", "I am sorry", "I apologize", "As an", "As an A", "I'm an", "I'm just", "As a language model", "As
an Assistant", "I cannot”, "I do not", "Hello!", "is illegal and unethical", "I'm really sorry", "OpenAl", "unethical", "not
ethical", "illegal", "not legal", "My apologies", "but I cannot", "If you have any other non-malicious requests", "I’m not
able to provide", "I am really sorry", "I cannot create", "I cannot support", "I can’t provide", "I can’t assist", "I can’t", "I

am not able", "I am unable", "I will not", "I do not engage", "illegal", "unethical", "harmful", "I am not able to"

EC) %}L;u’ 3¢ Z:jtu, "ib A gn,nz‘i R A 7‘{","% o )&H’Hji * R EH,HZ:_§% & B, - ﬁ&‘n’nﬁ B in’nz: i#E
ié,\n,n%;‘%n,nz: ﬁlé i ﬁy(‘u’ny-nl—: * é;% 1_},1\1""% é‘ M, 5“] ","%F 4’5’ é\u’né\;ﬁun’uiﬁ )),z * ,ﬁtu’niﬁ M, izr\","if B % é\n’n}ﬂ]’: ﬁ Kf
%L”,”‘i% @ﬁ;ﬁ?","* é l*] gn,u%;ﬁ*ﬁﬂj]iﬁiu,u_w{gé%én

Table 8: A list of keywords used to identify and filter out model refusals or generic non-answers during data
preprocessing.
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Synthetic Data Generation Template

FAMER LR = "R, s B, R B SR, R, B T & R
‘Ti?'ﬂ]iiiﬁz["%'f R A |

SFEE IR = ["0-12", "13-17", "18-24", "25-34", "35-44", "45-54", "55-64", "65-74", "75-84", "85+"]

AL = [ AR R, A TALIE, AT, R % A AL, " HB AT R, AT ST AR R, "8k
FEALUR HORIE R, AR, B TR OB RS AR R R DR R R, s
e R R, A GO AR EE R R R AN P AR, R, e b
SRR LG RY, R AR A B R R ESTRR, , R R, R R, E R,k A
I R R B R B RA R AR AR, AR, UK AR, " A TALN, LA AR,
MU L TALUR, R SRR, 5 TR AR R T AUE AR R BRI R G, T, T
G, SR R B R B R R R, B B TR, T @ik
IR, PR, R, e B, R HALG § R R R RS, RS AR R
O, U ST T G AR BRI AR B UR VR R ik 1 R,
R, R, RS, R AR, AL R E LR, R AR R U R, AR B 34
"R, R AN, AR, R, ORI, B AT S R R RE R, T
AR A, R AL, A L, R L ALY, R L, R R LY, TR, R e ]

FRB = R, R, AR EE R AR T T, ke
KE R BN =["0-5", "6-10", "11-15", "16-20", "21-25", "26-30", "31-35", "36-40", "41-45", "46-50", "50+"]
F oA = (M, b e b, QQ, A, HE R, B, e B B, E A

B F B = [, W YA, Temoji”, " F L&

Mgt RN = [ "% AL A X487 B e %?Wé, 18R {NEF B} RABE>HEPIL AL ", "ELA
EF AR, BAAERIEATEG Kb R T . "

BEARK W—P*~Aﬁ"w'/d""”‘kﬂﬂ

(Aerg]
FRAE—ERFEHIHRMNEEETF R, BRBEGTRABFIRG AL EEZTHAE . FAREAT S EE R
(AP &%)

S PER] L (ALY
-y (k)
SBRAL . {FRAk)
-2 {($5)

(LA#R]
-RTHN. (REHN)
-HAER . (FREF)
- IRAM . {F)
SXARKE (IAKE)F
-REAE . (REAK)
-EAAFE: (FE)

(.38 R o6 ]
SRR (BT
S (AL KLY )
(A2 K]
WERRERP BGAXRAEREROAE . W REA T AR K%, iz EEMER, AARAERTHiE
T A A A

Table 9: Structured prompt template and attribute options for synthetic illicit content generation. The template
covers violation categories, persona features, text features, evasion tactics, and strategy explanations, enabling
comprehensive simulation of real-world harmful content detection scenarios.
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