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Abstract

Recently, large language models (LLMs) are
capable of generating highly fluent textual
content. While they offer significant conve-
nience to humans, they also introduce vari-
ous risks, like phishing and academic dishon-
esty. Numerous research efforts have been
dedicated to developing algorithms for detect-
ing Al-generated text and constructing rele-
vant datasets. However, in the domain of
Chinese corpora, challenges remain, including
limited model diversity and data homogene-
ity. To address these issues, we propose C-
ReD: a comprehensive Chinese Real-prompt
Al-generated text Detection benchmark. Ex-
periments demonstrate that C-ReD not only
enables reliable in-domain detection but also
supports strong generalization to unseen LLMs
and external Chinese datasets—addressing crit-
ical gaps in model diversity, domain cover-
age, and prompt realism that have limited
prior Chinese detection benchmarks. We re-
lease our resources at https://github.com/
HeraldofLight/C-ReD.

1 Introduction

Large language models (LLMs) have quickly
become integral to everyday life and profes-
sional workflows. Leading models such as Chat-
GPT (Brown et al., 2020) and DeepSeek (Guo
et al., 2025) generate highly fluent and contextu-
ally relevant responses, greatly boosting produc-
tivity and user experience. However, this same
capability can be exploited for malicious or uneth-
ical purposes (Fang et al., 2025)—such as phish-
ing, academic dishonesty (Tang et al., 2024), pla-
giarism (Lee et al., 2023), and the dissemination
of disinformation (Mitchell et al., 2023). Com-
pounding the problem, human readers often find
it difficult to reliably tell Al-generated text apart
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from human-written content (Mitchell et al., 2023),
which further exacerbates these risks.

To address this challenge, substantial research
efforts have focused on developing detectors for
Al-generated text (Solaiman et al., 2019; Mitchell
et al., 2023; Yang et al., 2024b; Bao et al., 2024;
Chen et al., 2025). Concurrently, several bench-
mark datasets have been released to support detec-
tor training and evaluation (Uchendu et al., 2021;
Li et al., 2023; He et al., 2024; Wu et al., 2024).
However, these datasets predominantly consist of
English corpora.

Chinese presents unique challenges for detection
due to its complex word segmentation (Tsang et al.,
2025), context-sensitive semantics, and abundant
use of cultural idioms, metaphors, and informal
abbreviations. These linguistic properties render
direct adaptation of English-centric methods inef-
fective and underscore the need for native Chinese
detection benchmarks. Unfortunately, prior Chi-
nese datasets suffer from three key limitations: (1)
Limited model diversity: most rely solely on Chat-
GPT (Macko et al., 2023; Wang et al., 2023), over-
looking widely adopted domestic Chinese LLMs;
(2) Data homogeneity: texts are often restricted
to simple QA formats (Guo et al., 2023), lacking
representation from professional domains such as
journalism or academic writing; (3) Unrealistic
prompt design: failing to reflect real-word appli-
cation scenarios of LLMs.

To bridge these gaps, we introduce C-ReD: a
comprehensive Chinese Real-prompt Al-generated
text Detection benchmark. C-ReD comprises Chi-
nese human-written texts curated from five distinct
domains, paired with Al-generated counterparts
produced by nine LLMs—including five leading
Chinese domestic models—under five carefully de-
signed, real-world-inspired prompt types.

Our analysis using C-ReD reveals that detection
performance varies substantially across domains
and generators, with fluent, reasoning-intensive
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Figure 1: The overview of C-ReD.

models like Deepseek-R1 being particularly chal-
lenging to detect. Fine-tuning on C-ReD not
only boosts in-domain accuracy but also enables
strong generalization to unseen models and exter-
nal datasets, demonstrating its effectiveness as a
representative and scalable foundation for Chinese
Al-generated text detection.

2 Related Work

2.1 Detection Methods

Supervised Methods. The goal of supervised
methods is training a classifier, which typically
leverages neural representations from pre-trained
models. RoBERTa (Liu et al., 2019), in particular,
has been widely adopted for this purpose. Studies
fine-tune it on labeled datasets, use its contextual
embeddings to train binary classifiers (Solaiman
et al., 2019; Guo et al., 2023), and leverage its
semantic capture ability to achieve effective de-
tection in specific domains. ImBD (Chen et al.,
2025) identified machine-revised text by imitat-
ing the machine-style token distribution by style
preference optimization. Recent works incorpo-
rate token-level probability distributions with pre-
trained model embeddings (Verma et al., 2024; Shi
et al., 2024), utilizing both semantic and statis-
tical information effectively. MoSEs (Wu et al.,
2025) introduces a flexible framework that models
profession-specific writing styles and addresses the
limitation of static threshold by employing condi-
tional threshold estimation to enable adaptive de-
tection across diverse domains. The performance
of supervised methods is fundamentally based on
the quality and representativeness of training data.
High-quality datasets, with diverse text types, com-
prehensive source models, and accurate labels, can
alleviate overfitting and improve generalization.

Zero-shot Methods. Existing zero-shot detec-
tors mostly rely on constructing statistical fea-
tures through pre-trained large language models,
without requiring task-specific training. Early ap-
proaches rely on token-level likelihood—based met-
rics such as entropy (Gehrmann et al., 2019), per-
plexity (Lavergne et al., 2008), log-likelihood (So-
laiman et al., 2019), and top-k probability buck-
ets (Gehrmann et al., 2019). DetectGPT (Mitchell
et al., 2023) pioneered the paradigm of compar-
ing perturbed texts with original ones for detection,
inspiring related methods such as DetectNPR (Su
et al., 2023) and DNA-GPT (Yang et al., 2024Db).
However, these methods suffer from high time
costs. Fast-DetectGPT (Bao et al., 2024) improved
efficiency via conditional probability curvature,
expanding the application scope of training-free
detection methods. Lastde (Xu et al., 2025) in-
troduced time series analysis for better accuracy
and DNA-DetectLLM(Zhu et al., 2025) introduced
the mutation-repair paradigm. Note that zero-shot
methods typically utilize labeled data to perform
probability calibration.

2.2 Related Datasets

Al-generated Text Benchmarks. A growing body
of research has addressed the challenges posed
by large language model (LLM)-generated text,
leading to the development of several benchmark
datasets. TuringBench (Uchendu et al., 2021) pio-
neered this direction by introducing a dataset con-
sisting of 200k human-written and Al-generated
news articles produced by 19 distinct LLMs. How-
ever, it is limited by its reliance on models no
more advanced than GPT-3 and by the narrow di-
versity of its data sources. Building on this founda-
tion, MAGE (Li et al., 2023) presents a large-scale
testbed comprising outputs from 27 LLMs across
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seven diverse writing tasks. MGTBench (He et al.,
2024) further advances the field by offering a uni-
fied framework for both detection and attribution of
machine-generated text, enabling systematic evalu-
ation of various methods across multiple datasets.
To better reflect real-world deployment scenarios,
DetectRL (Wu et al., 2024) introduces four eval-
uation tasks covering high-risk domains such as
social media and news writing—contexts particu-
larly susceptible to synthetic text abuse. Despite
these advances, existing benchmarks remain pre-
dominantly English-centric and often lack coverage
of Chinese-language LLMs, highlighting a critical
gap for non-English detection research.

Chinese Corpora. Several studies have in-
cluded Chinese Al-generated text in their bench-
marks, yet significant limitations remain. HC3
(Guo et al., 2023) provides 40k question—answer
pairs in both English and Chinese, covering di-
verse domains such as computer science, law, and
medicine. However, it is restricted to a single QA
format and relies solely on ChatGPT for genera-
tion. MULTITuDE (Macko et al., 2023) is a mul-
tilingual detection benchmark encompassing 74k
Al-generated texts across 11 languages—including
Chinese—produced by eight LL.Ms. Notably, the
Chinese subset was used only for evaluation and ex-
cluded from model training, limiting its utility for
developing Chinese-specific detectors. M4 (Wang
et al., 2023) introduces a multi-generator, multi-
domain, and multilingual benchmark that includes
Chinese data sourced from Baike and Web QA.
Nevertheless, its Chinese Al-generated texts were
produced exclusively by ChatGPT and GPT-3.5,
omitting widely deployed domestic Chinese LLMs.
Collectively, these Chinese datasets suffer from nar-
row domain coverage, homogeneous text formats,
and limited model diversity—particularly the ab-
sence of state-of-the-art Chinese foundation mod-
els. Coupled with their relatively small scale and
constrained scenario representation, these short-
comings render existing resources insufficient for
robust, real-world Chinese Al-generated text detec-
tion.

3 C-ReD Dataset

3.1 Data Sourcing

We collected human-written texts from five do-
mains where LLMs are commonly deployed. The
data include: (1) News: 3,000 articles from THUC-
News (Li et al., 2006), evenly distributed across

five categories (sports, politics, finance, entertain-
ment, education); (2) Q&A: 2,956 user answers
from Zhihu via Zhihu-KOL (GeeYangML and Ray,
2023); (3) Film Review: 2,960 user reviews from
Douban, sourced from ChineseNIpCorpus (Aesop
et al., 2023); (4) Composition: 1,081 model es-
says from China’s National College Entrance Ex-
amination, collected via web scraping; (5) Aca-
demic Writing: 500 Chinese papers (title, keword,
abstract, introduction) from ChinaXiv (ChinaXiv,
2025). For news domain, we also consider Tradi-
tional Chinese (TC) news for extra dataset and col-
lect 2,000 articles from News-Collection-Zhtw (Os-
car), covering four categories (article, tech, science,
daily-weekly). Further information on data sources
and statistics is provided in Appendix A.1.

3.2 Model Sets

We adopt a diverse set of representative LLMs
to generate Al-written texts. To better reflect
real-world Chinese Al writing scenarios, we
include advanced models from both Chinese
and international providers. Our model set in-
cludes nine LLMs: OpenAl (gpt-3.5-turbo,
gpt-40) (OpenAl; Hurst et al., 2024), Google
(Gemini-2.5-Flash) (Comanici et al., 2025), An-
thropic (Claude-3.5-Haiku) (Anthropic, 2024),
Deepseek (Deepseek-V3, Deepseek-R1) (Liu
et al., 2024; Guo et al., 2025)—with Deepseek-
R1 employed in chain-of-thought mode—, Qwen
(Qwen2.5, Qwen3) (Yang et al., 2024a, 2025), and
Doubao (Doubao-1.5-Pro) (ByteDance, 2025).
All models are accessed exclusively via APIs, this
black-box setting closely mirrors real-world usage
but also increases the difficulty of detection, further
details are provided in the Appendix A.2.

3.3 Prompt Design

To enhance the alignment between LLM-generated
texts and real-world applications, we designed five
domain-specific prompt strategies. News: we cu-
rated category-specific prompt templates with LLM
assistance and combined them with real news head-
lines to simulate Al-assisted news writing. Q&A:
we first created general-purpose prompt templates
and then specialized them by injecting domain-
specific questions, mimicking real-world QA sys-
tems. Film Review: we developed structured re-
view guidelines using LL.Ms and paired them with
film titles to form final prompts, reflecting practical
Al-powered critique generation. Composition: we
directly utilized descriptions from Gaokao along
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with specific topics to construct the final prompts.
Academic Writing: for introduction generation,
we fused paper titles, keywords, and abstracts with
instructional prompts. Separately, we also designed
prompts to generate abstracts solely from titles and
keywords. TC News: analogous to the News setup,
we adapted similar template design methodology
to Traditional Chinese journalism. Sample prompts
for each domain are provided in Appendix A.3.

Table 1: Core schema shared by all samples in the
dataset. Fields below the second midrule are only
present for Al-generated samples.

Field Type Description

id int Unique sample identifier

text str Human-written or Al-generated text
label int 1 = human, 0 = Al

type int Encoded text domain

length int Character count

attribution str Source of the text: model name for Al

outputs, or human for human-written
samples

original_id int ID of the original human-written sam-
ple used for Al generation (Al only)

The exact prompt provided to the lan-
guage model to generate this Al text

(Al only)

prompt str

3.4 Quality Control

To ensure high-quality and consistent data, we per-
formed systematic preprocessing on both human-
written and Al-generated texts.

Human-written Text. Human-authored con-
tent—sourced from diverse platforms—often con-
tained extraneous elements such as metadata (e.g.,
headlines, author names, source URLs), non-
textual components (e.g., figures, tables, cita-
tions), and formatting artifacts introduced during
web scraping or PDF conversion. To align these
with the clean, paragraph-level format of machine-
generated outputs, we removed all such noise, stan-
dardized text structure into single coherent para-
graphs, and applied length constraints appropriate
to each genre. Additionally, we filtered out sam-
ples with excessive English content or inconsistent
language use to maintain linguistic homogeneity.
Full details of the cleaning protocols for each data
type are provided in Appendix A.1.

Al-generated Text. To ensure the quality and
consistency of Al-generated text, we implemented
length constraints in the prompt templates to con-
trol output within predefined ranges for each do-
main. We adopted a dual-measure quality assur-

ance approach: (1) real-time automated filtering
that monitors Chinese character ratio, repetitive
character sequences, text length, empty outputs,
and factual inconsistencies, while also stripping
extraneous formatting such as Markdown syntax,
section headings, bullet points, and other non-
paragraph elements; (2) rigorous manual screen-
ing by domain experts to identify and remove low-
quality or anomalous samples. Specific parameter
values for these quality controls are provided in
Appendix A.4.

All texts (human-written and Al-generated) were
normalized into plain, single-paragraph format
(more details for text length in Appendix A.5). The
final dataset is stored as a CSV file with a unified
core schema (Table 1); domain-specific fields are
detailed in Appendix A.6.

3.5 Statistics

As shown in Figure 2,our dataset comprises a total
of 128,610 texts, including 12,997 human-written
and 115,613 Al-generated samples across five do-
mains (including extra dataset). The full distribu-
tion across domains and large language models is
provided in Appendix A.7. Examples of C-ReD
are included in Appendix J.

30000 Human-written

Al-generated
25000

20000

15000

10000

Number of Samples

5000

News Film Review Q&A TC Journalism Composition  Academic

Writing

Figure 2: Distribution of samples in C-ReD.

4 Experimental Setup

4.1 Detectors

Using C-ReD, we conduct a comprehensive evalua-
tion of a diverse set of state-of-the-art Al-generated
text detection methods, spanning both traditional
paradigms—zero-shot and supervised methods. In
particular, we further investigate the emerging
paradigm of leveraging Large Language Models
(LLMs) themselves as detectors, exploring their
potential to identify Al-generated text without task-
specific training.
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4.1.1 Zero-shot Detectors

We evaluate a range of zero-shot detection
methods. These include likelihood-based met-
rics: Log-Likelihood (Solaiman et al., 2019),
Entropy (Gehrmann et al.,, 2019), and Log-
Rank (Mitchell et al., 2023). We also assess
LRR (Su et al.,, 2023), which combines log-
likelihood and log-rank into a normalized score;
Fast-DetectGPT (Bao et al., 2024), which lever-
ages conditional probability curvature; Lastde and
Lastde++ (Xu et al., 2025), which analyze likeli-
hood sequences as time-series signals; and DNA-
DetectLLM (Zhu et al., 2025), which enhances
robustness through a mutation—repair mechanism.
Full descriptions and details are provided in Ap-
pendix B.1.

4.1.2 Supervised Detectors

We evaluate several representative methods, includ-
ing the OpenAl Detector (Solaiman et al., 2019), a
RoBERTa-based classifier trained on GPT outputs;
RADAR (Hu et al., 2023), which jointly trains an
Al-generated text detector by adversarial learning;
ReMoDetect (Lee et al., 2024), which improves
detection performance by enhancing the reward
model’s ability; and IMBD (Chen et al., 2025),
which aligns a scoring model with machine-like
writing styles via Style Preference Optimization
(SPO) and detects Al-generated text using a Style-
Conditional Probability Curvature. Full descrip-
tions and details are provided in Appendix B.2.

4.1.3 LLM Detectors

We evaluate eight large language models as de-
tectors, each prompted to perform binary classi-
fication—distinguishing human-written from Al-
generated text—using a standardized instruction.
The full list of evaluated models, along with the
exact prompt template and inference settings, is
provided in Appendix B.3.

4.2 Metrics

We report two primary evaluation metrics: Ac-
curacy (Acc) and Area Under the ROC Curve
(AUROC). Accuracy measures the proportion of
correctly classified samples (human-written vs.
Al-generated) under a fixed decision threshold.
AUROC evaluates the detector’s ranking perfor-
mance across all possible thresholds, providing a
threshold-invariant assessment that is particularly
informative for imbalanced or domain-shifted set-
tings.

5 Evaluation Protocol

We evaluate Al-generated text detectors across
seven settings within and beyond C-ReD: in-
distribution performance, generalization to unseen
generators, cross-domain transfer (with fixed gener-
ators), prompt complexity effects, LLM-as-detector
reliability under multiple prompting strategies, and
out-of-distribution validation on external Chinese
datasets. For each domain and each source, we
pre-split the data into fixed training and test subsets
before any experiments.

5.1 Domain- and Generator-Agnostic
Evaluation on C-ReD

A major requirement for practical Al-generated
text detectors is robustness across diverse writ-
ing domains and unknown generation models. To
evaluate this, we assess all zero-shot and super-
vised methods under a unified protocol in C-ReD:
at inference time, detectors perform binary classi-
fication—distinguishing human-written from Al-
generated text—without access to generator iden-
tity or domain labels. The test set covers all five
domains, each containing Al-generated texts from
all nine LLMs paired with human-written coun-
terparts. Results are reported using the AUROC
metric. No method-specific tuning or adaptation
is applied: zero-shot detectors use fixed reference
models, and supervised detectors rely solely on
publicly released pre-trained weights without fine-
tuning.

5.2 Training on C-ReD: In-Distribution and
Out-of-Distribution Evaluation

A key challenge in Al-generated text detection is
building models that generalize beyond the spe-
cific generators seen during training. To address
this, we fine-tune OpenAl Detector and IMBD on
a diverse, domain-balanced training set from seven
LLMs in C-ReD, except Claude-3.5-Haiku and
Gemini-2.5-Flash. The resulting models are eval-
uated on test data from all nine LLMs—including
these two held-out models—using the AUROC met-
ric to assess both in-distribution performance and
robustness to previously unseen generators. This
setup directly probes whether training on C-ReD’s
multi-generator, multi-domain data can improve
both reliability and transferability of supervised
detectors—a crucial step toward real-world deploy-
ment.
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5.3 Domain Generalization Under Fixed
Generators

An important challenge in Al-generated text de-
tection is whether models trained on one writing
domain can generalize to others. To isolate the ef-
fect of domain shift from generator variability, we
evaluate cross-domain generalization under con-
trolled conditions: using only two representative
LLMs (Qwen2.5 and GPT-40) as fixed generators
throughout training and testing. For each genera-
tor, we train a supervised detector on human—Al
text pairs from one source domain and evaluate
it on all five domains without access to domain
labels at inference time. This produces a 5 x 5
evaluation matrix per generator, enabling system-
atic comparison of in-domain performance against
out-of-domain transfer. All results are reported us-
ing the AUROC metric under the standard binary
classification protocol.

5.4 Evaluating LLMs as AI-Text Detectors

To assess whether large language models can reli-
ably distinguish human-written from Al-generated
text, we design a controlled detection task across
the five domains in C-ReD. For each domain, we
evaluate three representative generators—Qwen?2.5,
GPT-40, and Deepseek-R1—against a diverse set
of Judge LLMs. We compare three prompting
strategies: (1) normal (zero-shot), (2) context
(few-shot with three human-Al example pairs),
and (3) description (rule-based, using a Qwen3-
generated stylistic summary). All prompts enforce
a strict binary output format (“.25 £ or < A%
A4 R) for automatic evaluation. Full prompt tem-
plates are provided in Appendix F.1.

5.5 Ablation on Prompt Complexity in
Academic Writing

To investigate the effect of prompt complexity on
detection difficulty, we generate Al-authored text in
the Academic Writing domain using both the origi-
nal C-ReD prompt and a simplified variant (see Ap-
pendix G for design details). For each prompt type,
we collect outputs from Qwen2.5 and GPT-40 and
pair them with human-written texts from the same
topic distribution. Detectors are then evaluated on
both sets under the standard binary classification
protocol using AUROC, without access to prompt
information at inference time.

5.6 Evaluation on External Traditional
Chinese News

To assess the robustness of detection methods in a
distinct linguistic and stylistic setting, we evaluate
all three core protocols on an external dataset of
Traditional Chinese news articles. This dataset
comprises human-written texts and Al-generated
counterparts produced by all nine LLMs in C-ReD,
each prompted natively in Traditional Chinese. We
replicate the same evaluation setups as in the main
benchmark:

* Domain- and Generator-Agnostic Evalua-
tion: Detectors are applied without adaptation,
with no access to domain or generator labels
at inference time.

* Training and Evaluation on Traditional
Chinese Data: Supervised detectors are fine-
tuned on a domain-balanced training set con-
structed from the Traditional Chinese news
data (covering seven of the nine LLMs), and
evaluated on the full test set—including the
two held-out generators.

* LLM-as-Detector Evaluation: Judge LLMs
use the three prompting strategies (normal,
context, description).

All evaluations follow the standard binary clas-
sification protocol using AUROC. This setup pro-
vides an independent assessment of detection per-
formance in a real-world, externally collected Tra-
ditional Chinese news domain—complementing
the main C-ReD and revealing how methods be-
have under script and stylistic distribution shifts.

5.7 Validation via Transfer Performance on
External Chinese Datasets

To assess generalization, we fine-tune OpenAl De-
tector and IMBD exclusively on C-ReD’s multi-
generator Q&A training set (covering seven LLMs).
We evaluate these models—before and after fine-
tuning—on the Chinese QA subsets of M4 (Wang
et al., 2023), which contain human—Al text pairs
generated by ChatGPT and davinci-003. Al-
though both datasets are QA-oriented, they dif-
fer in data source, style, and generation models.
Since the M4 Chinese samples were not used in
C-ReD’s construction, this provides a strict out-
of-distribution test to evaluate whether detectors
trained on C-ReD’s Q& A domain generalize to real-
world Chinese QA content. Full dataset details are
in Appendix I.
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6 Results and Discussion

6.1 Domain- and Generator-Agnostic
Evaluation on C-ReD

Detection performance varies significantly across
domains and LLM generators—two critical factors
often overlooked in prior work. Table 2 shows
the average AUROC across five domains, with full
per-model results in Appendix C. Domain diffi-
culty is highly non-uniform. Detection is consis-
tently easier in structured, stylistically constrained
domains like Q&A and Film Reviews, where Al-
generated text exhibits clear statistical anomalies.
In contrast, performance drops in News and Aca-
demic writing, where modern LL.Ms produce flu-
ent, coherent prose that closely mimics human
style. Generator characteristics further mod-
ulate detectability. For instance, Deepseek-R1
frequently employs chain-of-thought (CoT) rea-
soning, yielding outputs with enhanced logical
coherence and structure—properties that obscure
typical Al-generation artifacts and make detec-
tion more challenging. This effect is evident in
the low AUROC scores of multiple methods on
Deepseek-R1. Moreover, existing detectors exhibit
systemic limitations under generator shift: zero-
shot methods relying on a fixed reference model
suffer from architecture- or style-mismatch when
applied to unseen LL.Ms, while supervised models
like RoBERTa fail on modern generators due to
training data bias—having been trained primarily
on older, lower-quality Al text.

6.2 Training on C-ReD: In-Distribution and
Out-of-Distribution Evaluation

We analyze detection performance under two
evaluation settings: pre-trained and fine-tuning
on C-ReD. The test set includes nine LLMs,
seven of which are part of the C-ReD training
distribution (in-distribution, ID), while the re-
maining two—Claude-3.5-Haiku and Gemini-2.5-
Flash—are held out (out-of-distribution, OOD).
Full results are reported in Appendix D. Fine-
tuning on C-ReD leads to a dramatic improvement
across all domains, confirming that supervised
detectors heavily rely on domain- and generator-
aligned training data. Importantly, this gain ex-
tends consistently to OOD generators, demonstrat-
ing that C-ReD’s diverse composition enables
meaningful generalization beyond the specific
models seen during training. Nevertheless, a
small gap between ID and OOD performance re-

Table 2: AUROC performance across five domains. Re-
sults are averaged over 9 LLMs.

Method Film Comp. Q&A News Acad.
Log-Likelihood  0.8344 0.8433 0.9343 0.7373 0.7326
Entropy 0.8427 0.8088 0.9253 0.6873 0.6907
Log-Rank 0.8286 0.8473 0.9301 0.7372 0.7384
LRR 0.7133 0.8473 0.8388 0.7004 0.7231
Fast-DetectGPT  0.6999 0.8952 0.8385 0.7626 0.7132
Lastde 0.5668 0.6500 0.6403 0.6762 0.7468
Lastde++ 0.7059 0.8821 0.8148 0.7905 0.7157
DNA-DetectLLM 0.7595 0.9263 0.8439 0.7231 0.6226
RoBERTa-base  0.6461 0.5191 0.5139 0.4937 0.4316
RoBERTa-large  0.6121 0.5393 0.5255 0.3699 0.4059
RADAR 0.8291 0.6338 0.7605 0.4638 0.5167
ReMoDetect 0.9731 0.8731 0.9755 0.8652 0.9126
IMBD 0.8760 0.9140 0.9011 0.7953 0.8056

mains after fine-tuning, indicating that while C-
ReD greatly reduces generator bias, perfect trans-
fer to new commercial models is still challenging.
Notably, Deepseek-R1—the hardest ID model to
detect—owes its low detectability to its chain-of-
thought style, which generates highly coherent,
human-like reasoning. This underscores that in-
trinsic generation traits, not just model identity,
fundamentally limit detection reliability.

6.3 Cross-Domain Generalization Analysis
Under Fixed Generators

We examine how detection performance varies
when models are trained on one domain and evalu-
ated across all five domains. As shown in Figure 3a
and 3b, detectors achieve strongest performance
on their training domain, but generalization to other
domains is highly uneven—depending on both the
source training domain and the target test domain.
Training on fluent, information-dense domains
like Q&A often leads to stronger cross-domain
generalization than training on highly stylized or
opinion-driven domains like Film Review. Full nu-
merical results for all model-domain combinations
are provided in Appendix E.

6.4 Analyzing LLMs as AlI-Text Detectors

Our evaluation reveals that LLMs generally
fail at zero-shot detection (normal)—even on
text generated by themselves—but achieve sub-
stantially higher accuracy when given domain-
specific context (context) or stylistic descriptions
(description). This indicates that LLMs’ detec-
tion performance can be substantially improved
through the incorporation of external contextual
or stylistic cues—capabilities absent in zero-shot
scenarios. Performance gains are consistent across
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domains and models, though challenges remain in
highly structured domains like academic writing.
Full results are in Appendix F.2.

6.5 Ablation on Prompt Complexity in
Academic Writing

Our study indicates that Al-generated texts using
simplified prompts are nearly as hard to detect as
those created with more complex C-ReD prompts.
This is consistent for both Qwen2.5 and GPT-4o,
showing that these models can produce human-
like academic text even with reduced instructions.
The minimal difference in detection performance
suggests that strong LLLMs maintain stylistic and
structural coherence regardless of prompt complex-
ity, making their outputs challenging to distinguish.

Table 3: AUROC scores for detecting Al-generated
academic writing under original vs. simplified prompts,
before and after fine-tuning on C-ReD.

Model Prompt  Generator AUROC
Baseline Finetuned
RoBERTa-base Original GPT-40 0.5010  0.9566
Simplified GPT-40 0.4987  0.9201
Original Qwen2.5 0.3313  0.9648
Simplified Qwen2.5 0.3272  0.9501
RoBERTa-large Original GPT-40 0.4032  0.9868
Simplified GPT-40 03937  0.9691
Original Qwen2.5 0.3685  0.9906
Simplified Qwen2.5 0.3954  0.9829

Full results are reported in Table 3 and results of
bootstrap-based statistical analysis are reported in
Appendix G.

6.6 Evaluation on External Traditional
Chinese News

We evaluate all three core protocols on an exter-
nal Traditional Chinese news dataset to assess de-
tection robustness under a different linguistic and
stylistic setting. The results closely mirror those ob-
served in the main Simplified Chinese benchmark:
supervised models achieve strong in-domain per-
formance but still show a slight drop on held-out
generators; LL.M-as-detector approaches remain
highly sensitive to prompting strategy and genera-
tor style. This consistency across writing systems
suggests that key detection challenges—such as the
impact of domain structure and reasoning-intensive
generation—are not language-specific but reflect
broader, cross-lingual patterns. Full results are pro-
vided in Appendix H.

6.7 Validation via Transfer Performance on
External Datasets with Chinese Content

As shown in Table 4, detectors trained solely on C-
ReD’s Q&A domain exhibit strong transferability
to external Chinese datasets. Both OpenAl Detec-
tor and IMBD show substantial improvements after
fine-tuning, demonstrating that C-ReD provides
effective supervision even for out-of-distribution
generators. Performance on davinci-003 samples
is lower but still improves significantly, suggesting
greater stylistic divergence from C-ReD’s training
distribution. These results confirm that fine-tuning
on C-ReD enables robust generalization to real-
world Chinese Al-text detection scenarios.
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Table 4: Transfer performance on M4 (Wang et al.,
2023). Detectors are trained only on C-ReD’s Q&A
domain (7 LLMs). Results report AUROC score.

Detector ChatGPT davinci-003
Pre Post Pre Post
Roberta-base 0.6055 0.8169 0.6354 0.6466
Robeata-lagre  0.5684  0.8890 0.3990  0.7445
IMBD 0.9751 0.9918 0.9756 0.9818

7 Conclusion

In this work, we present C-ReD: a compre-
hensive Chinese Real-prompt Al-generated text
Detection benchmark. Spanning five domains and
nine LLMs—including leading domestic Chinese
models—C-ReD enables rigorous evaluation of
detection methods across in-domain performance,
cross-domain generalization, out-of-distribution ro-
bustness, and cross-lingual transfer. Our exten-
sive experiments reveal that detection difficulty is
strongly influenced by both domain structure and
generator characteristics, with reasoning-intensive
models like Deepseek-R1 posing the greatest chal-
lenge. Crucially, fine-tuning on C-ReD yields
substantial gains not only on seen generators but
also on unseen commercial models and external
datasets, demonstrating its representativeness and
practical utility. We hope C-ReD will serve as a reli-
able foundation for future research and deployment
of Al-generated text detectors in Chinese contexts.

Limitations

Despite its breadth, C-ReD has several limitations.
First, it focuses exclusively on Chinese text; while
our preliminary results on Traditional Chinese sug-
gest that key detection challenges generalize across
writing systems, broader multilingual coverage re-
mains future work. Second, although C-ReD in-
cludes nine LLMs, the rapid pace of model de-
velopment means that new architectures or rea-
soning paradigms may emerge that are not rep-
resented in the current release. Third, our prompt
designs, while inspired by real-world use cases,
cannot capture the full spectrum of user behav-
iors—particularly adversarial or highly customized
prompting strategies aimed at evading detection.
Finally, our selection of human-written reference
texts is limited in scope, and may not fully rep-
resent the diversity of writing styles, registers, or
domains present in real-world Chinese content.
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A Dataset Construction

A.1 Data Source

News We selected 3,000 news articles from
THUCNews (Li et al., 2006), a dataset derived
from Sina News RSS feeds (2005-2011). The sam-
ple is balanced across five categories—sports, poli-
tics, finance, entertainment, and education—with
600 articles per category. To ensure suitability
for Chinese-language detection, we filtered out ar-
ticles with high English content, removed meta-
data (e.g., headlines, publisher information), and
merged each article into a single paragraph. All
texts were further constrained to a maximum length
of 800 words.

Q&A We sourced 2,956 human-written answers
from Zhihu-KOL (GeeYangML and Ray, 2023),
a dataset collected from Zhihu—a major Chinese
Q&A and knowledge-sharing platform. The sam-
ple covers 2,892 distinct questions and includes an-
swers with lengths uniformly distributed between
100 and 850 words, ensuring diversity in response
length. To enhance data quality and language con-
sistency, we filtered out responses with high En-
glish content, repaired formatting issues (e.g., irreg-
ular spacing and missing punctuation), and merged
each answer into a single coherent paragraph.
Film Review We focus on film reviews as a rep-
resentative short-text scenario where LLMs are
widely applied. We collected 2,960 user reviews
from Douban—a leading Chinese film review plat-
form—sourced from the ChineseNlpCorpus (Ae-
sop et al., 2023), which contains reviews for 28
movies. To ensure consistency and suitability for
detection tasks, we selected reviews with lengths
between 100 and 200 words. We then cleaned the
data by removing excessive line breaks, restoring
missing punctuation, and merging each review into
a single paragraph.

Composition We include Gaokao model essays
as a representative genre of Chinese writing fre-
quently generated by LLMs. We collected 1,081
high-scoring essays from China’s National College
Entrance Examination by crawling publicly avail-
able websites. Given the heterogeneous sources,
we standardized the data by removing titles, au-
thor names, source URLs, editorial comments, and
other metadata, retaining only the main essay body.
We also cleaned formatting artifacts such as tab
characters and excessive whitespace to ensure tex-
tual consistency, resulting in a clean and uniform
dataset.

Academic Writing To cover the academic writ-
ing domain, we extracted 500 Chinese-language
research papers from ChinaXiv (ChinaXiv, 2025),
an open repository for Chinese scientific literature.
From each paper (originally in PDF format), we
parsed the title, keyword, abstract, and introduction
sections. We removed non-textual elements such
as figures, tables, and citations, and further cleaned
the extracted text by fixing irregular whitespace,
spurious line breaks, and other formatting artifacts,
resulting in a clean and standardized academic text
dataset.

TC News In addition to Simplified Chinese, we
also include Traditional Chinese content by se-
lecting 2,000 news articles from News-Collection-
Zhtw (Oscar), covering four categories: article,
tech, science, and daily-weekly. To ensure bal-
ance, we sampled 500 articles per category. We
applied the same cleaning procedure as used for the
Simplified Chinese news dataset—removing meta-
data, filtering out high-English-content articles, and
merging text into single paragraphs—and further
constrained article lengths to 100—600 words.

A.2 Generative LLMs

All Al-generated texts in this work were produced
by querying APIs of nine large language models.
This black-box setup closely mirrors real-world us-
age, where end users interact with LLMs solely
through cloud-based interfaces without access to
internal weights or decoding details. To ensure a
fair and controlled comparison across models, we
applied an identical generation protocol for each
data type. Same prompt templates were used for all
models within a given domain and we fixed decod-
ing parameters where supported by the APIL. Below
is a brief overview of the nine models included in
our study:

OpenAl (gpt-3.5-turbo, gpt-40): Proprietary
models with strong multilingual capabilities, in-
cluding fluent Chinese generation.

Google (Gemini-2.5-Flash): A fast, lightweight
model optimized for low-latency applications while
maintaining decent Chinese text quality.
Anthropic (Claude-3.5-Haiku): The fastest
model in the Claude 3.5 series, designed for in-
stant responses and robust instruction following in
Chinese.

Deepseek (Deepseek-V3, Deepseek-R1): Open-
weight bilingual models; Deepseek-R1 is enhanced
for reasoning via chain-of-thought prompting.
Qwen (Qwen2.5, Qwen3): State-of-the-art open-
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source models from Alibaba, excelling in Chinese
comprehension and generation.

Doubao (Doubao-1.5-Pro): ByteDance’s propri-
etary assistant model, fine-tuned for Chinese writ-
ing tasks such as exam essays and creative compo-
sition.

A.3 Prompt Design and Examples

To make the Al-generated topics comparable to
human-written text, we first analyzed the human
corpus for each domain (e.g., examining all movies
covered in the review dataset, or breaking down
news by category), then used an LLM to generate
multiple candidate prompts for each domain, and
manually screened them through iterative refine-
ment to select the highest-quality ones.

A.3.1 Composition

Our prompt design is based on official Gaokao com-
position questions, covering three common formats.
We adopt the standard instruction phrasing from re-
cent exams, parameterized by the composition title
and target word count. A representative example is
shown below:

& PA{composition title} N, 5 —k{EL. &

K. BAE, BITLE: FRiFHI, SUEAIR;

FHRAZHLE (word count} LA -

The prompt structure closely follows official
Gaokao guidelines, enabling LLMs to generate es-
says in a manner consistent with how users would
interact with them for composition practice in real-
world educational contexts.

A.3.2 Film Review

We leveraged LLMs to develop a set of structured
review guidelines tailored to common film genres
in our dataset. From these, we selected 10 rep-
resentative templates that capture diverse critical
perspectives (e.g., emotional response, thematic
analysis). Each prompt is parameterized by the
film title and target word count to guide LLM gen-
eration. A representative example is shown below:

LASE— AR HA LA (film title}d0E%:, @
FRAB B R 91 -2 3757 B Ji R LK B2 AN T 51 & R
B . Bk FECN{word count}FAEA -

This design mirrors real-world practices where
Al-generated reviews are typically produced by
specifying film-specific instructions—such as per-
spective, focus, and length—to steer LLM output,
thereby enhancing relevance and personalization.

A33 Q&A

We developed structured answer templates using
LLMs, informed by an analysis of question-answer
patterns in our dataset. From this, we selected 10
representative templates that support diverse re-
sponse styles. Each prompt combines a specific
question and target word count with a standard-
ized instruction to guide coherent and contextually
appropriate answers. A representative example is
shown below:

PR — L B IR B PR 4838 L PP iR 51, B BT URAE ) 4%

FEE T AN IEM: {question}, EMN—ALHFH)

A BE SRR H R R AT 0 AT AR R, BRI A T

fE{word count}/Ef o

This approach reflects a common real-world

practice in which LLMs are guided by both the
question content and explicit formatting constraints
to generate user-like responses—enabling us to sim-
ulate authentic human-AlI interaction scenarios in
online discussion contexts.

A.3.4 News

We developed a total of 25 structured news writ-
ing templates—five for each of five major news
categories—using LLMs. These templates were
derived through iterative analysis of real arti-
cles in our dataset. This ensures that LLM-
generated content adheres not only to factual
context but also to genre-specific stylistic norms.
Our instruction-based approach better reflects real-
world Al-assisted journalism workflows, where
LLMs are typically provided with explicit guide-
lines rather than asked to continue from a headline
alone. A representative example from the sports
category is shown below:

HLMEEFEREA R, BE—BXT{title}l)
NE. NAZAELITIRE . i ARIMET 5
1, IEEBEEERE, FREERLAE, FH
¥ HITE{word count}ZEA -

A.3.5 Academic Writing

We implement two distinct generation modes to
simulate different stages of academic writing assis-
tance:

Abstract Drafting from Title and Keywords In
early-stage ideation, researchers often draft ab-
stracts based on a working title and preliminary
keywords. To reflect this scenario, we construct
prompts using only the paper title and keywords,
instructing the LLLM to generate a concise abstract
that outlines the research background, core prob-
lem, methodology, key findings, and significance.
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TEIRIE LU B E — Rl AR AR SR 2
EPRE: {title}

WEREIE: {keyword}
FERH A E R E R - ORI BT
HEE EELM (Bws) KRE L. EKik
ST GBEED  AREER, FHIEH FE(word
count}YFAAG, EAERMEBEL L IEARIT

Introduction Generation from Abstract Once
an abstract is available, researchers typically ex-
pand it into a full introduction. We model this com-
mon workflow by providing the LLM with the title,
keywords, and abstract to generate an introduction
that frames the scientific question and motivates
the study.

LR BRI T N IRE I FNE, 515
L BEWRAMME -

MEME: {title)

WEREIE: {keyword}

WEHE. {abstract}

FEAEHITE(word count} T, EE TG,
NEISEIR=4i

This dual-mode design captures realistic Al-
assisted writing practices across different phases of
scholarly composition.

A

A.3.6 TC News

We applied the same template-based approach as
in simplified Chinese news to traditional Chinese
(TC) journalism, developing 20 structured prompts
across four categories: general news, technology,
science, and weekly digests (5 templates per cate-
gory). Each prompt combines a headline and tar-
get word count with genre-specific instructions to
guide LLMs in producing authentic TC journalis-
tic content. An example from the weekly digest
category:

IR (title) » BYE—(p4E EBE B E - Bk DL
SIEF B (W EEE ~ R - B
DA% ) BEWER SRR OER  ESFH

w5 FER=ii]

IR~ TETRE > FBEEHITE{(word count} /A °

A.4 Al Generation Constraints

To ensure that Al-generated texts faithfully reflect
the characteristics of human-written counterparts in
each domain, we derived key generation constraints
directly from the full empirical distribution of the
human data. Specifically:

* Length (words): The min-max range for
each domain was set to cover 100% of the
human-written samples’ lengths, allowing
slight extrapolation while preserving genre-
typical scale.

Table 5: Quality control thresholds for Al-generated
texts by domain.

Domain Length Min. Ch  Max. Rep
(words) Ratio (%) (chars)
News 80-1100 80 20
Q&A 80-1000 80 25
Film Review 80-300 80 15
Composition 100-2000 80 25
Academic Writing ~ 80-1600 60 40
TC News 80-900 80 20

* Minimum Chinese Ratio: Defined as the
percentage of Chinese characters among all
characters, this threshold filters out gener-
ations with excessive English or symbolic
noise, aligning with the linguistic purity of
cleaned human texts.

Maximum Repetition Length: The maxi-
mum allowed length (in characters) of any
repeated substring within the generated text.
This threshold is set based on the longest du-
plicated span observed in human-written sam-
ples, with a small safety margin; generations
containing longer repeated sequences are typ-
ically indicative of model degeneration or re-
dundant hallucination.

These thresholds were enforced during both real-
time generation monitoring and post-generation
filtering. As a result, the Al-generated corpus main-
tains strong distributional alignment with human-
written texts across structural and linguistic dimen-
sions. The exact parameter values for each domain
are summarized in Table 5.

A.5 Text Length Statistics

We observed that different large language mod-
els exhibit varying length biases when generating
text—some tend to produce longer outputs than
human-written text, while others generate shorter
ones, indicating that text length alone cannot reli-
ably distinguish between Al-generated and human-
written content. Full details are showed in Table 18.

A.6 CSV Schema

While Table 1 defines the core fields shared across
all samples, each domain includes additional meta-
data relevant to its source or generation context.
These domain-specific fields are listed below.
Film Review

film_title (str) — Title of the reviewed film.
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Composition

composition_title (str) — Title of composition.

year (int) — Year the composition was written.

News

news_title (str) — Headline of the news article.

news_category (str) — Editorial category.

Q&A

question_title (str) — The original question.

Academic Writing

paper_title (str) — Title of the source paper.

keyword (str) — Comma-separated keywords.

category (str) — abstract or introduction.

extra_text (str) — Contextual supplement:

empty string ("") for abstracts; contains the full

abstract text when the sample is an introduction.
All domain-specific fields are stored as string or

integer types and appear only in samples belonging

to the respective domain. They are absent in other

domains.

A.7 Statistics

Our dataset consists of 128,610 texts across five
domains, with contributions from ten text sources
(including one human reference and nine large lan-
guage models). The complete distribution is shown
in Table 6.

All models generate roughly the same number
of samples as the human reference within each
domain, ensuring a fair comparison. Minor dis-
crepancies arise from post-generation filtering, par-
ticularly for models like Gemini-2.5-Flash, which
shows slightly fewer samples in certain domains.

B Detectors
B.1 Zero-shot Detectors

Zero-shot detectors refer to methods that distin-
guish Al-generated text from human-written text
without any task-specific training or labeled exam-
ples. Instead, they rely solely on the statistical prop-
erties of text under a pre-trained language model
(often the same model used for generation, or a
comparable reference model). These approaches
typically compute scores based on token-level like-
lihoods, prediction ranks, entropy, or other intrinsic
signals derived during forward passes through the
model. Below we summarize the zero-shot detec-
tion methods evaluated on C-ReD:

* Log-Likelihood (Solaiman et al., 2019):
Computes the average log-probability of to-
kens in a text under a reference language
model. Al-generated text typically exhibits

higher likelihood than human-written text due
to exposure during training.

* Entropy (Gehrmann et al., 2019): Measures
the entropy of the predicted token distribution
at each position. Human-written text tends
to have higher entropy (more unpredictable)
compared to Al output.

* Log-Rank (Mitchell et al., 2023): Uses the
rank of each ground-truth token in the model’s
vocabulary prediction sorted by probability.
Al-generated tokens often appear at higher
ranks.

* Log-Likelihood Log-Rank Ratio (LRR) (Su
et al., 2023): A zero-shot detection score
that combines log-likelihood and log-rank.
By taking the ratio of these two quanti-
ties, LRR better distinguishes Al-generated
text—which tends to have high likelihood
but even more strongly concentrated token
ranks—from human-written text.

¢ Fast-DetectGPT (Bao et al., 2024): An effi-
cient alternative to DetectGPT (Mitchell et al.,
2023) that introduces conditional probability
curvature as its core metric and uses a faster
sampling approach.

* Lastde / Lastde++ (Xu et al.,, 2025): A
training-free detection method that treats the
sequence of token probabilities generated by a
language language model as a time series. By
analyzing this sequence, Lastde and Lastde++
identify distinctive patterns characteristic of
Al-generated text.

* DNA-DetectLLM (Zhu et al., 2025): A
zero-shot method that constructs an ideal
Al-generated sequence and measures how
much an input text must be “repaired” to
match it. The repair effort—higher for human
text—serves as the detection score.

For all methods except DNA-DetectLLM, we use
EleutherAI/gpt-j-6b as the scoring model to en-
sure a consistent basis for comparison. Specifically,
Fast-DetectGPT and Lastde++ also adopt GPT-J-
6B as their reference model. For DNA-DetectLLM,
following its dual-model design, we set the ob-
server model to tiiuae/falcon-7b and the per-
former model to tiiuae/falcon-7b-instruct,
as recommended in the original implementation.
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. GPT-3.5- Deepseek- Deepseek- Doubao- Gemini- Claude-
Domain Human Turbo GPT-40 V3 R1 Qwen2.5 Qwen3 15-pro  2.5-Flash 3.5-Haiku Total
Composition 1,081 1,079 1,073 1,080 1,081 1,081 1,077 1,078 1,078 1,081 10,789
Film Review 2,960 2,959 2,960 2,960 2,960 2,960 2,960 2,960 2,960 2,960 29,599
Q&A 2,956 2,933 2,864 2,943 2,869 2,952 2,942 2,939 2,719 2,954 29,071
News 3,000 2,997 2,988 2,999 2,969 2,995 2,999 2,966 2,846 2,999 29,758
Academic Writing 1,000 991 1,000 1,000 999 1,000 1,000 999 998 1,000 9,987
TC News 2,000 1,998 2,000 1,996 1,972 1,970 1,964 1,989 1,517 2,000 19,406
Total 12,997 12,957 12,885 12,978 12,850 12,958 12,942 12,931 12,118 12,994 128,610

Table 6: Distribution of the dataset across domains and text sources (number of samples).

B.2 Supervised Detectors

Supervised detectors are data-driven approaches
that learn to discriminate between human-written
and Al-generated text by training on labeled
datasets containing examples from both sources.
The performance of supervised detectors heavily
depends on the quality, diversity, and recency of
the training data. Below we provide brief technical
descriptions of the methods evaluated on C-ReD:

* OpenAl Detector (Solaiman et al., 2019): A
detection classifier based on the pretrained
RoBERTa model (Liu et al., 2019), originally
trained to detect GPT-2 outputs. It takes raw
text as input and predicts the probability of
it being Al-generated. Despite being trained
on older models, it remains a widely used
baseline.

e RADAR (Hu et al., 2023): It trains a robust
Al-generated text detector through adversar-
ial learning between two language models:
a paraphraser that rewrites Al-generated text
to evade detection, and a detector that aims
to correctly identify such rewritten outputs.
By casting detection as a two-player game,
RADAR enhances the detector’s generaliza-
tion to adaptive or obfuscated Al-generated
text without requiring access to the original
generator.

L]

ReMoDetect (Lee et al., 2024): A detection
framework that enhances a reward model’s
ability by continually fine-tuning the re-
ward model with experience replay to pre-
vent overfitting, while also incorporating a
mixed-preference dataset—created by par-
tially rephrasing human-written text with an
LLM—as an intermediate signal to refine the
decision boundary.

e Imitate Before Detect (ImBD) (Chen et al.,
2025): It first employs Style Preference Op-
timization (SPO) to align a scoring model
with machine-like writing styles, then uses
a Style-Conditional Probability Curvature
(Style-CPC) metric for detection.

All supervised detectors are either used in their of-
ficially released form or re-implemented following
the original papers, and fine-tuned on human—Al
text pairs from the C-ReD training split. For
RADAR and ReMoDetect, we utilized pre-trained
models directly from HuggingFace without fine-
tuning. For the OpenAl Detector and IMBD, we
performed fine-tuning using specific hyperparam-
eters. All models were tested with a maximum
sequence length of 512. Detailed implementation
settings and parameter configurations are listed in
Table 7.

B.3 LLM Detectors

We evaluate the following eight large language
models as detectors: Qwen2.5 (Yang et al., 2024a),
Qwen3 (Yang et al., 2025), Deepseek-V3 (Liu
et al., 2024), Doubao-1.5-pro (ByteDance, 2025),
Gemini-2.5-Flash (Comanici et al., 2025), Claude-
3.5-Haiku (Anthropic, 2024), GPT-40 (Hurst et al.,
2024), and GPT-3.5-Turbo (OpenAl).

For each model, we use a unified prompting strat-
egy. The system message is fixed as:

ERBMERTEMAES, T8, RENHRHATRE
HLERA R A ARARL FiRh . AFRERLMAR .

The user message contains the input text to
be classified. All models are queried with iden-
tical generation settings: temperature=0.7 and
max_tokens=100. The final prediction is taken as
the stripped output string. This setup ensures a fair
and consistent comparison across different LLMs.
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Table 7: Implementation Details and Hyperparameter Settings for Supervised Detectors

Method Model / Base Configuration / Hyperparameters

RADAR TrustSafeAl/ Mode: Pre-trained (No fine-tuning)
RADAR-Vicuna-7B Inference: padding=True, truncation=True, max_length=512
hyunseoki/ Mode: Pre-trained (No fine-tuning)

ReMoDetect ReMoDetect-deberta Inference: padding=True, truncation=True, max_length=512
openai-community/ Inference: padding=True, truncation=True, max_length=512

OpenAl Detector roberta-base/large Fine-tuning: Ir=2e-5, epochs=5, warmup=100,

weight_decay=0.01
IMBD EleutherAl/ gpt-j-6B PEFT Type: LORA (r=8, alpha=32, dropout=0.1)

o

Target Modules: ["q_proj", "v_proj"]
Task: CAUSAL_LM

C Results of Domain- and
Generator-Agnostic Evaluation

Table 11 reports the complete AUROC scores of
all evaluated detection methods across the five do-
mains in C-ReD (Film Review, Composition, Q&A,
News, and Academic Writing) and nine LLM gen-
erators. Results are grouped by domain for clarity,
with each row showing performance on texts gen-
erated by a specific model under native Chinese
prompts. The table includes both zero-shot detec-
tors and supervised models. Notably, zero-shot
methods exhibit strong sensitivity to generator flu-
ency—particularly struggling on DeepSeek-R1 and
Qwen3 in composition and academic writing. This
comprehensive result matrix serves as a reference
for fine-grained analysis of model- and domain-
specific detection behavior.

D Detection Performance Before and
After Fine-Tuning on C-ReD

Table 12 reports the AUROC scores of ROBERTa-
base, ROBERTa-large, and IMBD detector across
five domains in C-ReD. For each domain, results
are split into two blocks: (i) before fine-tuning and
(ii) after fine-tuning on C-ReD. The nine columns
correspond to Al-generated text from seven in-
distribution models (Deepseek-R1 through Qwen3)
and two out-of-distribution models (Claude-3.5-
Haiku and Gemini-2.5-Flash). The consistent
performance gains—especially on OOD genera-
tors—demonstrate that fine-tuning on C-ReD not
only improves in-domain detection but also en-
hances generalization to unseen Chinese-capable
LLMs.

E Results of Domain Generalization
Under Fixed Generators

Table 13 reports the resulting AUROC scores. Each
block corresponds to a different training domain,
with rows showing results for base and large vari-
ants of GPT-40 and Qwen-2.5 as the underlying
generators. Strong in-domain performance (diago-
nal entries) is consistently observed, but generaliza-
tion varies significantly across domain pairs. These
results highlight both the potential and challenges
of building domain-agnostic detectors for Chinese
Al-generated text.

Table 8: Example of a description.

Description for News domain (Human vs. Deepseek-R1)

ARERIABBHEES AR FEEK . 4WEE, MET
FRRIRESL, RS B A IEE, TIORRFE, A
TR IO BAD SR, LA A OO IR 3 = AR
EREEE, AT EAHEL . aSERF%, HROPE
W, AR SIMAEMIFREE| B, 45t E AR
TR, AR R ARG R B EG B R A AT -

F LLM Detect Evaluation Setup and
Results

F.1 Prompting Strategies

We implement three distinct prompting strategies
to probe the detection capabilities of Judge LLM:s.
All prompts enforce a strict output format (“Hl.234E
i or « AZEAAL”) to enable automatic evaluation:

* normal (zero-shot): The judge receives only
a basic instruction without any auxiliary infor-
mation.

5 AT 30 3B LB A AE A N R AR A IR
PRAINT S R VLSS 808 AR4E
e MBI R : {content}
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* context (few-shot with examples): Three
paired examples of human and Al text from
the same domain are included directly in the
prompt.

TR 2 H = A A RO DA AL B8 A
&Xﬁrm
IS ENE
MBS AR :
NKICA2:
HLas AR 2:

{human example 1}

{ai example 1}

{human example 2}

{ai example 2}

AZEEXA3: {human example 3}

HLERSCA3: {ai example 3}

5 AW NI BRI E A BT 2 N R A AR
R R RARE NEER B AKE
B BN R: {content}

e description (rule-based): Instead of raw
examples, a natural-language description of
stylistic differences—automatically generated
by Qwen3 based on example pairs—is in-
serted into the prompt.

T TH 4R N SR AR RO DL AL B A RS B
A {summary description}

5 AW 2 3B LAY A AL R N R AE R, R
BRI BRI Y MBER e AKE
B . BN R: {content}

The {summary description} is a concise sum-
mary produced by Qwen3, capturing per-
ceived distinctions such as fluency, repetition,
emotional depth, and structural patterns. For
illustration, Table 8 shows a representative de-
scription generated for the News domain in
the Human vs. Deepseek-R1 setting.

F.2 Full Experiment Results

Table 14 presents the complete results of our exper-
iments across five domains (Film Review, Com-
position, Q&A, News, and Academic Writing)
and three target Al generators (Qwen2.5, GPT-4o,
Deepseek-R1). For each Judge LLM and prompt-
ing strategy (normal, context, description), we
report two metrics: Human Accuracy (H) — the
percentage of human-written texts correctly iden-
tified, and AI Accuracy (A) — the percentage
of Al-generated texts correctly identified. Higher
values in both columns indicate better discrimina-
tion ability. Notably, most Judge LLMs struggle
under the normal setting, while the context and
description strategies consistently improve de-
tection performance—demonstrating the value of
domain-specific stylistic cues.

G Setup and Statistical Analysis of
Ablation on Prompt Complexity

To investigate the impact of prompt complexity
on detection difficulty, we design two broad cat-
egories of simplified generation scenarios that re-
flect common stages in Al-assisted academic writ-
ing. Within each category, we implement mul-
tiple prompt variants that provide minimal guid-
ance—significantly less than the original C-ReD
prompts, which include detailed structural, stylistic,
and contextual instructions. Below, we present one
representative example from each category.

Abstract Drafting from Title This category sim-
ulates early-stage ideation, where users request an
abstract based only on high-level metadata. The
following is a typical prompt instance:

HIREL NGRS R AR AR IR -

EIME: (title}

FEIEHIEword countYFA A -

Introduction Generation from Title and Key-
words This category models later-stage expan-
sion, where title and keywords are used to generate
a full introduction. Prompts in this group vary in
the amount of provided context, but all omit ex-
plicit methodological or rhetorical guidance. An
example prompt is:

IR LV E B BE —REARTH 5 F N
P
SCERR:_ {title}

VEREIE. {keyword}
FSRFHEL R {word count}F -
These simplified prompts collectively reduce
task specificity and stylistic constraints, resulting
in more uniform and predictable model outputs.

Statistical Analysis For the prompt complexity
ablation study, we conducted bootstrap-based sta-
tistical analysis (n=1,000) to compare detection
difficulty between original and simplified prompts
(results are showed in Table 9 and Table 10). For
Qwen2.5, no statistically significant difference
was observed across both detectors (p=0.21 for
RoBERTa-base; p=0.23 for RoBERTa-large). For
GPT-40, while statistical significance was reached
(p=0.01 for base; p=0.03 for large), the absolute
AUROC gap is small (1.76%-3.73%) and both con-
ditions yield high detection performance (AUROC
> 0.92), suggesting that prompt simplification does
not substantially impair detectability.
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Table 9: Performance comparison on RoOBERTa-base

Generator Prompt AUROC 95% CI Difference Diff 95% CI P-value
GPT-40 Original 0.9566  [0.9366, 0.9730] — — —
GPT-40 Simplified  0.9201  [0.8912, 0.9415] 0.0373 [0.0068, 0.0727]  0.0100
Qwen2.5 Original 0.9648  [0.9490, 0.9789] — — —
Qwen2.5 Simplified  0.9501  [0.9277, 0.9664] 0.0160 [-0.0062, 0.0410]  0.2100

Table 10: Performance comparison on RoBERTa-large

Generator Prompt AUROC 95% CI Difference Diff 95% CI P-value

GPT-40 Original 0.9868  [0.9764, 0.9945] — — —
GPT-40 Simplified  0.9691  [0.9542, 0.9818] 0.0176 [0.0024, 0.0349]  0.0320

Qwen2.5 Original 0.9906  [0.9834, 0.9959] — — —
Qwen2.5 Simplified  0.9829  [0.9703, 0.9932] 0.0077 [-0.0051,0.0213]  0.2320

H Results on Traditional Chinese News

We provide full evaluation results on an external
Traditional Chinese news dataset. Table 16 shows
AUROC scores of various detection methods across
nine LLM generators. Table 17 presents detection
performance before and after fine-tuning. Table 15
reports the accuracy of LLM-as-a-judge under dif-
ferent prompting strategies.

I Setup and of Transfer Performance on
External Chinese Datasets

We construct our external Chinese test set by ran-
domly sampling 600 human—AI text pairs from
each of two generation models (ChatGPT and
davinci-003) in the M4 dataset (Wang et al., 2023),
specifically from its Baike/Web QA domains. This
yields a balanced test set of 1,200 samples, en-
suring coverage of both factual and open-domain
question-answering styles commonly found in real-
world Chinese applications. All Al-generated texts
in this set are produced by models not included in
C-ReD’s training distribution, enabling a strict out-
of-distribution evaluation of transfer performance.

J Examples of C-ReD

We provide representative examples from the C-
ReD dataset to illustrate the characteristics of
human-written and Al-generated texts across dif-
ferent domains. Each example includes: (1) the
domain and model used for generation, (2) the orig-
inal prompt, (3) the human-written text, and (4)
the corresponding Al-generated content. Table 19
provides examples for each domain in the dataset.
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Table 11: Full AUROC detection performance across five domains and nine LLM generators in C-ReD.

Method Deepseek- Deepseek- Doubao- GPT-3.5- GPT4o Qwen25 Qwen3 Claude-3.5-  Gemini-2.5- Average
R1 V3 1.5-pro Turbo Haiku Flash
Film Review
Log-Likelihood 0.5848 0.6801 0.7074 0.9737 0.9705 0.9692 0.8257 | 0.9247 0.8737 | 0.8344
Entropy 0.6239 0.7103 0.7235 0.9634 0.9697 09716 0.8567 | 09116  0.8533 | 0.8427
Log-Rank 0.5864 0.6811 0.6887 0.9714 0.9658 0.9652 0.8136 | 0.9200 0.8654 | 0.8286
LRR 0.5598 0.6310 0.5626 0.8538 0.8153 0.8420 0.6657 | 0.7706  0.7192 | 0.7133
Fast-DetectGPT 0.4144 0.5126 0.5741 09092 0.8639 0.8329 0.6149 | 0.8112 0.7659 | 0.6999
Lastde 0.6218 0.5585 0.6725 0.5191 0.5094 0.4496 0.6463 | 0.6589 0.4651 | 0.5668
Lastde++ 0.4688 0.5295 0.5874 0.8882 0.8572 0.8244 0.6418 | 0.7843  0.7715 | 0.7059
DNA-DetectLLM 0.4411 0.5978 0.6816 0.9526 0.9375 0.8729 0.7284 | 0.8131 0.8104 | 0.7595
RoBERTa-base 0.6951 0.5306 0.7522 0.6708 0.6579 0.5345 0.6479 | 0.5839 0.7419 | 0.6461
RoOBERTa-large 0.6014 0.6451 0.7016 0.6263 0.5346 0.5388 0.6470 | 0.6564 0.5575 | 0.6121
RADAR 0.8096 0.8100 0.8478 0.7911 0.8244 0.8427 0.8300 | 0.8387  0.8672 | 0.8291
ReMoDetect-deberta | 0.9333  0.9603 0.9516 0.9972 0.9983 0.9979 0.9902 | 0.9912 0.9378 | 0.9731
IMBD 0.6610 0.7775 0.8156 0.9703 0.9663 0.9472 0.8889 | 0.9557 0.9016 | 0.8760
Composition
Log-Likelihood 0.2331 0.8778 0.9747 0.9939 0.9905 0.9739 0.6178 | 0.9667 0.9618 | 0.8433
Entropy 0.2341 0.8080 0.9369 0.9866 0.9753 0.9649 0.5367 | 0.9268 0.9098 | 0.8088
Log-Rank 0.2501 0.8808 0.9748 0.9944 0.9911 0.9736 0.6314 | 0.9668 0.9626 | 0.8473
LRR 0.3939 0.8393 0.9526 0.9943 0.9870 0.9416 0.6559 | 0.9251 0.9359 | 0.8473
Fast-DetectGPT 0.3786 0.9580 0.9925 0.9992 0.9997 09173 0.8370 | 0.9775 0.9973 | 0.8952
Lastde 0.8035 0.5908 0.5451 0.7979 0.6449 0.5814 0.7020 | 0.6863  0.4979 | 0.6500
Lastde++ 0.4020 0.9305 0.9902 0.9964 0.9987 0.8550 0.8204 | 0.9515 0.9943 | 0.8821
DNA-DetectLLM 0.5115 0.9857 0.9952 1.0000 1.0000 0.9679 0.8806 | 0.9985 0.9976 | 0.9263
RoBERTa-base 0.5519 0.4270 0.6066 0.5793 0.4623 0.3253 0.6041 | 0.3994 0.7157 | 0.5191
RoBERTa-large 0.6754 0.5625 0.5122 0.5445 0.5373 0.4993 0.5404 | 0.5374  0.4449 | 0.5393
RADAR 0.6731 0.5302 0.6216 0.6677 0.6561 0.6260 0.6480 | 0.6596 0.6216 | 0.6338
ReMoDetect-deberta | 0.5727 0.8287 0.9675 0.9931 0.9944 0.9840 0.6625 | 0.9640 0.8912 | 0.8731
IMBD 0.5668 0.9234 0.9910 0.9999 0.9999 0.9761 0.7791 | 0.9966 0.9929 | 0.9140
Q&A
Log-Likelihood 0.8210 0.8598 0.9212 0.9928 0.9865 0.9699 0.9331 | 0.9681 0.9563 | 0.9343
Entropy 0.8438 0.8650 0.9042 0.9825 0.9728 0.9574 0.9228 | 0.9478 0.9316 | 0.9253
Log-Rank 0.8092 0.8514 0.9162 0.9919 0.9862 0.9690 0.9262 | 0.9661 0.9541 | 0.9301
LRR 0.6541 0.7146 0.8264 0.9495 0.9370 0.8978 0.8019 | 0.8792 0.8886 | 0.8388
Fast-DetectGPT 0.5308 0.6506 0.8730 0.9806 0.9713 0.8531 0.8188 | 0.9131  0.9548 | 0.8385
Lastde 0.5281 0.6165 0.6237 0.8345 0.7046 0.6200 0.6061 | 0.7665 0.4626 | 0.6403
Lastde++ 0.5470 0.6127 0.8460 0.9601 0.9547 0.8153 0.7915| 0.8731 0.9326 | 0.8148
DNA-DetectLLM 0.5611 0.6774 0.8664 0.9907 0.9778 0.8169 0.8366 | 0.9299 0.9387 | 0.8439
RoBERTa-base 0.5403 0.4533 0.5539 0.5676 0.4993 0.4586 0.5381 | 0.4147 0.5997 | 0.5139
RoBERTa-large 0.5364 0.5688 0.5290 0.5302 0.5302 0.4725 0.5209 | 0.5204 0.5207 | 0.5255
RADAR 0.7259 0.7585 0.7935 0.7755 0.7619 0.7586 0.7881 | 0.7598  0.7230 | 0.7605
ReMoDetect-deberta | 0.9582  0.9629 0.9642 0.9992 0.9976 0.9943 0.9764 | 0.9934 0.9338 | 0.9755
IMBD 0.7218 0.7696 0.8707 0.9935 0.9935 0.9365 0.9088 | 0.9799 0.9353 | 0.9011
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Deepseek-

Deepseek-

Doubao-

GPT-3.5-

Claude-3.5-

Gemini-2.5-

Method - V3 1.5-pro Turbo GPT-40 Qwen2.5 Qwen3 Haiku Flash Average
News
Log-Likelihood 0.4525 0.5441 0.7869 0.9214 0.8805 0.8133 0.6680 | 0.8128 0.7562 | 0.7373
Entropy 0.4665 0.5349 0.7068 0.8527 0.8056 0.7676 0.6312 | 0.7448 0.6752 | 0.6873
Log-Rank 0.4451 0.5387 0.7915 0.9270 0.8841 0.8158 0.6614 | 0.8120 0.7590 | 0.7372
LRR 0.4365 0.5107 0.7604 0.9080 0.8479 0.7634 0.6022 | 0.7454 0.7294 | 0.7004
Fast-DetectGPT 0.4108 0.5544 0.9019 09775 0.9674 0.8066 0.7242 | 0.8891  0.9020 | 0.7926
Lastde 0.6623 0.6272 0.7331 0.7485 0.6831 0.6607 0.6475| 0.7191 0.6045 | 0.6762
Lastde++ 0.4652 0.5492 0.8876 0.9678 0.9589 0.8002 0.7329 | 0.8582  0.8944 | 0.7905
DNA-DetectLLM 0.3566 0.5378 0.8106 0.9619 0.9234 0.6466 0.6254 | 0.8360 0.8096 | 0.7231
RoBERTa-base 0.5132 0.4070 0.5558 0.5596 0.4974 0.3992 0.4972| 0.4919 0.5218 | 0.4937
RoOBERTa-large 0.4647 0.4688 0.3370 0.3233 0.3299 0.2686 0.4005 | 0.3652 0.3710 | 0.3699
RADAR 0.4754 0.4487 0.4552 0.5229 0.4620 0.4299 0.4794 | 0.4494 0.4515 | 0.4638
ReMoDetect-deberta | 0.6840 0.7762 0.8831 0.9686 0.9620 0.9359 0.8488 | 0.9389  0.7898 | 0.8652
IMBD 0.5624 0.5657 0.8809 0.9565 0.9655 0.8198 0.7059 | 0.8640 0.8373 | 0.7953
Academic Writing
Log-Likelihood 0.5166 0.7011 0.8225 0.8416 0.8510 0.6917 0.5715| 0.7778 0.8198 | 0.7326
Entropy 0.5594 0.6820 0.7627 0.7437 0.7611 0.6692 0.5890 | 0.7069  0.7429 | 0.6907
Log-Rank 0.5258 0.7033 0.8221 0.8509 0.8588 0.6983 0.5780 | 0.7810 0.8279 | 0.7384
LRR 0.5685 0.6736 0.7594 0.8350 0.8310 0.6844 0.5975| 0.7421 0.8161 | 0.7231
Fast-DetectGPT 0.3648 0.6488 0.8238 0.8996 0.9099 0.6303 0.4551 | 0.8070 0.8793 | 0.7132
Lastde 0.5545 0.7243 0.8159 0.8672 0.8345 0.7328 0.5825| 0.8360  0.7735 | 0.7468
Lastde++ 0.4191 0.6412 0.8093 0.8776 0.9023 0.6206 0.4943 | 0.7886 0.8881 | 0.7157
DNA-DetectLLM 0.2721 0.5437 0.7377 0.8959 0.8613 0.5116 0.2794 | 0.7970 0.7048 | 0.6226
RoOBERTa-base 0.4315 04115 04281 0.5194 0.5010 0.3313 0.4060 | 0.3946 0.4608 | 0.4316
RoBERTa-large 0.4551 0.4738 0.3653 0.3934 0.4032 03685 0.4149 | 03674 0.4113 | 0.4059
RADAR 0.4706 0.5217 0.5439 0.5758 0.5384 0.5285 0.4649 | 0.5450 0.4611 | 0.5167
ReMoDetect-deberta | 0.7414  0.9028 0.9322 0.9816 0.9846 0.9557 0.8386 | 0.9589 0.9173 | 0.9126
IMBD 0.5424 0.7402 0.8326 0.9509 0.9442 0.8059 0.6217 | 0.9328 0.8798 | 0.8056
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Table 12: AUROC detection performance before (upper block per domain) and after (lower block per domain) fine-
tuning on C-ReD. Columns 1-7 show results on in-distribution generators; Columns 8-9 show out-of-distribution
(OOD) generalization to unseen models. Fine-tuning substantially boosts both in-domain accuracy and OOD
robustness across all domains.

Deepseek- Deepseek- Doubao- GPT-3.5- Claude-3.5-  Gemini-2.5-
Method GPT-40 Qwen2.5 Qwen3 Average
R1 V3 1.5-pro Turbo Haiku Flash

Film Review

RoBERTa-base | 0.6951 0.5306 0.7522 0.6708 0.6579 0.5345 0.6479 | 0.5839 0.7419 | 0.6461
RoBERTa-large | 0.6014 0.6451 0.7016 0.6263 0.5346 0.5388 0.6470 | 0.6564 0.5575 | 0.6121
IMBD 0.6610 0.7775 0.8156 0.9703 0.9663 0.9472 0.8889 | 0.9557 0.9016 | 0.8760

RoBERTa-base | 0.9997 0.9998 0.9974 0.9968 1.0000 0.9986 0.9975| 0.9878 0.9906 | 0.9965
RoBERTa-large | 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 | 0.9996 0.9995 | 0.9999
IMBD 0.9981 0.9989 0.9986 0.9997 0.9997 0.9995 0.9994 | 0.9990 0.9959 | 0.9988

Composition

RoBERTa-base | 0.5519 0.4270 0.6066 0.5793 0.4623 0.3253 0.6041 | 0.3994  0.7157 | 0.5191
RoBERTa-large | 0.6754 0.5625 0.5122 0.5445 0.5373 0.4993 0.5404 | 0.5374 0.4449 | 0.5393
IMBD 0.5668 0.9234 0.9910 0.9999 0.9999 0.9761 0.7791 | 0.9966  0.9929 | 0.9140

RoBERTa-base | 0.8900 0.9409 0.8834 0.9218 0.9544 0.9234 0.8597 | 0.9768 0.8572 | 0.9120
RoBERTa-large | 0.9530 0.9648 0.9467 0.9490 0.9785 0.9347 0.9350 | 0.9823  0.9389 | 0.9537
IMBD 0.9103 0.9898 0.9935 0.9975 0.9976 0.9920 0.9727 | 0.9974 0.9968 | 0.9831

Q&A

RoBERTa-base | 0.5403 0.4533 0.5539 0.5676 0.4993 0.4586 0.5381 | 0.4147 0.5997 | 0.5139
RoBERTa-large | 0.5364 0.5688 0.5290 0.5302 0.5302 0.4725 0.5209 | 0.5204  0.5207 | 0.5255
IMBD 0.7218 0.7696 0.8707 0.9935 0.9935 0.9365 0.9088 | 0.9799 0.9353 | 0.9011

RoBERTa-base | 0.9896 0.9929 0.9853 0.9942 0.9945 0.9849 0.9916 | 0.9921 0.9493 | 0.9860
RoBERTa-large | 0.9976  0.9988 0.9965 0.9993 0.9990 0.9971 0.9987 | 0.9975 0.9843 | 0.9965
IMBD 0.9875 0.9893 0.9918 0.9998 0.9997 0.9975 0.9968 | 0.9992  0.9944 | 0.9951

News

RoBERTa-base | 0.5132 0.4070 0.5558 0.5596 0.4974 0.3992 0.4972 | 0.4919 0.5218 | 0.4937
RoBERTa-large | 0.4647 0.4688 0.3370 0.3233 0.3299 0.2686 0.4005 | 0.3652 0.3710 | 0.3699
IMBD 0.5624 0.5657 0.8809 0.9565 0.9655 0.8198 0.7059 | 0.8640  0.8373 | 0.7953

RoBERTa-base | 0.9796 0.9804 0.9789 0.9693 0.9809 0.9765 0.9717 | 0.9898 0.9528 | 0.9755
RoBERTa-large | 0.9893 0.9922 0.9790 0.9656 0.9899 0.9898 0.9841 | 0.9907 0.9733 | 0.9838
IMBD 0.9292 0.9512 0.9936 0.9961 0.9959 0.9891 0.9785| 0.9946  0.9858 | 0.9793

Academic Writing

RoBERTa-base | 0.4315 0.4115 0.4281 0.5194 0.5010 0.3313 0.4060 | 0.3946 0.4608 | 0.4316
RoBERTa-large | 0.4551 0.4738 0.3653 0.3934 0.4032 0.3685 0.4149 | 0.3674 0.4113 | 0.4059
IMBD 0.5424 0.7402 0.8326 0.9509 0.9442 0.8059 0.6217 | 0.9328  0.8798 | 0.8056

RoBERTa-base | 0.9419 0.9396 0.9196 0.8821 0.9565 0.9648 0.9523 | 0.9720 0.9083 | 0.9375
RoBERTa-large | 0.9810 0.9753 0.9357 0.9666 0.9829 0.9888 0.9595| 0.9792 0.9515 | 0.9689
IMBD 0.9570 0.9890 0.9817 0.9948 0.9978 0.9908 0.9583 | 0.9953  0.9888 | 0.9837
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Table 13: Cross-domain AUROC results when training on a single domain and evaluating across all five domains,
using texts generated by GPT-40 or Qwen-2.5. For each block, the training domain is fixed (left column), and
columns show performance on Composition, Film Review, News, Academic Writing, and Q&A. Diagonal entries
indicate in-domain performance; off-diagonal entries reflect generalization capability.

Train Domain Model Composition Film Review News Academic Q&A
GPT-40 (Base) 0.9765 0.8493 0.8641 0.8064  0.8924

Composition GPT-40 (Large) 0.9876 0.9702 0.9431 0.8740  0.9619
P Qwen-2.5 (Base) 0.9553 0.6861 0.8831 0.8487  0.8363
Qwen-2.5 (Large) 0.9775 0.9728 0.9754  0.8768  0.9565

GPT-40 (Base) 0.7685 1.0000 0.5832  0.6680  0.9207

Film Review GPT-40 (Large) 0.7376 1.0000 0.8080  0.7809  0.9502
Qwen-2.5 (Base) 0.8435 0.9998 0.7410  0.7665  0.8868

Qwen-2.5 (Large) 0.8134 1.0000 0.8689  0.7969  0.9098

GPT-40 (Base) 0.9049 0.9838 0.9894  0.9328  0.9478

News GPT-40 (Large) 0.9093 0.9604 0.9944  0.9471 0.9499
Qwen-2.5 (Base) 0.6419 0.8776 0.9295  0.7200  0.7025

Qwen-2.5 (Large) 0.8619 0.9494 0.9925 0.9005 0.9227

GPT-40 (Base) 0.8568 0.8830 0.9060  0.9627  0.7995

Academic GPT-40 (Large) 0.8691 0.9355 0.8851 0.9668  0.8379
Qwen-2.5 (Base) 0.8583 0.6852 0.9181 0.9799  0.8462

Qwen-2.5 (Large) 0.8269 0.9050 0.9399  0.7435  0.6394

GPT-40 (Base) 0.8919 0.9956 0.9255 09032  0.9974

Question Answer GPT-40 (Large) 0.9612 0.9981 0.9488  0.9431 0.9997
Qwen-2.5 (Base) 0.7692 0.9908 0.9093  0.8981 0.9887

Qwen-2.5 (Large) 0.8857 0.9972 0.9689  0.9469  0.9973
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Table 14: Results of LLM-base Detector Evaluation.

Human vs. Qwen2.5 | Human vs. GPT-40 | Human vs. Deepseek-R1

Judge LLM normal context  description| normal context  description| normal context  description

H A H A H A | H A H A H A | H A H A H A

Film Review

Qwen2.5 99.16 7.26 99.66 88.51 98.82 83.11 |99.16 8.61 99.66 89.36 99.49 81.42 |99.16 23.99 99.66 87.50 98.65 8091
Qwen3 89.70 9.46 99.66 83.45 98.48 88.51|89.70 828 99.66 9240 99.16 83.28 | 89.70 13.01 99.16 90.71 95.44 94.59
Deepseek-V3 96.96 14.19 99.66 91.22 97.30 91.22 | 96.96 19.43 99.16 96.45 99.83 81.42 |96.96 44.76 96.28 92.57 93.92 96.45
Doubao-1.5-pro  99.83 8.61 98.31 91.22 99.16 84.97 | 99.83 12.84 99.32 87.33 99.66 80.24 | 99.83 14.86 98.81 85.81 99.66 72.80
Gemini-2.5-Flash  99.83 4.39 100.0 88.01 99.49 87.33 | 99.83 4.05 100.0 86.66 99.83 81.42 |99.83 11.49 100.0 85.14 99.66 79.56
Claude-3.5-Haiku 83.45 34.12 98.99 88.85 99.83 75.84 | 83.45 4544 98.82 96.45 99.49 8091 |83.45 47.13 95.44 87.33 99.83 67.57
GPT-40 100.0 0.17 99.66 89.53 99.66 82.77 | 100.0 0.00 99.83 90.03 99.66 81.08 | 100.0 1.69 99.16 91.39 9848 75.17
GPT-3.5-Turbo 89.36  3.89 91.22 60.47 9797 74.66|89.36 338 90.54 46.28 99.32 49.16 | 89.36 11.15 68.75 87.50 97.97 63.51

Composition
Qwen2.5 97.65 3.76 9577 6620 86.38 48.83 |97.65 27.70 98.12 70.89 90.61 27.23|97.65 141 97.65 7559 71.36 30.99
Qwen3 9437 0.94 8592 7230 77.46 84.04 |94.37 047 89.20 6573 75.12 73.24 | 9437 0.00 69.95 68.08 44.13 63.38

Deepseek-V3 9577 3.76 76.53 9531 87.79 54.46 9577 798 8779 87.79 78.87 5540|9577 423 5822 81.69 43.19 64.32
Doubao-1.5-pro 9531 5.63 83.57 90.61 90.14 46.48 | 9531 11.27 96.24 67.61 88.26 40.85|9531 047 9859 62.44 60.09 53.05
Gemini-2.5-Flash  97.65 22.07 100.0 96.71 9531 63.85 |97.65 37.09 98.59 91.55 93.43 65.26 | 97.65 17.37 98.59 8545 79.34 59.62
Claude-3.5-Haiku 58.22 41.31 64.32 9390 82.63 5352|5822 49.77 76.06 84.04 84.51 3897 | 5822 2296 43.66 67.14 59.62 28.64

GPT-40 100.0 0.00 82.16 97.18 77.93 6573 |100.0 0.00 79.34 97.65 87.32 41.31 | 1000 0.00 80.75 98.59 61.03 53.05
GPT-3.5-Turbo  98.12 047 9343 1643 99.06 3.76 | 98.12 094 9671 939 9953 094 |98.12 047 91.08 5.16 98.12 047
Q&A
Qwen2.5 90.06 4532 92.16 99.43 73.61 99.81 [ 90.06 75.53 92.93 99.62 88.15 97.51 |90.06 72.85 94.26 9331 87.19 89.87
Qwen3 8298 6.60 98.47 8872 84.89 99.81 |8298 7.7 98.66 98.09 89.67 99.62 |82.98 1453 97.51 84.13 8891 95.03

Deepseek-V3 9446 994 9598 979 86.23 99.24 | 94.46 21.41 96.37 98.85 89.1 99.62 |94.46 2945 96.94 88.72 86.04 91.20
Doubao-1.5-pro  97.13 17.97 93.69 98.47 83.37 9885 |97.13 3556 94.07 99.62 91.97 98.28 | 97.13 33.27 97.71 8795 91.40 86.81
Gemini-2.5-Flash  99.24 21.61 98.85 96.37 96.37 97.90 | 99.24 32.50 99.43 9598 98.09 98.47 | 99.24 26.58 99.24 84.70 99.04 81.84
Claude-3.5-Haiku 44.93 43.02 4627 99.43 78.59 98.66 | 4493 60.8 69.79 99.43 9273 86.23 |44.93 72.66 740 94.84 90.63 68.26
GPT-40 98.85 0.38 93.12 99.43 90.63 97.71 | 98.85 0.00 91.59 99.62 93.69 97.51 |98.85 3.25 9541 9426 94.07 82.98
GPT-3.5-Turbo 7495 478 59.08 58.70 79.73 8222|7495 9.37 51.63 7495 73.04 85.66 | 74.95 14.15 44.55 80.50 79.16 79.54

News
Qwen2.5 65.45 52.18 98.36 83.45 97.45 26.18 | 6545 6545 99.64 86.0 97.82 25.64 | 6545 68.18 9891 8145 9891 12.73
Qwen3 84.73 17.45 98.73 89.09 9491 73.45|84.73 1545 98.55 8891 96.73 63.45|84.73 2145 98.73 67.09 96.18 31.64

Deepseek-V3 89.09 1091 97.82 91.82 89.09 70.91 | 89.09 15.27 98.18 88.36 90.18 57.64 | 89.09 21.82 98.55 82.0 89.64 32.0
Doubao-1.5-pro 98.0 12.18 99.64 86.18 98.55 2127 | 98.0 15.82 99.82 77.64 9891 12.18 | 98.0 12.73 100.0 57.09 99.27 13.27
Gemini-2.5-Flash  96.73 19.09 99.82 88.73 97.64 65.09 | 96.73 26.18 99.45 79.82 98.18 54.36 | 96.73 25.09 99.82 85.45 97.09 30.91
Claude-3.5-Haiku 67.09 67.82 53.09 97.64 88.55 4836 | 67.09 77.09 7436 94.55 91.45 46.0 |67.09 62.0 59.45 90.55 92.0 28.55
GPT-40 99.64 0.00 95.09 9545 97.27 2273 199.64 0.00 93.09 9891 97.27 15.82 |99.64 036 93.64 94.73 98.36 16.73
GPT-3.5-Turbo 7236 5.09 5491 2873 9382 4.73 | 7236 927 5218 32.18 93.45 055 | 7236 17.45 67.45 2636 9327 9.09

Academic Writing

Qwen2.5 250 97.0 8450 97.0 48.0 96.50| 2.50 99.50 86.50 100.0 62.50 94.0 | 2.50 100.0 88.0 99.50 38.0 100.0
Qwen3 86.0 450 950 8450 580 97.0 | 86.0 11.0 91.0 100.0 72.0 90.50 | 86.0 13.50 89.0 97.50 37.50 100.0
Deepseek-V3 49.50 54.50 9550 77.50 66.50 87.0 [49.50 63.50 84.50 98.0 58.0 87.50 |49.50 70.50 73.0 100.0 33.0 100.0
Doubao-1.5-pro  89.50 14.50 96.50 80.50 51.0 97.0 |89.50 22.50 90.0 98.0 80.50 60.50 [ 89.50 14.50 93.50 99.50 38.0 100.0
Gemini-2.5-Flash  78.0 60.50 100.0 93.50 59.0 96.50 | 78.0 71.0 99.50 98.50 72.0 93.50 | 780 62.0 98.50 99.0 51.50 100.0
Claude-3.5-Haiku 30.50 66.50 33.50 98.0 39.0 96.50 |30.50 73.50 65.50 97.0 54.50 76.50 |30.50 74.50 83.0 81.0 9.0 100.0
GPT-40 99.0 150 90.0 9450 69.0 81.0 | 990 1.0 88.0 9650 82.50 55.50 | 99.0 2.0 86.0 100.0 66.0 98.0
GPT-3.5-Turbo 69.50 12.50 28.0 79.50 77.50 46.0 |69.50 21.50 25.0 86.50 39.0 65.50 |69.50 33.50 42.50 81.0 2250 91.0

Table 15: LLM-as-detector results on Traditional Chinese news. Each cell shows accuracy (%) for distinguishing
human (H) vs. Al (A) text under three prompt types. Performance is highly dependent on both judge model and
prompt design.

Human vs. Qwen2.5 | Human vs. GPT-40 | Human vs. Deepseek-R1
Judge LLM normal context description \ normal context description \ normal context description
H A H A H A \ H A H A H A \ H A H A H A
Qwen2.5 81.85 71.17 89.68 91.10 61.57 83.27 | 81.85 81.85 89.32 91.81 54.09 84.34 | 81.85 77.22 90.04 91.10 43.42 83.27
Qwen3 87.19 23.84 81.85 96.09 67.97 88.26 | 87.19 23.84 81.49 9395 56.94 92.53 |87.19 16.73 74.38 86.83 46.26 85.41

Deepseek-V3 95.02 31.32 88.97 97.15 77.58 81.85|95.02 43.06 85.41 97.51 6833 87.54 |95.02 34.16 77.58 99.64 47.33 86.83
Doubao-1.5-pro  94.31 3096 9822 89.68 6121 77.94 |94.31 44.84 97.51 87.54 49.82 92.17 | 94.31 27.76 9537 84.70 46.98 88.61
Gemini-2.5-Flash  98.58 43.77 99.64 91.81 78.65 83.27 | 98.58 46.26 99.64 96.09 77.22 88.26 | 98.58 3523 99.29 90.39 70.46 80.07
Claude-3.5-Haiku 71.17 73.31 31.67 99.29 58.72 75.44 | 71.17 85.05 66.55 97.86 50.18 8292 | 71.17 64.06 68.33 94.31 37.72 88.61
GPT-40 100.0 1.78 88.61 93.95 76.87 67.26 | 100.0 1.07 87.19 96.44 64.77 80.07 | 100.0 7.12 77.22 97.51 56.58 75.44
GPT-3.5-Turbo 83.27 6.05 50.89 73.31 67.62 47.69 | 83.27 854 53.74 79.72 61.21 58.72 |83.27 23.84 5694 71.17 53.02 72.24
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Table 16: AUROC detection performance of diverse methods on Traditional Chinese news across nine LLM
generators.

Deepseek- Deepseek- Doubao- GPT-3.5- Claude-3.5-  Gemini-2.5-
Method GPT-40 Qwen2.5 Qwen3 Average
R1 V3 1.5-pro Turbo Haiku Flash

Log-Likelihood 0.3826 0.5783 0.8223 0.9659 0.9646 0.9032 0.3991 0.8603  0.8639 | 0.7489

Entropy 0.4467 0.6077 0.7782 0.9223 0.9254 0.8776 0.4581 0.8152 0.7933 | 0.7361
Log-Rank 0.3772 0.5643 0.8097 0.9661 0.9613 0.8977 0.3854 0.8563 0.8606 | 0.7421
LRR 0.4002 0.4940 0.6915 0.9019 0.8791 0.7638 0.3754 0.7531 0.7701 | 0.6699
Fast-DetectGPT 0.2718 0.4479 0.8455 0.9722 0.9557 0.7352 0.2974 0.8300 0.9080 | 0.6960
Lastde 0.5375 0.5640 0.5950 0.6894 0.5883 0.5332 0.5192 0.6368 0.4232 | 0.5652
Lastde++ 0.2969 0.4194 0.7948 0.9513 0.9387 0.6871 0.3143 0.7861 0.8718 | 0.6734
DNA-DetectLLM 0.3330 0.4603 0.8667 0.9038 0.9328 0.5974 0.3450 0.7914  0.7588 | 0.6655
RoBERTa-base 0.4450 0.4960 0.5444 0.5720 0.5257 0.3221 0.4566 0.3736 0.5732 | 0.4787
RoBERTa-large 0.6720 0.6476 0.5879 0.5771 0.5494 0.4369 0.5912 0.6255 0.5660 | 0.5837
RADAR 0.4922 0.5298 0.5483 0.5505 0.5150 0.5606 0.5043 0.5523 0.5564 | 0.5344
ReMoDetect-deberta | 0.7618  0.8729 0.9508 0.9938 0.9951 0.9914 0.7887 0.9702 0.9190 | 0.9160
IMBD 0.4286 0.6057 0.8736 0.9360 0.9347 0.8543 0.5103 0.8719 0.8437 | 0.7621

Table 17: Detection performance on Traditional Chinese news before (upper block) and after (lower block) fine-
tuning.

Deepseek- Deepseek- Doubao- GPT-3.5- Claude-3.5-  Gemini-2.5-
Method GPT-40 Qwen2.5 Qwen3 Average
R1 V3 1.5-pro Turbo Haiku Flash

RoBERTa-base | 0.4450 0.4960 0.5444 0.5720 0.5257 0.3221 0.4566 | 0.3736  0.5732 | 0.4787
RoBERTa-large | 0.6720 0.6476 0.5879 0.5771 0.5494 0.4369 0.5912 | 0.6255 0.5660 | 0.5837
IMBD 0.4286 0.6057 0.8736 0.9360 0.9347 0.8543 0.5103 | 0.8719  0.8437 | 0.7621

RoBERTa-base | 0.9917 0.9952 0.9866 0.9832 0.9882 0.9892 0.9896 | 0.9877 0.9614 | 0.9859
RoBERTa-large | 0.9977 0.9995 0.9912 0.9906 0.9940 0.9983 0.9984 | 0.9973  0.9823 | 0.9944
IMBD 0.9649 0.9854 0.9857 0.9957 0.9973 0.9835 0.9552 | 0.9919 0.9827 | 0.9825
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Table 18: Text Length Statistics across Different Domains

Source Mean Median Std Source Mean Median Std
Composition News

Human 895.22  855.00 200.34 Human 41370  403.00 191.55
Deepseek-R1 979.38  934.00 224.05 Deepseek-R1 500.51  457.00 244.01
Deepseek-V3 901.02  880.00 157.79 Deepseek-V3 45234  421.00 193.56
Doubao-1.5-pro 929.01  903.00 157.64 Doubao-1.5-pro  442.44  436.00 197.48
GPT-3.5-Turbo 746.54  734.00 136.95 GPT-3.5-Turbo 466.31  486.00 160.78
GPT-40 1021.25 1008.00 128.75 GPT-40 620.30 635.00 265.60
Qwen2.5 77276 761.00 96.33 Qwen2.5 468.37 482.00 173.09
Qwen3 97546  952.00 171.91 Qwen3 488.55 482.00 217.89
Claude-3.5-Haiku 67722 672.00 84.20 Claude-3.5-Haiku 439.41 438.00 147.47
Gemini-2.5-Flash  1181.01 1143.00 216.43 Gemini-2.5-Flash 608.87 597.00 268.34
Film Review Academic Writing

Human 12496 128.00 14.50 Human 430.07 403.00 176.06
Deepseek-R1 182.43  180.00 34.63 Deepseek-R1 544.00 499.00 225.99
Deepseek-V3 178.93  179.00 20.47 Deepseek-V3 469.91 439.00 170.19
Doubao-1.5-pro 13541 138.00 19.23 Doubao-1.5-pro  449.53  418.00 198.14
GPT-3.5-Turbo 150.70  153.00 13.44 GPT-3.5-Turbo 327.42  280.00 138.44
GPT-40 175.79 174.00 2594 GPT-4o 512.26  498.50 169.72
Qwen2.5 17770  175.00 3545 Qwen2.5 390.84 371.00 127.54
Qwen3 143.21 143.00 20.56 Qwen3 506.41 485.00 183.13
Claude-3.5-Haiku  151.05  154.00 20.16 Claude-3.5-Haiku 333.70 311.00 98.71
Gemini-2.5-Flash ~ 190.87  189.00 39.24 Gemini-2.5-Flash 740.76  718.50 273.73
Q&A TC News

Human 44331 444.00 198.53 Human 423.20 512.00 161.74
Deepseek-R1 502.20  479.00 232.06 Deepseek-R1 544.94  568.00 202.75
Deepseek-V3 492.64 472.00 214.05 Deepseek-V3 454.68 482.00 161.48
Doubao-1.5-pro 469.00 475.00 207.75 Doubao-1.5-pro  440.56 515.00 172.69
GPT-3.5-Turbo 42239 433.00 163.68 GPT-3.5-Turbo 434.34  489.00 123.79
GPT-40 582.13  590.00 245.41 GPT-40 578.11  663.00 212.07
Qwen2.5 441.81 450.50 180.69 Qwen2.5 469.94 506.00 173.34
Qwen3 48721 474.00 214.08 Qwen3 537.77 616.00 201.92
Claude-3.5-Haiku  392.82  380.00 151.08 Claude-3.5-Haiku 449.14 462.00 141.01
Gemini-2.5-Flash ~ 760.97  779.00 301.81 Gemini-2.5-Flash 597.11 657.00 233.85

Table 19: Examples of C-ReD

Domain Film review
LLM Generator GPT-40
Film Title PRE %

Human Text

HTRA, ATHEHNEREEN—REER T - WSRRETTRLESE, 2B RERTZEMN, R
O LM I, T BESE AR B AN NHENE o SEECA AR B R, RS E R E, (R
= A REE A =

Prompt

HARFBD RIS T HIMRE — R, .
. BOREENATEAEI04KT -

B PN USSR B 1 D SRS R

Al-Generated Text

(RENET) —HREEF DE LA E B, JTHIE&EWIRE - 77 £ TT R 2 B [ A0
AR WFZHT, T LR E RS G TR IR AT, FlH AR S N RET
HURHEBREN, XSMERF B EEEEAVE . BRI KT EFZS R M, R RS
/O AS AR AT ORI RF IR T RAR T - FASH B IR IXOEAITLACHR T AT Ht o530 3 % T A AL 52
% .

iy
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Domain
LLM Generator

Composition
Deepseek-V3

Title

7

Human Text

AR AR, S e ess, [ERORT, Tl%Ze, MANEmIFE . ARNERTH
MEE RN, et SEEIRERNINENE RERTE, MES T2 EENE . MEE0H
B ANHAESREIMET, ZFATLEEE, A 2N —ILE KR R——ETR T - ERITH
JEEEEE — S MKAOZON . 30 KO BRSSP RFRE MR HEERIRA T - Z2%
—, BRI . BATARAVEAR X ATET RSN, ATRZEEE, ERRFRE SN, FYEET
B, RETGEREROREMN, EEENHDA B EREEHNEGK K, eRImERATERZ
i, MXEENRKEREEEFLEMNOERBMEN, B2d? X=EEHRMSE T LRSI E
M, KROEBHERBENE, AP EL BT —EEmNITg. e, BURELERLUES, 8457
IRRKEIFIHE, AR R R RS AR S A A A ok B0 . it 2 RE S EBLE T A
FRERY BIERTRE, CHEABANTOAMUGEES G —MEFLERAERS: E—RZEERIRE,
BT 2 BEEMEMEL, BPE—NEY MAESE—REWPRET T, B EERZEA DK
BHERE, PRAFHEEARR BRASIRITIER, EXHDERRY, WHREIRAMKETLH, Wit
BEREHE-IER, NG DATNRZEE, BINRHE, BEE—AMER, LR, -
HIRERIRES RN, R AR —NEE TRE AR EREE B Y (RS RIS (RIS
NE/B T2 NEHGESTEEN, A 5 ORAERIBHI, MR ALRRINSR . #R—%EH
AL, BaBRM D KERRIAAERN . R, BRINERAEER ! BB, R, KRXBER
£, #H XSS . REFENEY, EBMACHES, MERRES .

Prompt

EESE e, BERFRESHIE WSORACBOUBCISE) |, #E —R768 7RI E -

Al-Generated Text

EwMEEE e, BEGREANKE . TORSSRTLNE, HMEFERBENZM . F 4 Ekx
I, TAIA DB L EEEN XD RHAHEEN IR R, 22N G NARTR, BREMEE
IBEREEEAL . WASR D ARKIESD « LR EERT ET S, JORBRRERERE, HIIREETF
AT - ZML2BUERHT K, HTER . OHEEXSMBHLLFTRINAARDLRELRRZ
—, ERFENAFEZENIET, AFRARNESRROFER . THEEERLELLZHEEN. "%
ERGEERAVEIR - "HRANALRZER G, AREET BRRIAFORMK - ZeEEE YR
o HPGHANERMEGEREW TENEER, ERFEIBITERTRMERER T2/ R . TEHR
EIFRILHEKR TRE, RS MEERAAECEIR, R T 5 AN 22 fRZ R . — M2 RSO, A
AUNEXN 2 BENREETHL -3 . EEAEXTRE FERATL) TRl e rRIEER
5 P ERE R - A 2l A IR AR T B R R 2%, BRI
HIAIL . ZeTEEDANSERMTY . AAEHREETANZRHESELS, NLEFFRmER%T
MR EER, AT RES . SMERSE50EL2L, 45 B AREEN RS B RK E R WK
PRRERIRAT . PR QA RITR A, BE SIFEAT, ZEMRTRZFEDSANRE . EEE KT
HUUREL: g e N B, TR RN RIER: X FEE N A ARIR S BRI A AT
FReo WEHROR AT S L, BT 2 2R HATEIRIL . NPEZLEF0E T4, NI Z 2T ML
LA, GeRYERAENY R . AR, ZatpB i M bEaG UERrR S -
TBIXHRE, SFXHRE, ARG EZENER L, Eadfes HRAm IR . EWEERF
ANBRIURFTE: "EamEgamEm, FERmEZ . EE2 5P ET, AFSCHE LIRS .
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Domain
LLM Generator

News
Deepseek-R1

Category

Entertainment

Title

WRI R F YR EERT MiE AR =15F

Human Text

HiH . AEERGEN LB RRERSRER B, WEB W 2 B4 5 R OEN & BREME
TEARIE, FHORE PR ZRR R BB FEET RN« BZFERTIE, RERSHREEREME
MRI3EE, 2004FWE N E LR, HIRRERENGFE R HRERARD, EIRER N ZHAORIRE
KIEEEREA T THIT, EHHMEFEIIET, RENFZETT], “AKRHWR, =FHRRES,
AAREESRIPRZSRA T Biist, T LS N IE E= BRI . IR AIEIR S S0 5 WL BE e R
K, FE— DB AT RO 2 S PRZER GBS, 0 B N LR ES, —AKE—H
TH, #ERFIACEBERALEEN ARINCABANEH, E5FESARZHEMNEES E, ALES EEEH
W, REHR, UPRHRRE—FATT - N TRENIE, WLBTTHARERR, ZiuEh K2t
PR A B ARSI ORI - Bl I Tl 2 BT S AIRIE R ZER A FA AR BE 25 55 TR 9 TR =
. Sk, BRI H2009F ) C AR EEIR 0K R E B, W TR BRI S E B E
MNTEBEE R 0GR TIE, BATRE — DR R Z AR BB SRR T 2 AR«

Prompt

VB LAR RV TR UGB i 22 BUA B B R B B RS R S PRZER N =  S IRRFE M, B8 FRIFEY -
A7 BN A S Bt R R« BORORRF R LR ALY, FRAEHIFES00E A -

Al-Generated Text

BH, FE-AERREREMRE. FRRTFHLES CIERTFIRIENFERR KR, BRI AR
ZERAIEIRATE - ZIERTEAHERIR, T LAMELSCEERZ 8, 51 R ANPBERR£F - 1k

EF, RERHLBERERATLIME, 5ILXE=5%T, SEWLBEINERZM. FHLEE,
WRBEAE TR BT HAL AR LZRIEXEY . EEUF, mSNrEERE, FRIZRSEEE

S RILREFL, FFIRM S FRIERLC TAEMKRERMATA R R, WREEFTEAATH - ME RIS AR E R
. ATFER, HREEFERNN - B, FRESRTEHRAREN, RELANRRRERRENE TR
BRNRETR, TIMEMTEIMEFE . FHF, FRZGREMIOTRGERSE, WTRESEZ AR, =
LIRS, HRAPRZEAREEFRE - WA ES, RIRRRSEMFELS S PE, HRR
FEHRUNERNE, REFCEMEGRERE - BEEERE, 2B R EAATEIER, FRERE
ERATE); PREERTEMRFFION, TETERIIE. BHGLHE—SIR, AN R R E
Rl , EB CHF LN, E5) BUEE B L

Domain Academic Writing

LLM Generator Qwen2.5

Category Abstract

Title RO B SR AR YRGB IR UAE A IR PRI 5T

Keywords FERIE; miREREES; InRIEE

Human Text TP NG w0 R R 10T T B IRNVAE AT W R BE R A e 1 B 2R A A A VA TT 2591 7 5 iR
JIVIE .35 3047 e BIAEIRBE T, BEVIRAE M A ABeE B0 - 25 BELSERIATT . BETE6NTH . WE%MH
6%, HALEWN A%, IEHYTMEE . IR REEEHENGT 2 —FRE TEMTONGITREOR, B
WHYCRT TERIUERL, RRE . AZEEZSIER, (EERCRY), mB T RrH i — S Im R g
Bl

Prompt HIRYE LT E R E —REH R AR R -

SCERNVE: R AR AR A THRA YT TS IRV R R ATT

NERGA: "TERIE; FIRERAEE; mRIE

TR R R E R - ORI BTk EELW B0k RPTRESL . ZREF™
W BERER . ORI, FEERHIE190T AL, B AR ER LTI AT .

Al-Generated Text

TEBRAVER—ME LRERER, BRI TENRAEEIENER, SEASRE  WESIER,
PEELRNA B AR . SRR MR AT T B, ARSI AR R T AL R
RIFROR - RS SFERIT BB R A A5 X T 7 8 BRAVIE O PR T R e 4k @ Bl B 947 120451
EEVITIEN T ERAVESE IR B, SRE R, WREREEHEEMERITR, e BEmER
Fig, HARRNEMAE. PR, MR REEE IR T ERIEMER0EFEZ —, HSH
—RABIFAHE R -
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Domain
LLM Generator

Academic Writing
Qwen3

Category

Introduction

Title

B AEIEOR 0138 T FAEHEVE N B RS E PN BOR (R 2

Keywords

MR, ERTRE; 2% K KR DE

Abstract

AN E BRI AR BRI AL P AR E EEEN - BETRREFEENT N =Rk 5
SRBEAT R TR RS EE YRR T RE T ZNA, HRFES BRI AR
& BUATEE - HXINFIFNFELZ R - L =14k, FHEYSOROER R R AEMHEER
BRBG T —RIVRBEI R « ASCEBEEW IR - KR DE=ZRIEYREERE TREE AT BRI &
PERAT RS, FRAEAIMIER T AR ERAIHI R BRI EA S AT EARM R, DU RS
WALR IR AR S

Human Text

TEYIEZR M LR AR 2R S E— Pl 2 AP oIk EOL T ENCR OIS, @RI - 5377 - bU ~ it
& o IRATHIFI REERORTE T 2 RAIA ] USR58, LIBTE BER S B B HIR - HEIEA
BEEK - KT DEETZEEYRRFREF ARSI LT T EZEA - YL RIEE
WERERIBRAEY T, MERA B AIER, TREFEEDRNEY, BMERFER, BEXEFLHTMENE
S, MR T RBRAE RIS . EYBEST ARG TNESR, 7R3
MIBFHENEAT - ARG TR LA T . BT ERAEE, F—RABRRNER
FIFIAGE AZCEESE, TMAAREAE R MANAT EAH; FIAEMRLEMEA, B RAE RIORFNE
FEAFERRME, WARAEFMME EEMAE; FZREREENER, EIRAISKE AW LI E FhA)
H. ERZERE RN ZAATTES SEORFAR R E—, 5% — M R R Gm S
BB ERRRRE, 420142 70-804F (AL S8 T oK HF B BB/ NIEJR T/ MR St RSB MR Ay A
WMo SO, FERLIMET, MREEAERNEEARE, BRI SCHIFR A A & - FEEH
REVBEAMPRER R, —T7H, A TEVEAR, FEFRERENRATERNGROA AR, B
T YR RIS RN AT R, FINMEIERENERZEANTEOR . REMLE
HISPTHER - KFERENE RS, B—TH, BT LUETER TREFE, QIHIEFE ST TR
BR, MBS EYREAIREERNAE R, WRERLEKNIORE B RES IR TSR - KEET
[ SR E N F BN - ANEMTRERMEIE N E RG% . IEHER, BES TEYEMERTREANE
&, VAR AN AOR ARG T — LRt J - ARSI - KRS - DEEEEEYIER T
FEAREHORBIQIRIHNE - BFFTIRIK - AR AR AR L AT A, DU M R R
NERR - A EY ARSI R AR A B B PRSI B 1 R RSB R .«

Prompt

EHENEHTRIESRESITNE, BERSAWEHRIIL . BOTTES T -

SCEARE: " F AR O F AR 25 B RRIH R RO R

LEXREIE: AT, EETRE; T TR KR hE"

UEME: HEAERARTEEY RS F ARMASMET R IEEEEER . ETERAERERE
B = RIE SR BIEAE W RE DR E BN RZHF T RE Tz, HEFTEE
BRFI AR - BHEATEE - SRR E L 8 - E=19%, FIHEYEAR AR LR
FIEYIEEANE REUS T — 270 MR - ASCEZETX EK -~ K - NEZKIEWRIE E TR
BHREARMERHRHETEE, FAFHEA T ARLR EREHRAHNERZEATRARER, DR
HRFRF AR R AR S .

FHIRHILS60F, #ATLKE R, THEHM .

Al-Generated Text

AMILHRREREY T EMNEERE, MHEENT SR L AMER M AR O3E . FR =R
ERBABR AT R - RS AMKE RSN, A KEPEERINA, BEFERRRRE
2 WEIRERR - B B MRS, PR A FDLIRBUZ A ERE. BEMLT BME, EHEN
SRR A, SRR XSS, BB T EEKR . NEFEEYTRREENH . B, RES
B TRE - AT AET N T ORI AR A SR FT RS E MR < R, B TRERAKHE
WOHRAEHE - PR RHEE N Rt T B - S R A RO A O S IR e v BT
LTI AOT e, ATEAN B R IR A K ATHTR TR BE 2 AT, EAZ MM GTH RAEA R4 )
o AHIFRETA KRR/ NZ ZKERIEY), REMHE 7 ETCRISPR/Cas9ZE KW - A5 TN
A RIERRTE - EB ST ISR TR R TREENE (GMS) R . jXLH
BANBZERI T AERQUBIRCE, DRI T FHERRABHAZE. ML BURLRSCHIFSEE T
Bty o FEMCEERD B, FATSRRBAIFMEHIT L N EAZEAFTEARMER (MCMS) | ZERES TS
FrtERah T AR EE R D AR PR DU LRI A SR E IR E SR, ST A
BAREHSREMEF A - MCMSTEZ BT HXATRERE, FEXRKEI00%, HAT#EEm
Mz & SCIES EHRE, RERCRTA MR . HIERIERY . X RSUER THLHIR, B3
B AT RMERAR, RIHIREEI0R L - Mo, ZHARES RIFED T, SNFERRREIERT
Bl e EEEMNIE . RIS ARG S B R YRR TR A E BRI L, EAR
RMCMSTEFE R BIR L, AHAEKRE - NE R R AR ESARTER « ZRBEARHEITH RSN
B ARG E 1 BRI BSOS BRERZ BRI RENL - PRET RIS, B TR EIEY)
FrEEr .
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Domain
LLM Generator

Q&A
Gemini-2.5-Flash

Question

NZESEER [MEER] - [—DARET] 28 DFEBARIR] Z2HTA2HMLERE?Y B
a2

Human Text

LNEEMEDREER . 5, TER, BXE, W8 HERFMREE—DPNE, BFH, HAER
R, STRIRET S EN RAMORALERF, T HPREREEE, A2 WHLeE R RRE, SREREED .
A= N BOGHRABIERE S NS AR . BRERE M ZEREEE A Y, Hit i ERA
RAESHE, M RREZERE, SRR RITRAGESIE . [EPEZMELRLE—BA
AL, BRI —REN RS R, BEAHK, FLR? — D AER BRI, 1B AFRAT—BE
BVEPE (RNERME, MRV IREER, BEMRITAZHER) - BIZ OZESNR, ok, REM
FHRIZFEHR BN, JEFRW . — PN, BEAEMELE, THBEENANRERZ, BECERSHIZ
A HATRRAZAR, Z7 RS EDT, SO, LRV SRS A I A R A - XA
TERHEMRA, RARMELREME . ETEMTHZEAMP LI XREpE? BRI
PHIE TG BR 2 P BRSNS B B R O T B, X R BAFERROZM, BB RS AT« BRR
ERREIRT, BROASEEER RSN, TR ATR . RPTEPHERFRNEE, ERE
HEEIR G, REMEE, SRR B, T, WEEEERI A S EE K )

Prompt

HHSSSFAAERMELUTRE: XZEFEMEN [MEEA] - [—PART] 3F [HEBARR
B BETHAREMOERE? BRHA? « MENSFIRILA NS, BEESBRIEHIES . 24
Y, B RS -

Al-Generated Text

NZEFEFARTMBER s “— DRI WG BAFIR, E DR ZER BB~ LB
SERERMTRENE L, REBMRLIANNARKSOR B/ B, X7 ARTY BEINFRRZNES
Y. B2 ZTHAERBIERRA, DMRRE S B RSN MERTIRT - M BERRG T —
B EE . ZERNESHREN, L XZEFENSERALC, FRREELWEH . 1A EiEdmEr
IMEAMA ML, REMEE AR TIRE, EHHEE TR E - SCBMALETT - XM
RUERNEN, RVFE LEFEEFMITH ERNERKS) ) . R, SEIERsE A — P EEEE .
ZNEHFEMWHEFNER - BIREFIED URNTRANERBEIRERZEER - M1 THBETHE
s 6~ - 6F - KPIAE SO, 3967 [l R A A i A U RN B RE ek 2 U« 0 B IR AT B — P S A<
B, SAEE R BVE R 8RR B R . RIRETERENRIEN, SR T AT SR B
HIBR, AR DB MR TEIUMLAEF RN . HE, SREHERERRZEN. XZF
AT G R R SESR A EUE A - TN R TYRZERNER, EEERLHTTEM
BREMBEL . WEPKRRIK, BEWEMIRFEEI—FAEET R, Bl B ZAREGHAE
7. FRNE, WILEE, RIVER. FEiRET, MIEESS5HMIUL . BRKOEFER, NTRE
T RO RBEFIQIE R o SXFET A B2 — ORI = AR R, b1 S A mEEREME L. 1
b, SERAT R AE —E M BRI R R - EREEETRNAS R, M ERTERIRIE
DA — TS - BRI MALAISAE - @ S Zhos P L EfEE, XZFFE—ERE LS
AERBMARDARMB S, DULRIERL B OB . 2 EPmd, CEFERm A&7,
S AT T A (RS AN (A A RS, 356338 ) — R AR AR 1) B B IR R A R E 7= - Al XMy
AFHAR - BHRAE . LA, KA EFRREIMER B BRI A .
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Domain
LLM Generator

TC News
GPT-3.5-Turbo

Category

Article

Title

PRI R BB A AR — ) THISRIT )

Human Text

FEREE » BEER | ) MREUERME 2?0 TR —REE | ) THEE - WWRIRAIZ BN -
REEREARSE - o T RATM o A | R O  EREER TR E L AAE
TR SR AT B RERRE - PN A d - BEER AL - —HRBICERERNERE - BMERS
F LU AIRBIAETE - S FR IR o BR - BRI AMEK - BAEESEREENARS > R
TS50 - ARAT LB BREE o TARADE - FEAAEAIL - ErPEE) TEEIEEE ) B ERAER - K2
M T - S H BRI M IR - SR TIPANE o TR LR TIEW ) SFAEAR - H37
ZNAKHEEHEE) - BEEENAGAE I E R RS AR - TRBmE  EEE—E E
MRS ATLLEBIRED - S ERRER REENEE L - ERHUEE - AR EmREREA
A » AR UARE S RA HEE R - Bt —ERRAEARS  HEEARSEM - IRNEICIRKER
SIS £ BIAEARERINENR S b - sEF A LB RIERE - WA Eefe TEE ) TEE
& o BEFFERNM — B BB G RIRB DR SRR NI - TR o SIREESTR B
MR T - B REEEEE 8 - BIHERRER - R URB—E— -

Prompt

A LB ST am B RUA - B RN TR EsCEG B GBS —a THISREF) 1 FI3E -
AREBOEEHER - ZHESMMREES » BEFHRELERRNE) » B EBEE - FEIEH
fE5427 4 -

Al-Generated Text

T T8 8 7T 3 BRI B e iR (O > AP B R BN N FIER RS » BRItL - — 6] TRUSARIF ) 898 @M
T BABERERESCR T3 o N2 E R E - B EREEARER AL - TR A
EEZEIWEFAPEE - R OHEABORE - NEREEMENY) - HMIFTEMARIBI BRI SR AR B
R o B A BT - BRI SEM G0 THISRE) - WLETHIUER - MBI AIIE -
ERIEEMERE—EIERASCR » R—ERREE RIS - S RNARKE » R e RER
FHBEES » AFHEADERBEI MR - 2N T #H 5 OB AT E - ERMEBEH BOAH— T
TARIF ) 5 » T DURE IE 7] 17 RO B0 » B ] DU STRRR A0 & SR - SR B Z PR BR (R 5E 0
BEAMEE - ENFRBIRIAEACE » —f) THUSRE ) AIResCs RERIRAVER - it RE - KIER
e TAREREE - B AL & A RSO REE 5 A EE s - SRt 2 MM E RS E - e -
HETTRER R R o Bt > TGEEE + 2 e MR IRREARREH BB NSRS E - E5H
RAEPREERIRZ - BEERGIIRZ] - —&) TR ) #RERR HRIER - SN L& - e
FEMHRBEMAE o IR LS T) - HIE CORE AR 4 08 A — (E SRR - SR A B R IOE M f e
e

42733
31



