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Abstract

The effective detection and governance of Large
Language Model (LLM) generated content has
become increasingly critical due to the grow-
ing risk of misuse. Despite the impressive per-
formance of existing detectors, their reliability
and potential in multilingual, real-world sce-
narios remain largely underexplored. In this
study, we introduce DETECTRL-X, a compre-
hensive multilingual benchmark designed to
evaluate advanced detectors across 8 dimen-
sions. The benchmark encompasses 8 lan-
guages commonly used in commercial con-
texts and collects human-written texts from 6
domains highly susceptible to LLM misuse.
To better aligned with real-world applications,
We create LLM-generated texts using 4 popu-
lar commercial LLMs, and include typical Al-
assisted writing operations such as polishing,
expanding, and condensing to capture authentic
usage patterns. Furthermore, we develop a mul-
tilingual framework for paraphrasing and pertur-
bation attacks to simulate diverse human modi-
fications and writing noise, enabling stress test-
ing of detectors across languages. Experimen-
tal results on DETECTRL-X reveal the strengths
and limitations of current state-of-the-art detec-
tors when applied to diverse linguistic resources.
We further analyze how domains, generators,
attack strategies, text length, and refinement
operations influence performance in different
languages, underscoring DETECTRL-X as an
effective benchmark for strengthening multilin-
gual and language-specific detectors. !

1 Introduction

The rapid growth of LLMs has intensified con-
cerns about the misuse of LLM-generated texts
(LGT) (Wuetal., 2025a). While hallucinations may
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introduce false or misleading information (Zhang
et al., 2023; Yang et al., 2026), deliberate abuse can
facilitate public opinion manipulation (Zhang et al.,
2025), plagiarism, and unfairness in education (Lee
et al., 2023), underscoring the importance of reli-
able detection methods. Existing detection bench-
marks generally evaluate detectors across domains
and generators by constructing idealized test data
(e.g., TuringBench (Uchendu et al., 2021)). Despite
efforts to mirror real-world settings, most still focus
on English (e.g., DetectRL (Wu et al., 2024) and
RAID (Dugan et al., 2024)) and overlook the impact
of text refinement operations on detection. While
some benchmarks include multilingual data, their
domain distributions and evaluation settings often
remain unbalanced and narrow (e.g., HC3 (Guo
et al., 2023), MULTITuDE (Macko et al., 2023),
M4 (Wang et al., 2024b)), making it hard to fairly
evaluate detector robustness across languages and
real-world scenarios, as summarized in Table 1.
To bridge these gaps, we propose DETECTRL-X,
the most large-scale and challenging multilingual
benchmark for LGT detection. It contains 3.46 mil-
lion samples covering 8 languages, 6 domains, 4
generators, 8 attack strategies, 4 text-length granu-
larities, and 3 types of refinement operations, with
8 evaluation dimensions comparing 12 detectors.
We collect human-written texts (HWT) from do-
mains with extensive LLM adoption, including
Academic, News, Novel, Wiki, SEO, and Web-
text. The corresponding LGTs are produced using
Deepseek-V3 (DeepSeek-Al et al., 2024), Gemini-
2.5-flash (Comanici et al., 2025), GPT-40 (OpenAl,
2023), and Qwen-Max (Yang et al., 2024). We
define three text refinement operations frequently
observed in everyday LLM usage. Among them,
human-written & LLM-refined text (HLT) is distin-
guished from HWT and LGT, allowing us to extend
the task from BINARY to TERNARY classification
and evaluate the detectors’ ability to identify such
hybrid text. In contrast, LLM-generated & LLM-
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Benchmark | Eval— Size Task Real-world Multilingual
BINARY TERNARY Multi- Multi- Paraphrase  Perturbation ~ Multi- Multi- Language Domain  Generator Multilingual
Domain  Generator Attack Attack Length  Operation Num Balance? Balance? Attacks?

TuringBench (Uchendu et al., 2021) 168K 4 X 4 v X X X X 1 X X X
HC3 (Uchendu et al., 2021) 125K v X v 4 X X X X 2 X X X
MGTBench (He et al., 2024) 21K v X X v v v v X 1 X X X
MULTITuDE (Macko et al., 2023) 74K v X X v X v X X 11 X v X
M4 (Wang et al., 2024b) 245K v X v v X X v X 7 X X X
MAGE (Li et al., 2024) 448K v X v v v X 4 X 1 X X X
RAID (Dugan et al., 2024) 6,287K v X 4 v v v X X 1 X X X
Stumbling Blocks (Wang et al., 2024a) 10K v X X v v v X X 1 X v X
DetectRL (Wu et al., 2024) 235K v X v v v v v X 1 X X X
DETECTRL-X (Ours) | 3456K | v ooV v v v v ool o8 v v v

Table 1: Comparison of DETECTRL-X with existing benchmarks.

refined text remains categorized as LGT, and we
further analyze how additional refinement opera-
tions influence its detectability.

In this paper, we study the following questions:
(1) How do detectors perform in multilingual
and cross-lingual settings? (2) Which real-world
factors influence detector performance within
and across languages, and to what extent? (3)
Can detectors identify HLT and withstand di-
verse text refinement operations?

The proposed benchmark effectively addresses
the research objectives while posing significant
challenges to existing detection methods. Experi-
mental results reveal that statistical detectors gener-
ally struggle with multilingual LGT in the BINARY
task, whereas neural-based models achieve supe-
rior performance. Interestingly, in cross-lingual set-
tings, statistical methods exhibit relative stability,
while neural approaches experience a more acute
performance drop, particularly with the introduc-
tion of the HLT category. Furthermore, both de-
tector types deteriorate sharply under real-world
perturbations. The TERNARY task proves substan-
tially more demanding: most statistical methods
lose their efficacy, whereas neural architectures
demonstrate greater resilience, highlighting their
potential for future hybrid-text detection research.

In summary, our benchmark offers a comprehen-
sive evaluation of LGT detection across diverse
languages and scenarios. By exposing the limita-
tions of current detectors and the unique challenges
of HLT, this work paves the way for more robust
and equitable detection systems.

2 Related Work
2.1 Progress of LGT Detection

Current detection methods can generally be divided
into two main categories: neural-based methods
and statistical-based methods (Wu et al., 2025a).
Neural-based methods typically employ supervised
approaches, such as fine-tuning XLM-RoBERTa-

Classifier and mDeBERTa classifiers (Liu et al.,
2019; He et al., 2021). While these methods can
achieve relatively superior detection performance,
they heavily rely on large amounts of training data
and are prone to overfitting, which limits their abil-
ity to generalize effectively to out-of-distribution
(OOD) data (Li et al., 2024; Wu et al., 2025b). In
contrast, statistical-based methods focus on identify-
ing statistical features that can distinguish between
two types of text and use distribution thresholds for
classification, such as Log-Likelihood (Solaiman
et al., 2019), Log-Rank (Gehrmann et al., 2019),
DetectLLM-LRR (Su et al., 2023), GECScore (Wu
etal., 2025¢), ReviseDetect. (Zhu et al., 2023), Fast-
DetectGPT (Bao et al., 2024), Lastde++ (Xu et al.,
2025) Binoculars (Hans et al., 2024) and Repre-
guard (Chen et al., 2025b). Although these meth-
ods may require impractical white-box access to the
generator, their higher interpretability makes them
more convincing and trustworthy to end-users.

2.2 LGT Detection Benchmark

While significant strides have been made in LGT
detection benchmarks, existing efforts often rely on
idealized test data to evaluate performance across
domains and generators (Wu et al., 2025a). For
example, although TuringBench (Uchendu et al.,
2021) and MAGE (Li et al., 2024) offer large-scale
datasets spanning diverse domains, they remain
primarily English-centric and provide insufficient
simulation of challenging stress-testing scenarios.
Recent benchmarks like Stumbling Blocks (Wang
et al., 2024a), RAID (Dugan et al., 2024), and De-
tectRL (Wu et al., 2024), better align with real-
world conditions by introducing attack strategies
to simulate text rewriting and noise perturbations;
however, their scope is similarly confined to En-
glish. Multilingual efforts, such as M4 (Wang et al.,
2024b), broaden language coverage but suffer from
imbalanced and limited distributions across lan-
guages and domains. For example, although M4
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Figure 1: An overview of the structure of the DETECTRL-X. The benchmark comprises 3.46 million samples, making
it the largest known multilingual LGT detection dataset. It includes 8 languages, 6 domains, 4 generators, 8 attack
scenarios, 4 text-length granularities, and 3 types of refinement operations. The benchmark supports BINARY and
TERNARY classification tasks, and includes 8 evaluation dimensions comparing 12 representative detectors.

includes seven languages, most non-English sam-
ples are restricted to a single domain, and gener-
ator coverage is uneven, leading to unfair cross-
lingual comparisons. Similar multilingual bench-
marks, including HC3 (Guo et al., 2023) and MUL-
TITuDE (Macko et al., 2023), also focus primar-
ily on idealized detection settings and provide lim-
ited exploration of real-world stress scenarios and
their impacts across languages. Moreover, existing
benchmarks generally overlook the influence of text
refinement operations such as polishing, expansing,
and condensing applied to both HWT and LGT,
which can significantly obscure detection bound-
aries. To address these gaps, this study introduces
a general, scalable, and large-scale multilingual
benchmark framework aimed at constructing more
real-world evaluation environments and promoting
the development of robust and equitable detection
systems through systematic stress testing.

3 DETECTRL-X

3.1 Benchamrking Data Design
3.1.1 Task Definition

In this study, we extend and formalize the LGT
detection task. Traditionally, this task has been
formulated as a BINARY classification problem dis-
tinguishing between HWT and LGT. However, with
the growing use of LLMs for text refinement, many
real-world texts now often result from human-LLM
collaboration (Zhang et al., 2024). In practice,
HWT refined by an LLM is generally acceptable,
whereas purely LGT is typically restricted (Wu
et al., 2025a). To better reflect this real-world us-
age, we extend the detection task from BINARY to a
TERNARY setting that can also identify HLT. Specif-

ically, given a text ¢t € T, the traditional BINARY
and TERNARY detection functions are defined as:

fBinary : T — {HWT,LGT},
STernary © T — {HWT, HLT, LGT}.

The detector aims to learn an optimal function
f* maximizing accuracy over the data D:

fr=arg max E ol H{f(z) =y}]

where x denotes a input text and y €
{HWT,HLT,LGT} is its ground-truth label. To
capture text refinement in human—-LLM collabora-
tion, we define a set of representative operations
reflecting common LLM-assisted writing practices:

R = {rpa Te, Tc}a

where r,, 7, and 7. denote Polishing, Expanding,
and Condensing, respectively. Based on text source
and refinement process, the refined text categories
can be formally defined as:

HLT = r(HWT), LGT =r(LGT), r€cR.

This formulation enables systematic evaluation
of how refinement operations influence detection
performance and allows detectors to distinguish
HWT, HLT, and multi-step LGT more effectively,
clarifying the boundary between LLM-assisted writ-
ing and fully LLM-automated writing.

3.1.2 Languages

To evaluate the robustness and cross-lingual gen-
eralization of LGT detection methods, we col-
lect a dataset covering 8 languages from 5 lan-
guage families: English and German (Germanic),
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Spanish, French, and Portuguese (Romance), Rus-
sian (Slavic), Arabic (Semitic), and Chinese (Sino-
Tibetan). These languages differ significantly in
grammar, lexicon, and writing system, represent-
ing diverse linguistic structures and playing cru-
cial roles in global communication and business,
thus providing high practical value for detection
research. Based on language morphological rich-
ness and typological distance from English (Arnett
and Bergen, 2025; Kuribayashi et al., 2020), the se-
lected languages are grouped into three complexity
levels: high (Arabic, Russian, Chinese), medium
(German, French, Spanish, Portuguese), and low
(English). The classification criteria and linguistic
rationale are detailed in Appendix B.1.

3.1.3 Data Sources

We curated HWTs from 6 domains where LLMs
are widely used and prone to misuse: Academic
writing, News reporting, Novel creation, Search
Engine Optimization (SEO) content, Wikipedia en-
tries (Wiki), and general Web text (WebText) (Wang
et al., 2024b; Chen and Wang, 2025; Venkatraman
et al., 2025; Quaremba et al., 2025). To ensure au-
thenticity and avoid contamination from LGTs, we
collected samples exclusively from publicly avail-
able internet sources published prior to 2022 years.
We implemented multi-stage filtering strategies to
remove malformed texts, encoding errors, and en-
sure balanced representation across writing styles
and complexity levels within each domain. Detailed
descriptions of the specific data sources for each
domain are provided in Appendix B.2.

3.1.4 Generators

To ensure the diversity and representativeness
of the generated texts, we selected 4 main-
stream multilingual LLMs as generators, including
Deepseek-V3 (DeepSeek-Al et al., 2024), Gemini-
2.5-flash (Comanici et al., 2025), GPT-40 (OpenAl,
2023), and Qwen-Max (Yang et al., 2024). These
generators collectively support all 8 languages of
interest and represent the latest and most popular
technological advancements in the world, widely
used in various daily scenarios (OpenRouter, 2025).
Using them as text generators allows our evalu-
ation to more accurately reflect the performance
and robustness of detectors in real-world applica-
tions. Detailed generator configurations, prompt
templates, and parameter settings are provided in
Appendix B.3.

3.1.5 Revision Operations

To reflect real-world human-LLM collaboration,
we define three revision operations based on estab-
lished writing taxonomies (Faigley and Witte, 1981;
Coenen et al., 2021): (1) Polishing (improving flu-
ency and style); (2) Expanding (adding details and
elaboration); and (3) Condensing (removing redun-
dancies). These operations are applied to HWT to
create the HLT category and to LGT to test detector
robustness against post-processing. We consistently
use Qwen-Max as the revision assistant to ensure
high-quality, uniform data construction across all
languages. Detailed prompt templates and imple-
mentation settings are provided in Appendix B.7.

3.1.6 Attacks and Data A ugmentation

To comprehensively evaluate detector robustness
in practical scenarios, we propose a multilingual
data augmentation and attack framework that aligns
closely with real-world detection challenges. While
data augmentation is traditionally used to improve
model generalization (Wei and Zou, 2019; Chen
et al., 2023; Liang et al., 2026), we employ these
techniques as adversarial transformations to probe
the vulnerabilities of detection systems (Wu et al.,
2025a). The framework incorporates diverse para-
phrasing and perturbation strategies to enhance the
coverage and realism of existing benchmarks. Un-
like prior work, it ensures that all attack methods
are uniformly applicable across different languages,
providing a solid basis for multilingual LGT de-
tection research. The attack suite includes two
categories: (1) Paraphrase Attacks: These fo-
cus on semantic-preserving transformations (Kr-
ishna et al., 2023; Sennrich et al., 2016), includ-
ing Encoder Paraphrasing (EP), Seq2seq Paraphras-
ing (SP), Decoder Paraphrasing (DP), and Back-
Translation (BT); and (2) Perturbation Attacks:
These introduce fine-grained noise to the text (Wang
et al., 2024a), including Character Insertion (CI),
Character Substitution (CS), Character Deletion
(CD), and Zero-width Insertion (ZI). Detailed de-
scriptions and implementation details for attack
strategies are provided in Appendix B.4 and B.5.

Multiple Text Length Granularities To assess
length sensitivity, we generated semantically com-
plete sub-samples of 64, 128, 256, and 512 tokens
through spaCy-based sentence segmentation and
merging, representing diverse text-length scenarios.
Detailed procedures are provided in Appendix B.6.
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3.2 Data Statistics and Distribusion

The resulting DETECTRL-X dataset comprises
3,456,000 samples, with a 2:1 train-test split that
maintains a balanced distribution across all cate-
gories. Detailed statistics are described in Table 5
and Appendix C.

3.3 Evaluation Module Design

Our evaluation framework systematically assesses
the performance of detectors across 8 key dimen-
sions to comprehensively measure their robustness
and generalization capabilities. Based on the def-
inition of the detection task (§ 3.1.1), we have es-
tablished separate leaderboards for BINARY and
TERNARY classification tasks. The specific descrip-
tions of the 8 evaluation dimensions are as follows:

¢ In-Distribution Performance: Evaluates de-
tector within a mixed distribution across 8 lan-
guages, 6 domains, and 4 generators.

* Cross-Domain Performance: Evaluates gen-
eralization to unseen domains, across all gen-
erators and languages.

* Cross-Generator Performance: Evaluates
generalization to unseen generators, across all
domains and languages.

* Cross-Language Performance: Evaluates
generalization to unseen languages, across all
domains and generators.

* Cross-Paraphrase Performance: Evaluates
robustness against 4 paraphrase attacks, across
all domains, generators, and languages.

* Cross-Perturbation Performance: Evalu-
ates robustness against 4 perturbation attacks,
across all domains, generators, and languages.

¢ Cross-Length Performance: Evaluates ro-
bustness to 4 text length granularities, across
all domains, generators and languages.

* Cross-Operations Performance: Evaluates
robustness to 3 text refinement operations,
across all domains, generators and languages.

Evaluation Metrics We adopt two primary eval-
uation metrics: Best F} Score (FlB) and F; at
False Positive Rate = 0.01 (FIF ), both calculated
using macro-averaging. The F'Z metric captures
the optimal balance between precision and recall,
the optimal threshold is determined by maximizing

Youden’s J statistic on the training set, reflecting
the detector’s overall performance. The F" metric
measures the F score at a fixed low false positive
rate (FPR = 0.01), highlighting the detector’s relia-
bility in scenarios with minimal tolerance for false
positives. The threshold 7 is calibrated on the train-
ing set and evaluated on the test set. Alongside our
multi-dimensional framework, this metric ensures
a evaluation of both effectiveness and practical us-
ability.

4 Experiment

4.1 Detection Methods

To comprehensively evaluate the performance of
various detection methods across diverse appli-
cation scenarios, we select a representative set
of detectors covering both statistical and neural-
based state-of-the-art (SOTA) approaches. The
evaluated methods include Log-Likelihood (So-
laiman et al., 2019), Log-Rank (Gehrmann et al.,
2019), DetectLLM-LRR (Su et al., 2023), GEC-
Score (Wu et al., 2025c¢), ReviseDetect (Zhu et al.,
2023), Fast-DetectGPT (Bao et al., 2024), Binoc-
ulars (Hans et al., 2024), Lastde++ (Xu et al.,
2025), RepreGuard (Chen et al., 2025b), XLM-
RoBERTa-Classifier (X-Rob-Classifier, Liu et al.
(2019)), mDeBERTa-Classifier (He et al., 2021),
and Biscope (Guo et al., 2024). Since LLMs in
real-world applications typically operate as black-
boxes and are inaccessible, watermarking methods
are excluded from our evaluation scopes. Detailed
descriptions and implementation details of each
detector are provided in Appendix E.1.

4.2 LeaderBoard and Results
4.2.1 Main Results

We evaluate existing detectors on DETECTRL-X,
the results are shown in Table 2. Higher average
scores indicate stronger generalization and practical
performance across diverse detection scenarios.
Overall, neural-based detectors consistently out-
perform statistical-based detectors on both the Bi-
NARY and TERNARY leaderboards, showing con-
sistent ranking trends across the two classifica-
tion tasks. X-Rob-Classifier and mDeBERTa-
Classifier achieve the best results: X-Rob-Classifier
ranks first on the BINARY leaderboard with aver-
age FP and F}" scores of 95.58% and 91.31%,
while mDeBERTa-Classifier leads on the TERNARY
leaderboard with 87.68% and 81.10%, and ranks
second on the BINARY leaderboard with 95.48%
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BINARY

In-

Cross-

Cross-

Cross-

Cross-

Cross-

Cross-

Cross-

Distribution Domain Generator Language Paraphrase Perturbation Length Operation Avg. Rank

P F K K F F FP F K K PP FF FP F K F R FF
Log-Likelihood 66.89 38.09 6476 41.17 6596 38.08 62.68 4689 3295 3574 26.84 33.12 5882 3533 63.07 34.10 5525 37.81 10
Log-Rank 6721 39.94 6521 4303 66.12 3994 63.55 4741 39.62 3538 28.05 33.12 5837 3599 63.07 3432 | 5640 38.64 9
DetectLLM-LRR 69.05 17.83 6726 2032 6686 17.77 68.14 22.16 4045 3589 3637 3348 5625 3847 59.71 37.14 [ 58.01 27.88 8
Fast-DetectGPT 5422 4243 53.69 43.06 54.10 4245 53.18 43.67 4289 36.73 30.88 33.31 5643 4737 4076 3499 | 4827 40.50 11
Lastde++ 3898 33.54 3798 33.62 3886 33.54 3817 3358 53.12 3508 39.76 3377 3623 3339 36.65 3344 39.97 12
Binoculars 75.87 59.75 7554 5837 7587 59.75 73.65 6051 5348 41.11 4562 36.17 7489 66.18 7048 51.62 6
Revise-Detect 8240 0.00 8195 22.05 8237 0.00 8003 000 1828 0.00 0.33 0.00 41.33 000 79.61 0.00 [58.29 7
GECScore 8322 61.74 81.69 66.17 8328 61.66 7840 6559 38.01 33.61 31.02 3341 73.83 59.05 9136 77.66 4
RepreGuard 7321 5695 78.07 59.54 7409 5390 5424 47.68 6637 4686 66.17 50.11 71.01 50.68 75.65 59.88 5
X-Rob-Classifier 99.95 99.50 9476 8499 99.19 99.10 96.62 8835 7732 64.13 97.92 9634 9890 9842 99.94 99.65 1
mDeBERTa-Classifier  99.96  99.50 96.04 90.87 99.33 99.15 97.63 9570 7343 63.88 9826 9793 9920 98.86 99.97 99.72 2
Biscope 92.85 83.66 89.44 7404 9139 79.07 79.94 62.09 5776 37.62 57.39 33.38 81.09 5695 90.62 82.17 3

TERNARY
In- Cross- Cross- Cross- Cross- Cross- Cross- Cross- Av Rank

Distribution Domain Generator Language Paraphrase Perturbation Length Operation &

oo v v v F F° F F°P F rF K F F F Ff
Log-Likelihood 42.63 3590 3926 3526 41.05 3518 3895 3326 27.86 21.27 2125 1503 36.86 31.10 4221 3563 | 3626 30.33 8
Log-Rank 43.03 36.15 3933 3538 41.36 3529 3974 3397 2858 21.23 2262 1534 3959 31.02 4151 2123 3697 28.70 7
DetectLLM-LRR 38.88 3533 3737 3471 3931 3473 3822 3448 2613 2156 23.09 1948 3639 3034 36.62 3505 3450 30.71 9
Fast-DetectGPT 32,14 27.81 2941 2679 2753 2574 30.62 2686 2636 2196 19.00 17.08 3045 2688 2941 27.88 2812 25.12 10
Lastde++ 16.67 16.67 20.36 17.01 17.38 16.87 19.14 1694 16.67 16.67 19.00 17.08 16.69 16.69 16.67 16.67 1782 16.83 12
Binoculars 44.06 3297 4657 3498 4566 3599 4605 3622 3263 21.75 29.67 18.69 4231 3222 4598 3550 @ 41.62 31.04 6
Revise-Detect 56.05 46.12 50.77 4144 56.15 4635 5239 4465 3122 1926 2898 1678 4443 3469 5403 4645 4675 3697 5
GECScore 56.60 42.61 5326 5030 56.04 4844 5329 4877 31.03 1593 30.07 14.54 4722 2880 5529 3941 | 47.85 36.10 4
RepreGuard 2333 17.06 3504 2790 30.11 2047 2880 2851 2519 17.85 2039 1691 2671 20.15 3028 22.12 2748 21.37 11
X-Rob-Classifier 9440 93.04 73.01 5051 8885 8022 69.12 4882 77.03 70.06 9525 94.67 8532 7992 7927 8177 2
mDeBERTa-Classifier  96.81 9581 79.17 6148 9207 88.06 7626 59.17 8525 79.11 97.22 96.18 92.14 88.53 8252 8047 1
Biscope 70.10 49.60 63.82 4156 67.03 4544 5346 3478 4875 26.19 5594 29.00 5517 28.15 6325 4856 [59.69 3791 3

Table 2: DETECTRL-X Leaderboard. This leaderboard evaluates the robustness performance of different detectors
in multilingual real-world settings and is divided into two sub-leaderboards: BINARY and TERNARY classification. It
provides insights for developers with varying detection objectives.

and 93.20%, respectively. Even the weaker neural-
based detector, Biscope, performs well, achieving
average F} and F" scores of 80.06% and 63.62%
(BINARY) and 59.69% and 37.91% (TERNARY), sur-
passing the best statistical-based detector, GEC-
Score, by 9.96% and 11.84% in F}?, and by 6.26%
and 1.81% in F{". These results show that neural-
based detectors are significantly more robust and
adaptable in multilingual and real-world conditions,
while statistical-based detectors experience notable
performance degradation in complex mixed distri-
butions and distribution shifts.

4.2.2 Challenges and Findings

Limitations of Statistical-Based Detectors.
Even in the In-Distribution setting, statistical-based
detectors struggle with data spanning multiple
domains, generators, and languages, achieving an
average FlB score of 67.89%. The best-performing
system, GECScore, reaches only 83.22%, indicat-
ing a lack of robustness to real-world heterogeneity.
The main reason is that most existing studies evalu-
ate detectors within single domains or generators,
leading to an overestimation of their effectiveness.
This highlights the need for comprehensive and
complex evaluation settings and benchmarks.

Cross-Lingual Generalization Challenge. a
Neural-based detectors experience substantial
degradation in cross-lingual settings, revealing lim-

ited transferability across languages. In BINARY, the
average F? drops from 95.3% to 91.4% (| 3.9%),
while in TERNARY, the decline is more pronounced,
falling from 87.10% to 66.28% ({. 20.82%), with
strong mDeBERTa-Classifier dropping 20.55%. In
contrast, statistical-based detectors show smaller av-
erage decreases (around 4.8% for BINARY and 0.7%
for TERNARY) but exhibit higher result variance,
highlighting the need for language-invariant feature
modeling and stronger cross-lingual robustness.

Focus More on Cross-Domain than Generator.
Our findings reveal that Cross-Domain is more chal-
lenging than Cross-Generator. In BINARY, the aver-
age FlB of neural-based detectors drops by 2.95%,
compared to only 0.78% in Cross-Generator. In
TERNARY, the gap widens further, with the perfor-
mance of the powerful mDeBERTa-Classifier de-
creasing by 18.2%, far exceeding its 4.9% decline
in Cross-Generator. These results show that while
detectors remain relatively stable across generators,
they experience sharp performance degradation un-
der domain shifts, making Cross-Domain general-
ization a critical performance bottleneck.

Vulnerability to Paraphrase and Perturbation.
Both paraphrase and perturbation substantially de-
grade detector performance. In BINARY, neural-
based detectors’ F? scores drop by 28.1% and
13.1% in Cross-Paraphrase and Cross-Perturbation,
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Figure 2: In-Distribution Performance of Different Detectors on Different Languages.

respectively, while in TERNARY, the declines are
16.8% and 4.3%, respectively. Paraphrase con-
sistently exerts a stronger effect than perturbation
in both settings, with a more pronounced impact
in BINARY than in TERNARY. Statistical-based de-
tectors suffer greater performance losses (25-40%
for BINARY and 13-27% for TERNARY) due to fea-
ture distribution drift. Despite better performance,
neural-based detectors still experience drops of up
to 35.5% under such perturbations, revealing lim-
ited robustness to semantic and surface variations
in multilingual contexts.

Sensitivity to Length and Operation Variations.
Variations in text length and operations reduce de-
tection robustness. In BINARY, neural-based detec-
tors’ FIB scores drop by around 4.5% and 1% under
Cross-Length and Cross-Operation, respectively.
In TERNARY, the averages decline by 11.9% and
13.4%, with the best mDeBERTa-Classifier drop-
ping by 4.96% and 14.29%. Greater variation in
text length and operations weakens detector discrim-
inability, particularly in TERNARY. Statistical-based
detectors exhibit larger decreases (around 35-40%
for both BINARY and TERNARY), indicating limited
adaptability to text length and operation variations.

Intrinsic Difficulty of TERNARY Task. Across
all experiments, TERNARY is more challenging
than BINARY detection. Under In-Distribution,
statistical-based detectors’ F? drops from 67.9%
to 39.3% ({ 28.6%), while neural-based detectors
decrease from 97.6% to 87.1% (J 10.5%). For
the overall average results, statistical-based show a
23.0% decrease (from 58.3% to 35.3%) and neural-
based detectors a 13.7% decrease (from 90.4% to
76.7%). In Cross-Domain, Language, Paraphrase,
Length, and Operation challenges, this performance
gap further widens due to blurred boundaries and
feature overlap among LGT, HWT, and HLT. Al-
though the mDeBERTa-Classifier achieves an F}P
score of 87.68% in TERNARY, it shows strong poten-
tial but still requires further optimization for practi-
cal deployment. Overall, TERNARY better reflects

hybrid authorship and reveals the performance lim-
itations of current methods.

Usability Gaps Under Low False Positive Rate.
We find that many detectors achieve high F'Z but
drop sharply in FlF , revealing difficulty in main-
taining accuracy under strict reliability constraints.
For instance, GECScore and Binoculars show de-
clines of 12.7% and 14.0% from FZ to FiF'. Since
real-world applications such as academic integrity
checks and content safety require minimal false pos-
itives, both metrics should be considered to ensure
detectors are not only accurate but also reliable.

5 Analysis across Different Languages

This section analyzes representative detectors to
reveal their strengths and weaknesses across differ-
ent languages. The selected detectors include De-
tectLLM-LRR (gray-box statistical-based method
using simple logit features), Binoculars (gray-box-
based statistical method using contrastive logit fea-
tures), GECScore (black-box statistical method),
and mDeBERTa-Classifier (neural-based method).
These detectors achieve the best performance in
their respective categories, making them suitable
candidates for detailed comparative analysis.

5.1 ID Performance on Different Languages

In the In-Distribution (ID) setting, the average F}°
results by language complexity are shown in Fig-
ure 2. High, medium, and low-complexity lan-
guages achieve F® scores of 81.9%, 83.5%, and
80.5% in BINARY, and 58.9%, 57.7%, and 59.9%
in TERNARY, respectively. The variations in perfor-
mance across language complexity levels remain
within +3%, indicating that language complex-
ity has minimal impact on detection performance.
mDeBERTa-Classifier performs best across all lan-
guages, exceeding 99% in BINARY and about 95% in
TERNARY. GECScore, Binoculars, and DetectLLM-
LRR show slightly lower FlB on high-complexity
languages than on other languages, with perfor-
mance gaps of only 1% to 5%. At the single-
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language level, the detectors perform best in Ara-
bic, achieving % of 85.6% and 63.4%, while they
perform worst in Russian, with 80.5% and 53.6%.
Despite both being high-complexity languages, this
supports that there is no clear correlation between
linguistic complexity and detection performance.

5.2 Cross-Language Generalization on
Different Languages

GECScore: Binal DeBERTa-Classifier: Binary
ﬁ . :
o
s

60 S
DetectLLM-LRR: Trinary ~ Binoculars: Trinary GECScore: Trinary  DeBERTa-Classifier: Trinary 5
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Figure 3: Generalization Performance of Different De-
tectors Across Languages.

We evaluated detectors’ generalization across
languages differing in linguistic complexity and
family affiliation (Table 15). The overall trend
shows that as linguistic complexity increases, gen-
eralization performance declines, and this degrada-
tion becomes even more pronounced when mov-
ing BINARY to TERNARY. Among all detectors,
mDeBERTa-Classifier exhibited the highest stabil-
ity in BINARY, with an average F! 1B of 97.22%, only
2.42% lower than its In-distribution performance.
In contrast, DetectLLM-LRR, Binoculars, and
GECScore showed larger declines of 6.70%, 8.41%,
and 15.78%, respectively. Generalization between
low and medium-complexity languages is relatively
stable. In contrast, for high-complexity languages
(e.g. Arabic, Russian, Chinese), statistical-based
methods drop by about 17%, whereas mDeBERTa-
Classifier remains above 95%. Cross-language
family transfer introduced an additional challenge.
When transferring from Indo-European to Semitic
or Sino-Tibetan languages, the average F{® of
all detectors reduced from 65-75% to 40-55%,
corresponding to an average loss of 19.15%. In
TERNARY, the best detector (mDeBERTa-Classifier)
achieves 76.26% overall, with a 21.37% drop from
BiNnaRY and a 20.55% drop from In-distribution
of TERNARY, further underscores the significant
cross-lingual challenges introduced by HLT, which
render detectors highly robust in BINARY nearly
ineffective in TERNARY.

5.3 Cross-Domain on Different Languages

We evaluated four detectors in both BINARY and
TERNARY settings across six domains (Figure 4).
In the BINARY task, domain variation exhibited
minimal impact, with the performance gap be-
tween formal domains (e.g., Academic) and infor-
mal ones (e.g., SEO, WebText) remaining below
2%. Among the evaluated models, mDeBERTa-
Classifier demonstrated the highest stability, achiev-
ing an average ¥ of 97% in BINARY and 78%
in TERNARY classification. The 19% performance
degradation suggests that the introduction of HLT
significantly amplifies domain sensitivity.In con-
trast, statistical-based detectors yielded F{® scores
ranging from 60% to 85%, with marginal domain-
induced fluctuations. While their performance
dropped by ~5% across domains upon incorporat-
ing HLT, the mDeBERTa-Classifier fluctuated by
only approximately 2%, further underscoring its ro-
bustness against domain shifts. Linguistic analysis
revealed a similar trend: while Indo-European lan-
guages yielded consistent results, languages such as
Chinese, Arabic, and Russian saw a 3—7% decline
for statistical methods, likely due to their heavier
reliance on domain-specific features and limited
cross-lingual generalization.

5.4 Cross Attacks on Different Languages

We evaluated detector robustness across 8 attack
strategies in different languages (Figure 5a). Across
all detectors and languages, average F® scores
ranged from 39% under Seq2Seq paraphrasing to
58% under Back-Translation, indicating that at-
tack strategy was the primary factor driving perfor-
mance variation. In BINARY, the performance gap
between categories was narrow: perturbation aver-
aged 53.6%, while paraphrasing averaged 50.0%.
In TERNARY, paraphrasing attacks proved more dis-
ruptive, reducing the aggregate F7 to 38.7%, com-
pared to 41.8% for perturbations. This shift sug-
gests that the HLT category specifically complicates
the decision boundary for rewritten text, moving
the primary threat from surface-level noise to deep
semantic consistency. Across languages, mean F}%
values were broadly similar, ranging from 41.1% in
Russian to 46.8% in Chinese, a modest 5% gap indi-
cating general cross-lingual stability. However, Chi-
nese and Arabic exhibited higher variability across
attack types (o =~ 24.1%) than Indo-European lan-
guages (0 ~ 19.8%), indicating that higher linguis-
tic complexity increases attack sensitivity.
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Figure 4: Multilingual Performance of Detectors Across Training Domains.
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5.5 Cross Length and Operation on Different
Languages.

We evaluated detector robustness across 4 length
granularities and 3 text refinement operations.

Text Length. As illustrated in Figure 5b, detec-
tion performance correlates positively with text
length, confirming that expanded context improves
reliability. The mDeBERTa-Classifier consistently
yields the highest and most resilient FlB scores,
scaling from 96% to nearly 100% in BINARY and
from 66% to 97% in TERNARY tasks. Conversely,
statistical detectors exhibit lower and more volatile
performance. Notably, linguistic complexity influ-
ences initial accuracy: complex languages (e.g.,
Arabic, Russian, and Chinese) yield lower scores for
short texts (45-55%) compared to others (55-65%).
However, this gap narrows as length increases, with
scores converging to 65-73% in BINARY. This
suggests that sufficient context can mitigate cross-
linguistic performance disparities.

Refinement Operations. Cross-operation anal-
ysis reveals significant language-dependent vari-
ances. The mDeBERTa-Classifier maintains near-
perfect ng scores (99.8%-100%) across all lan-
guages, demonstrating superior cross-lingual con-
sistency. In contrast, statistical detectors remain

English Chinese Spanish Arabic
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Length
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Length
German

F1-Score

64 128 256 512 64
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(b) Robustness Comparison of Detectors Against Different
Text Lengths Across Classification Tasks.

sensitive to linguistic variation; for instance, Binoc-
ulars scores ~60% for Arabic and Chinese but
~75% for English and German. Among opera-
tions, Expanding induces the most substantial per-
formance degradation (15-25% lower than other op-
erations), particularly in complex languages. Con-
densing shows moderate impact, while Polishing
remains the least disruptive, likely because it pre-
serves essential stylistic cues while introducing min-
imal character perturbations.

6 Conclusion

In this paper, we present DETECTRL-X, a mul-
tilingual benchmark for evaluating the effective-
ness and robustness of LGT detectors under real-
world scenarios. It extends the traditional BINARY
task to a TERNARY classification that distinguish-
ing HLT cases. Results reveal that current detec-
tors exhibit major weaknesses in multilingual and
real-world settings. We further analyze the actual
factors and extent that affect performance, and pro-
vide insights into multilingual robustness through
cross-language comparisons. Additionally, DETEC-
TRL-X provides a multilingual data-augmentation
framework for building adversarial benchmarks,
advancing research toward more fair, robust, and
real-world-oriented detection.
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Limitations

Considering the rapid innovation in LLMs, we ac-
knowledge that the time relevance of our bench-
marking may be a potential limitation. Due to
the swift advancements in LLMs, the text gener-
ated by these models may become increasingly in-
distinguishable from human-written text, posing
greater challenges. Although we have used the most
cutting-edge models available to mitigate the im-
pact of model updates, this remains a concern.

Another related limitation is the diversity of lan-
guages. Our current benchmark includes only eight
commonly used languages and does not cover a
broader range of regional languages. This decision
was made due to the difficulties in data collection
and the practical value of the languages included. In
future work, we plan to incorporate a more diverse
set of language resources to guide the development
of more globally applicable detectors.

Furthermore, our benchmark primarily evalu-
ates LLMs as standalone generators, overlook-
ing complex integrated scenarios like Retrieval-
Augmented and Multi-Agent Generation. Such
dynamic workflows can produce hybrid statistical
signatures (Chen et al., 2025a; Jiang et al., 2025;
Zhang et al., 2026) that lie beyond the scope of this
study and are left for future work.

Ethical Considerations

The release of DetectRL-X is intended to advance
research on the robustness of LLM-generated text
detection, particularly within multilingual and real-
world scenarios. While we acknowledge the poten-
tial risks of misuse associated with open-sourcing
dataset construction frameworks and attack strate-
gies, such as circumventing existing detection sys-
tems or developing adversarial mechanisms, we
maintain that providing transparent stress-testing
benchmarks and attack paths is crucial for estab-
lishing more resilient defense architectures.

Regarding data ethics, although we have em-
ployed a rigorous cleaning process involving auto-
mated filtering combined with LLM-as-a-judge and
human review to mitigate Personally Identifiable
Information and offensive content, residual risks
may still exist. Consequently, the use of this dataset
and technical framework is strictly restricted to non-
commercial academic research purposes. We urge
researchers to exercise caution during utilization
and encourage users to promptly report any prob-
lematic content identified.
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A The Use of LLMs

We used LLMs responsibly and within specific lim-
its for this work. Experimentally, LLMs were used
to generate data for training and evaluation. For the
writing process, they served solely to assist with
grammar checking and linguistic refinement. It is
important to clarify that the research design and the
original draft were written entirely by humans.

B Data collection

B.1 Language Complexity Classification

To assess how linguistic differences influence model
representation and detection behavior (Arnett and
Bergen, 2025; Kuribayashi et al., 2020), We cat-
egorize the eight examined languages into three
levels of complexity: high, medium, and low, based
on their morphological richness and typological
distance from English .

Classification Criteria

* Morphological Richness: The degree of in-
flectional and derivational variation. Highly
morphological languages (eg, Arabic, Rus-
sian) increase token diversity and complicate
subword segmentation, posing challenges for
detector robustness compared to analytic lan-
guages.

* Typological Distance from English: This
metric accounts for differences in syntax (word
order), script, and language family. Languages
more distant from the English-centric training
data of most LLMs often exhibit distinct rep-
resentation patterns in latent space.

Language Grouping

* High-complexity languages: Arabic, Rus-
sian, Chinese. These languages exhibit ex-
tensive morphology (e.g., non-concatenative
morphological systems in Arabic), flexible or
non-linear syntax (e.g., free word order in Rus-
sian), and unique writing systems (e.g., logo-
graphic characters in Chinese). Such charac-
teristics increase representation difficulty and
tokenization cost.

* Medium-complexity languages: German,
French, Spanish, Portuguese. These lan-
guages display moderate inflectional varia-
tion and relatively regular syntactic structures.
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Morphological agreement and verb conjuga-
tion create some modeling challenges but gen-
erally follow predictable grammatical patterns.

* Low-complexity language: English. English
features simplified morphology, fixed word
order, and high encoding efficiency, imposing
minimal modeling overhead and serving as a
baseline for cross-lingual comparison.

Relevance to Detection Tasks This classification
provides a structured basis for analyzing how lin-
guistic variability affects model performance and
cross-lingual transferability. High-complexity lan-
guages generally pose greater challenges for to-
kenization and feature extraction, whereas low-
complexity languages often yield more stable de-
tection and stronger transfer performance.

B.2 Human-Written Data Resources

We collected diverse human-authored texts from
multiple representative and discriminative LLM ap-
plication scenarios to construct a benchmark corpus
that encompasses a wide range of linguistic features
and writing styles, aiming to comprehensively eval-
uate detectors’ ability to identify authentic human
creations with different writing styles and content
characteristics.

The selected datasets cover six major writing
domains: academic writing (Academic), news re-
porting (News), novel creation (Novel), search en-
gine optimization texts (SEO), encyclopedia entries
(Wiki), and web texts (WebText). This diversified
data selection strategy holds significant importance
for Al detection tasks: academic texts exhibit rigor-
ous logical structures and domain-specific knowl-
edge expression; news reporting reflects objective
and standardized journalistic writing styles; novel
works present creative narrative techniques and rich
emotional expression; SEO texts demonstrate spe-
cific writing techniques optimized for search engine
algorithms, including keyword placement, meta de-
scription optimization, and other technical writing
features; encyclopedia entries embody accurate and
concise knowledge-based writing characteristics;
web texts represent the diverse language usage pat-
terns in daily communication.

By integrating these different types of textual
resources, we constructed a comprehensive bench-
mark corpus that covers various linguistic features
and writing styles, providing a solid data founda-
tion for training robust LLM-generated text detec-
tors. The specific statistical information, collection

methods, and technical details of each dataset are
as follows:

Academic Writing We collected academic pa-
pers from the Directory of Open Access Journals
(DOAJ)?, a community-curated directory contain-
ing high-quality, peer-reviewed open access jour-
nals across all disciplines. We extracted and pro-
cessed PDF documents to obtain clean textual con-
tent.

News News articles were primarily sourced from
reputable international news media outlets, includ-
ing BBC? and other major news organizations, en-
suring professional journalistic standards and Oper-
ationorial quality across multiple languages.

Novel Creative fiction texts were extracted from
Common Crawl,* a publicly available web archive
containing crawled web data. We identified and
extracted novel excerpts, short stories, and other
creative writing content.

SEO Search engine optimization content was ob-
tained from two sources: publicly available web
content optimized for search engines, and propri-
etary high-quality SEO materials from the authors’
affiliated organization.

Wiki Encyclopedia entries were collected from
Wikipedia,® ensuring balanced representation
across various topics and languages while maintain-
ing Wikipedia’s characteristic encyclopedic writing
style.

WebText General web content was also sourced
from Common Crawl, representing diverse writ-
ing styles found in blogs, forums, and other online
platforms.

All human-written data were collected from
sources published before 2022 years to avoid po-
tential contamination from LLM-generated content.
We implemented a systematic three-stage filtering
pipeline to ensure data quality. First, we applied lan-
guage identification to filter out texts not matching
our target eight languages, ensuring all collected
samples conform to our designated language set.
Second, we performed length-based filtering to re-
move excessively short and long texts, retaining
only samples within a practical and usable length
range. Third, we computed the perplexity (PPL) for

"https://doaj.org

*https://www.bbc.com

*https://commoncrawl.org
“https://www.wikipedia.org
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each text using pre-trained language models and fil-
tered out samples with excessively high PPL values
as well as a small portion of samples with extremely
low PPL values, which may indicate anomalous or
formulaic content.

B.3 Generators Used and Generation Settings

We employed four state-of-the-art language models
as text generators: GPT-40, Gemini, DeepSeek-V3,
and Qwen-Max. These models represent leading
commercial and open-source LLMs with diverse
architectural designs and training methodologies,
reflecting the full spectrum of synthetic text charac-
teristics that detection systems might encounter in
real-world scenarios, while also being the most com-
monly selected models in people’s daily usage. This
section details the selected generator models, their
architectural characteristics, and the specific gener-
ation parameters and engineering strategies used to
produce synthetic texts for benchmark evaluation.
The models we sampled are shown in Table 3.

API Service Version
gpt-40-2024-11-20
gemini-2.5-flash
deepseek-chat
gqwen-max-2025-01-25

Generator

GPT-40 OpenAl
Gemini-2.5 Google
DeepSeek-V3  DeepSeek
Qwen-Max Alibaba

Table 3: Details of the generative models that is used to
produce LLM-generated text.

Throughout all text generation tasks, we set the
temperature parameter to 1 to promote more diverse
and rich text generation. For different domain data,
we designed distinct prompts to guide model syn-
thesis, with each language having its own version
to better activate the model’s linguistic capabilities.
To construct more challenging detection texts that
closely resemble human daily usage scenarios, we
employed a two-stage “summarize-generate” frame-
work. Specifically, we first invoked the LLM to
summarize human-written texts into a single sen-
tence, then prompted the LLM to regenerate con-
tent based on this summary, thereby significantly
enhancing the prior probability of consistency with
human sample distributions. Our results reveal that
this data construction method presents significant
challenges to existing detectors. The following are
the “summarize-generate” instructions adopted for
different domain texts:
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Prompt for Summarizing in English

System: You are an expert in creating accurate and
concise summaries in English. Your task is to create
summaries that capture the main points and essence of
the original text, while maintaining clear and coherent
style.

User: Please create a concise summary of the follow-
ing text in English. The summary should: - Capture
the most important points and significant events - Pre-
serve narrative coherence if it’s a story - Be consid-
erably shorter than the original text - Use clear and
fluent language

Text to summarize: {original_text}

Summary:

Prompt for Summarizing in Arabic

System: 8yaixog 48185 Hlasle sLu»lus)J.owl
bladl baidi Wlasde clinl o cliagoe Ayl &l

Oslul Lle blasdl go (Lol paill azg duusd)ll
wlaieg zus

User: d2llb U.lb.” vaill paize yaxle it G=p
bladl eal bladl - :panlel Jodn ol o doyall
ol clwladl Lo Blasl - duonl yis3l las3lg
vl B Sy padl K9Sy O - dad padll YIS 13]
duausdi slyall Gadl{original _text}

luasdall

Prompt for Summarizing in Chinese

System: &AL PSR EE K. R
RUAT 55 2 A vERf . VR Y ST 2, RERS IR
JECSCHY 2 B S R O Y, TR ARl 8 T
TR IB R .
User: 1 4 DA SCAS A1) gd — AR5 1) H SCfs 2
TR - ‘(Eﬁﬁ?ﬁﬁﬂ%ﬁ%m%“ﬁﬂf?&%m
HF - NBERE R, HRRRSUR R E ST
kr%ﬁﬁifﬂ?@i 4 V& AL i G R SR

ﬁﬁ%ﬁi% HYSCAS: {original_text}

Prompt for Summarizing in French

System: Vous étes un expert dans la création de ré-
sumés précis et concis en francais. Votre tiche est de
créer des résumés qui capturent les points principaux
et I’essence du texte original, tout en maintenant un
style clair et cohérent.

User: Veuillez créer un résumé concis du texte suivant
en frangais. Le résumé doit : - Capturer les points les
plus importants et les événements les plus significatifs
- Préserver la cohérence narrative s’il s’agit d’une his-
toire - Etre considérablement plus court que le texte
original - Utiliser un langage clair et fluide

Texte a résumer :{original_text}

Résumé :



Language News Webtext Wiki Novel SEO Academic
English news web Wikipedia narrative or SEO-optimized academic
article content article fiction text content writing
e
(Chinese) MEAGE  MITAAE ERSRE MEEE BRIIEANE ARG
duall ;
(Arabic) Jbo S9i>w0 Jbo ol $mw yai PO (§GIx0 QLS .
bl 9 VISP > Coul wlSimal  deanlsl
Francais ; )
(French) article de contenu article texte narratif ou contenu rédaction
presse web Wikipédia de fiction optimisé pour le  académique
référencement
Deutsch
(German) Nachricht- Web- Wikipedia-  Erzihltext oder ~ SEO-optimierter wis-
enartikel Inhalt Artikel Fiktion Inhalt senschaftliches
Schreiben
Portugués
(Portuguese) artigode  conteido  artigoda  texto narrativo conteido escrita
noticias web Wikipédia ou ficcao otimizado para académica
SEO
Pycckunii
(Russian) HOBOCT- Be6- CTaThsd XynoxkectBeH-  SEO-KOHTeHT Hay4Has
Has KOHTeHT Buxkwnmne- HBIV TEKCT CTaThs
CTaThs bis2178
Espaiiol
(Spanish) articulo contenido articulo texto narrativo o contenido Escritura
de web de de ficcién optimizado para  académica
noticias Wikipedia SEO

Table 4: Text Category Descriptions.

Prompt for Summarizing in German

System: Sie sind ein Experte fiir die Erstellung
préiziser und prignanter Zusammenfassungen auf
Deutsch. Thre Aufgabe ist es, Zusammenfassungen zu
erstellen, die die Hauptpunkte und das Wesentliche
des urspriinglichen Textes erfassen und dabei einen
klaren und kohérenten Stil beibehalten.

User: Bitte erstellen Sie eine prignante Zusammen-
fassung des folgenden Textes auf Deutsch. Die Zusam-
menfassung sollte: - Die wichtigsten Punkte und be-
deutendsten Ereignisse erfassen - Die narrative Ko-
hirenz bewahren, falls es sich um eine Geschichte
handelt - Deutlich kiirzer als der urspriingliche Text
sein - Eine klare und flieBende Sprache verwenden
Zu zusammenfassender Text: { original_text}
Zusammenfassung:

Prompt for Summarizing in Portuguese

System: Vocé € um especialista na criacdo de resumos
precisos e concisos em portugués. Sua tarefa € criar re-
sumos que capturem os pontos principais e a esséncia
do texto original, mantendo um estilo claro e coerente.
User: Por favor, crie um resumo conciso do seguinte
texto em portugués. O resumo deve: - Capturar os pon-
tos mais importantes e os eventos mais significativos
- Preservar a coeréncia narrativa se for uma histdria -
Ser consideravelmente mais curto que o texto original
- Usar linguagem clara e fluida

Texto para resumir:{original_text}

Resumo:
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Prompt for Summarizing in Russian

System: BbI 9KCIIEPT IO CO3[IaHMIO TOUHBIX U
KpaTKMX pe3loMe Ha PyCCKOM sI3bIKe. Baila 3aia-
ya - C03[1aBaTh pe3ioMe, KOTOpbIe OTPaKAIOT OC-
HOBHbIE MOMEHTHI ¥ CYTb MCXOIHOTO TEKCTA, CO-
XpaHsIS TIPY 9TOM SICHBIN U TIOC/Ie0BATETbHbIN
CTUJTb.

User: ITloxkanyiicra, co3maiiTe KpaTkoe pesioMe
CJIEYIONIET0 TEKCTA Ha PYCCKOM sI3biKe. Pe3io-
Me JOJKHO: - OTpaskaTh Haubojiee BaskHbIe MO-
MEHTBI ¥ 3HauUMMble COObITHS - COXPAHSTh MO-
BECTBOBATEIbHYIO CBSI3HOCTb, €C/TU 3TO UCTOPUS
- BBITh 3HAUMTETBHO KOPOYE MCXOZHOTO TEKCTA -
Hcrionb30BaTh SICHBIN U TJIaBHBII S3bIK

TekcT nnst pedepupoBanms: {original_text}
Pesome:

Prompt for Summarizing in Spanish

System: Eres un experto en crear resimenes concisos
y precisos en espaifiol. Tu tarea es generar resimenes
que capturen los puntos principales y la esencia del
texto original, manteniendo un estilo claro y coher-
ente.

User: Por favor, crea un resumen conciso del sigu-
iente texto en espafiol. El resumen debe: - Capturar
los puntos principales y eventos mds importantes -
Mantener la coherencia narrativa si es una historia -
Ser significativamente mds breve que el texto original
- Usar un lenguaje claro y fluido

Texto a resumir: {original_text}

Resumen:



Prompt for Generating in English

System: You are an expert English writer with great
creativity. Your task is to compose original texts based
on a summary, with the freedom to develop and enrich
ideas. You should aim for a target length and use
your own writing style, always ensuring impeccable
grammar.

User: Create an original text based on the following
summary. The resulting text should be a {category}.
You have total freedom to develop and enrich the pre-
sented ideas, without strictly limiting yourself to the
explicit information in the summary. The goal is to
achieve an an approximate length of {target_length}
words, using your personal writing style and always
maintaining impeccable grammar.

Summary: { summary }

Final Text:

Prompt for Generating in Arabic

System: .y €130l giasy doyell d2ll yus 1S il
o lill Yo (o diol Goguai Cadlli b clingo
Jsb Sl WBagi O -)lSsj‘il sbily yask3 &> 2o
go &SI 3 Goladl chghol pasiuws s d3giue
TSl AL Lgrgais ¥ dagov aclgd ylousd

User: Caou Wl pawslid] e 5l Lol Las sl
Wl sail HeSy Hifcategory}. 8 dalSUl dyyall l)
o JSuiy paids Gl s dosiall )53 <l ok
.oasdill (8 doouall Olegleoll Lle

&l 85 Jsb | Jsos)l 90 B2l {target_length)
blaxl go HUSI 6 rasuinll chglwl alasiuwl (dals
Ledls @lio dygo aclgd Lle

‘uaxsdidl{summary }

‘Sl paill

Prompt for Generating in Chinese

System: {32 & A QIKE AP UBIEE K.
PRIAE 55 ARG LA E IR B A, ATDAE B &
FEMEEEE. REERBRESWERKE, 2
B O SERE, I UG ORE 58 2B
ML

User: &R 4% DA T 4 B AME— /i R AN Seas, 4
B AR [ 1% 2 {category } AU . AR W] DA SE 4
H H Hb A SR A T & A AR, R b AR R
TITER T E SEE N . BinEiRE IRy
{target_length}NERFHIEK L, HARNANE
TERNE , IRZPRFRTE B RNELE RS .

f%4L: {summary}

TR

Prompt for Generating in French

System: Vous étes un écrivain expert en francais doté
d’une grande créativité. Votre tche est de composer
des textes originaux a partir d’un résumé, avec la lib-
erté de développer et d’enrichir les idées. Vous devez
viser une longueur cible et utiliser votre propre style
d’écriture, en garantissant toujours une grammaire
impeccable.

User: Créez un texte original a partir du résumé suiv-
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ant. Le texte résultant doit étre un {category}. Vous
avez une totale liberté pour développer et enrichir les
idées présentées, sans vous limiter strictement aux
informations explicites du résumé. L'objectif est d’at-
teindre une longueur approximative de {target_length}
mots, en utilisant votre style d’écriture personnel et
en maintenant toujours une grammaire impeccable.
Résumé: {summary}

Texte final:

Prompt for Generating in German

System: Sie sind ein erfahrener deutscher Schrift-
steller mit groBer Kreativitit. Thre Aufgabe ist es,
originelle Texte auf der Grundlage einer Zusammen-
fassung zu verfassen, mit der Freiheit, Ideen zu en-
twickeln und zu bereichern. Sie sollten eine Ziel-
lange anstreben und Ihren eigenen Schreibstil verwen-
den, wobei Sie stets eine einwandfreie Grammatik
gewihrleisten miissen.

User: Erstellen Sie einen originellen Text basierend
auf der folgenden Zusammenfassung. Der resul-
tierende Text sollte ein {category} sein. Sie haben vol-
lige Freiheit, die dargestellten Ideen zu entwickeln und
zu bereichern, ohne sich streng auf die expliziten Infor-
mationen der Zusammenfassung zu beschranken. Das
Ziel ist es, eine ungefihre Linge von {target length}
Wortern zu erreichen, wobei Sie Thren personlichen
Schreibstil verwenden und stets eine einwandfreie
Grammatik beibehalten.

Zusammenfassung: { summary }

Endgiiltiger Text:

Prompt for Generating in Portuguese

System: Vocé € um escritor experiente em portugués
com grande criatividade. Sua tarefa € compor textos
originais a partir de um resumo, com a liberdade de
desenvolver e enriquecer as ideias. Vocé deve almejar
um comprimento alvo e empregar seu proprio estilo de
escrita, garantindo sempre uma gramdtica impecavel.
User: Crie um texto original a partir do seguinte re-
sumo. O texto resultante deve ser um {category}.
Vocé tem total liberdade para desenvolver e enrique-
cer as ideias apresentadas, sem se limitar estritamente
as informacdes explicitas do resumo. O objetivo € atin-
gir um comprimento aproximado de {target_length}
palavras, utilizando seu estilo pessoal de escrita e man-
tendo sempre uma gramatica impecdavel.

Resumo: {summary }

Texto final:

Prompt for Generating in Russian

System: Bbl — ONBITHBIV PYCCKOSI3BIYHBIN aB-
TOp ¢ 6OMbBIIOI KPeaTUMBHOCTHIO. Bama 3amava
— €03JaBaTh OPUTMHATbHbIE TEKCTHI HA OCHO-
Be pesioMe, MMesl CBOOOLY pa3BMBaTh U 060Ta-
1IATh UAEeU. BbI TOMKHBI CTPEMUTHCS K JOCTMKE-
HMIO 11eJIeBOJ IJIMHBI U MCII0/Ib30BaTh CBOJI COO-
CTBEHHBIII CTW/Ib MICbMa, Bcerma obecrieunBast
6e3yMpevyHyio rpaMMaTHKYy.

User: Co3paiiTe OopuUTMHAaIbHBIA TEKCT Ha OC-
HOBe Clefytoliero peswome. ITomryyeHHbli TEKCT
JIOJDKEeH ObITh {category]). Y Bac eCcTh IOTHASI CBO-
607a pa3BUBaTh M 00OTaIlaTh MPeCTaBIEHHbIE



uzen, He OTpaHNUUBASICh CTPOTO IBHOI MHDOD-
Maiueit B pesiome. Ilenb — mocTuub npuban-
3uTenbHO {target_length} cnos** mo nnune, uc-
MOMb3Y$ Balll IMYHbBI CTU/Ib IIMCbMa U MOALep-
KMBasi TP 3TOM MU ealbHYI0 TPaMMaTUKY.
Pesome:{summary}

WITOroBbI TEKCT:

Prompt for Generating in Spanish

System: Eres un experto escritor en espaiiol con gran
creatividad. Tu tarea es componer textos originales
a partir de un resumen, con la libertad de desarrollar
y enriquecer las ideas. Debes aspirar a una longitud
objetivo y emplear tu propio estilo de escritura, garan-
tizando siempre una gramdtica impecable.

User: Crea un texto original a partir del siguiente
resumen. El texto resultante debe ser un {category}.
Tienes total libertad para desarrollar y enriquecer las
ideas presentadas, sin limitarte estrictamente a la in-
formacién explicita del resumen. El objetivo es al-
canzar una longitud aproximada de {target_length}
palabras, utilizando tu estilo personal de escritura y
manteniendo siempre una gramatica impecable.
Resumen: { summary }

Texto final:

B.4 Paraphrase Attack

Paraphrasing attack is a technique that systemati-
cally rewrites text content to generate semantically
equivalent yet expressionally diverse textual vari-
ants, while preserving the core meaning. In this
study, we have carefully designed and implemented
four complementary paraphrasing strategies to con-
struct a comprehensive, diverse, and multilingual
attack framework, as detailed below:

Encoder Paraphrsing This approach employs
advanced encoder architectures capable of intel-
ligently identifying and masking key textual seg-
ments, thereby generating alternative content that
is strictly semantically equivalent but significantly
varied at the lexical level, while ensuring the lin-
guistic fluency of the rewritten text. Specifically,
building upon an Encoder-only model, we randomly
mask 15% of tokens in the input samples and then
resample to generate new tokens that are seman-
tically consistent. To accommodate multiple lan-
guage environments, we adopt the multilingual en-
coder mBERT® to perform the masked prediction
task.

Seq2seq Paraphrasing Leveraging powerful
sequence-to-sequence architectures, this technique
enables fine-grained rewriting of complex struc-
tures and long passages, effectively simulating the

*https://huggingface.co/google-bert/
bert-base-multilingual-cased

diverse patterns found in human-authored text. To
this end, we constructed a dedicated LGT-HWT
pair dataset comprising 192k samples across 8 lan-
guages, 6 domains, and 4 model types, ensuring no
overlap with existing benchmarks. On this basis, we
fine-tuned the multilingual mT5” model using this
corpus to build a high-quality paraphrase generator.

Decoder Paraphrasing Capitalizing on large-
scale pretrained decoder-only language models, this
approach demonstrates exceptional capability in
creative paraphrasing, generating grammatically
robust and semantically diverse variants. Adopt-
ing the same LGT-HWT dataset established in
the Seq2seq Paraphrasing section, we applied it
to Direct Preference Optimization (DPO). Specifi-
cally, we fine-tuned the multilingual Qwen-2.5-7B%
model via DPO to construct an efficient paraphras-
ing system.

Back-Translation As a classic paraphrasing tech-
nique, Back-Translation generates semantically
faithful yet expressively novel textual variants by ex-
ploiting the linguistic transformations inherent in a
“source —target —source” bidirectional pipeline. In
this study, we employed the multilingual mBART®
model to perform this task. To ensure optimal gen-
eration quality, we selected English as the unified
pivot language for all non-English inputs, while
utilizing Chinese as the pivot for English text.

B.5 Perturbation Attack

To systematically evaluate the security and gener-
alization of detectors within complex, real-world
globalized deployment scenarios, we propose a
language-agnostic and universally applicable ad-
versarial perturbation framework. This framework
is designed to simulate pervasive perturbations that
transcend specific languages and writing systems.
To ensure consistency in evaluation, all strategies
adhere to a unified “low-level intervention” princi-
ple: independent of specific linguistic grammars,
we tokenize the input and randomly sample 15%
of the words for physical-level modification. This
design ensures seamless transferability across arbi-
trary linguistic scenarios while preserving the core
semantic intent of the original text.

Character Insertion This strategy involves sys-
tematically repeating the preceding character at ar-

"https://huggingface.co/google/mt5-base

Shttps://huggingface.co/Quen/Quen-2.5-7B

*https://huggingface.co/facebook/
mbart-large-50-many-to-many-mmt
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bitrary positions within selected words, simulating
common “repetitive keystroke” errors found across
various input devices. Leveraging the physical se-
quential nature of writing systems, this method is
entirely independent of specific lexical or syntac-
tic rules. Whether applied to Latin, Cyrillic, or
other alphabetic systems, this technique disrupts
sub-word morphological structures with a unified
logic. Its inherent universality allows for direct ap-
plication to multilingual datasets without the need
for language-specific customization.

Character Substitution By exploiting the vast
Unicode standard, this strategy replaces charac-
ters with visually identical (or highly similar) but
uniquely encoded counterparts (e.g., substituting
the Latin “a” with the Cyrillic “a”). We construct a
dictionary of visually similar characters for random
character substitution of selected words. This dic-
tionary is derived from authoritative cross-textual
obfuscation dictionaries, including Unicode Con-
fusables,' Arabic Shaping,'! and open-source ho-
moglyph corpora.!? It transcends single-language
character set limitations, effectively implementing
low-level encoding obfuscation on any Unicode-
based text, including code-mixed data, thereby rig-
orously testing model robustness in multilingual
environments.

Character Deletion This strategy randomly re-
moves characters from selected words, mimicking
spelling omissions that occur during rapid typing.
Character omission is a fundamental noise form
present in all writing systems. As a non-parametric
attack method, it requires no external knowledge
bases or dictionaries. By introducing pure struc-
tural entropy, it forces the model to rely on strong
context recovery and error-correction capabilities
across different languages, thus verifying the detec-
tor’s generalization boundaries against low-quality,
noisy multilingual inputs.

Zero-width Insertion We inject non-printing or
zero-width Unicode control characters (including
Zero Width Space U+200B, Zero Width Non-Joiner
U+200C, Zero Width Joiner U+200D, and Word
Joiner U+2060) into the text stream. These control
characters are integral to the core Unicode stan-
dard and are supported by virtually all global text

"Ohttps://www.unicode.org/Public/security/latest/confus-
ables.txt

"https://www.unicode.org/Public/UCD/latest/ucd/Arabic-
Shaping.txt

Zhttps://github.com/contr4l/SimilarCharacter

processing systems. Consequently, this attack ef-
fectively penetrates language barriers, remaining
latent within digital text of any language. It exploits
the dissociation between underlying encoding and
surface rendering, creating a universal attack vector
that is visually “invisible” to human readers of any
language but significantly disrupts tokenizer logic
at the machine processing layer.

B.6 Various Text Length

To comprehensively evaluate the robustness and
adaptability of our proposed detection framework
in handling texts of varying lengths, we designed
a systematic experimental study covering four rep-
resentative input length categories: 64 tokens, 128
tokens, 256 tokens, and 512 tokens. This multi-
dimensional experimental design reveals how de-
tector performance varies with input scale and pro-
vides crucial insights into the framework’s practical
value across diverse application scenarios. It should
be noted that we set the upper limit at 512 tokens,
as this length covers the majority of real-world text
processing requirements; for ultra-long texts ex-
ceeding this threshold, we can employ strategies
such as sliding windows or semantic segmentation
to divide them into multiple interconnected chunks
for separate detection, which is more flexible and
efficient in practical deployment. Specifically, the
64-token and 128-token settings simulate short-text
scenarios (such as reviews and comments), while
the 256-token and 512-token configurations align
with long-text applications requiring deep compre-
hension (such as news reports).

In our experimental protocol, we adopted a fine-
grained construction method based on sentence se-
mantic units, leveraging spaCy toolkit!3 to achieve
precise and natural text length control. The imple-
mentation process is as follows: first, we utilize
spaCy’s pre-trained sentence boundary detection
component to perform accurate sentence segmenta-
tion on original documents; subsequently, we em-
ploy a progressive merging strategy, starting from
the document beginning and sequentially merging
adjacent sentences according to their natural order
until the total token count reaches the level closest
to the preset target length without exceeding this
threshold. This methodology ensures strict vari-
able control while maintaining the original text’s in-
herent discourse structure and semantic coherence,
making the experimental results more persuasive

Brww. spacy.io
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and practically instructive.

B.7 Various Operation Behavior

To better reflect real-world scenarios and capture
the complexity of text evolution in human-LLM col-
laborative environments, we classify Operationing
behaviors that can be applied to both HWT and
LGT. For HWT, these Operationing operations rep-
resent human authors utilizing LLLM capabilities
to refine their original content, serving as a third
category of samples "human writing augmented by
AI” (HLT). For LGT, these identical behaviors cor-
respond to post-processing operations designed to
explore how different generation workflows impact
detector robustness. We categorize these behaviors
into three types that reflect the primary taxonomy
of human-LLM collaboration in real-world writ-
ing assistance scenarios (Faigley and Witte, 1981;
Coenen et al., 2021):

* (1) Polishing, which involves restructuring
or rephrasing text to improve fluency, correct
grammatical issues, and better conform to spe-
cific domain styles or audience preferences;

* (2) Expansing, where additional details, ex-
amples, or elaborations are incorporated to
make the content more comprehensive and
substantial;

* (3) Condensing, which focuses on removing
redundant, repetitive, or unnecessary informa-
tion to achieve more concise and focused ex-
pression.

To construct diverse Operationing behavior ex-
amples and ensure high-quality, authentic data, we
consistently use Qwen-Max as the Operationing
assistant throughout the data construction process.
This consistent approach ensures that all Opera-
tioned samples maintain comparable quality stan-
dards while preserving the unique characteristics
of each Operationing type.

This unified framework for Operationing behav-
iors is crucial for understanding the full scope of
text modification processes in modern writing work-
flows. Whether applied to originally human-created
content or machine-generated text, these Opera-
tioning operations create distinct text patterns that
pose unique challenges to more fine-grained de-
tection systems. By systematically analyzing the
performance of different categories of detectors
across these various Operationing types, we can bet-
ter understand the evolution of text characteristics

throughout the entire human-LLM collaboration
process and develop more robust and generalizable
detectors.

The prompts we used for different Operationing
behavior types are as follows:

B.7.1 Prompt for Polishing
Prompt for Polishing in English

System: You are an English writing expert. Your task
is to rewrite the given text, maintaining exactly the
same length and meaning, but using your own writing
style.

User: Rewrite the following text in your own style,
maintaining the same length. Do not modify words in
ALL CAPS and avoid grammatical errors:

Input: {original_text}

Output:

Prompt for Polishing in Arabic

System: cliago .dgyell dalll L& oo (SIS el
Jobll Gusi Lo blasl go yoswaill GUS dsle] Lo
8 woladl glul plasiwly oSJg Janally Lizalls
LSl

User: go .polal choluwl Sl padl QLS e
OlalS)l i85 3 Lol Johall Gudi Lo Blasll
{original_text}

HGIESEWN ||

Prompt for Polishing in Chinese

System: {R2— M P XBEE X, IRIESFEE
BA, RRrseatHR RS L, B AR
H OB AE XA

User: iff H/RECIW RIS ES AT XA, iS5
JRSCAHFE R B . AREAE MRS i, s
VRERIR:

{original_text}

i :

Prompt for Polishing in French

System: Vous étes un expert écrivain francais. Votre
tache est de réécrire des textes en conservant exacte-
ment la méme longueur et le méme sens, mais en
utilisant votre propre style d’écriture.

User: Réécrivez le texte suivant dans votre propre
style, en conservant la méme longueur que 1’original.
Ne modifiez pas les mots en MAJUSCULES et évitez
les erreurs grammaticales :

{original_text}

Sortie :

Prompt for Polishing in German

System: Sie sind ein erfahrener deutscher Schrift-
steller. Thre Aufgabe ist es, Texte umzuschreiben,
dabei exakt die gleiche Linge und Bedeutung beizube-
halten, aber Ihren eigenen Schreibstil zu verwenden.

User: Schreiben Sie den folgenden Text in Ihrem eige-
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nen Stil um, behalten Sie dabei die gleiche Linge wie
das Original bei. Andern Sie keine Worter in GROSS-
BUCHSTABEN und vermeiden Sie Grammatikfehler:
{original_text}

Ausgabe:

Prompt for Polishing in Portuguese

System: Vocé é um escritor especialista em portugués.
Sua tarefa € reescrever textos mantendo exatamente o
mesmo comprimento e significado, mas usando seu
proprio estilo de escrita.

User: Reescreva o seguinte texto no seu proprio estilo,
mantendo o mesmo comprimento do original. Néo
modifique as palavras em MATUSCULAS e evite erros
gramaticais:

{original_text}

Saida:

Prompt for Polishing in Russian

System: Bol siByisieTech SKCIIepTOM-IMCATeNeM
PYCCKOTO s13bIKa. Baila 3aaya - nepenmcbiBaTh
TEKCTbI, COXPaHSsI TOYHO TaKyl0 >Xe MJIUHY U
CMBICJI, HO MCITOJTb3YS CBOV COOCTBEHHBIN CTUITh
Mny1cbMa.

User: [lepenumure ¢ienyommnii TEKCT B CBOEM
COOCTBEHHOM CTUJIE, COXPAHUB TY Ke IJIMHY, YTO
u opuruHai. He usmeHsiiTe cl10Ba, HallyCaHHbIe
3ATJTTABHBIMUA BYKBAMMU, u usberaiite rpam-
MaTUYECKUX OIMUOOK:

{original_text}

BriBop;:

Prompt for Polishing in Spanish

System: Eres un experto escritor en espafiol. Tu
tarea es reescribir textos manteniendo exactamente
la misma longitud y significado, pero usando tu pro-
pio estilo de escritura.

User: Reescribe el siguiente texto en tu propio estilo,
manteniendo la misma longitud original. No modi-
fiques las palabras en MAYUSCULAS y evita errores
gramaticales:

{original_text}

Salida:

B.7.2 Prompt for Expanding

Prompt for Expanding in English

System: You are an expert in English writing. Your
mission is to expand upon a given text, making it richer
and more detailed. While preserving the core meaning
of the original content, you should employ your own
distinctive and engaging writing style.

User: Please expand the following text in your own
style to make it richer and more detailed. Do not
modify any capitalized words, and ensure the output
is free of grammatical errors:

{original_text}

Output:
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Prompt for Expanding in Arabic

System: (& liage .dn el dalll HUSI 3 jus
el yo9> Lo blasll 2o 05lils paill (5 guwgill
plasiuwl go (it Nuasi st Sine 23859 ool
Spaally ol HSI ehglwd

User: dlaz) polal chglul Sl paill guses o2
9y dpgiSall lalSIl s 05 3 Nadiy £y st
{original_text}

Oyl

Prompt for Expanding in Chinese

System: & (i LEEL K. ARIALSZRF
XAMATY 5, 1ERE SO0 R, L,
%ﬁlﬂ%ﬁﬁﬁnﬂﬁgﬁﬁéﬂi, FEREAR A S EEX

User: TR HCH XIS HOAFCAR, [EHN
REMEEIEM . AEBURKREWIE, B
R

{original_text}

i :

Prompt for Expanding in French

System: Vous étes un expert en rédaction francaise.
Votre mission est de développer un texte donné pour
I’enrichir et le détailler. Tout en préservant le sens
fondamental du contenu original, vous devez utiliser
votre propre style d’écriture, unique et captivant.
User: Veuillez développer le texte suivant avec votre
propre style pour le rendre plus riche et plus détaillé.
Ne modifiez pas les sigles ou les mots écrits entiere-
ment en majuscules, et assurez-vous que le résultat est
exempt d’erreurs grammaticales :

{original_text}

Sortie :

Prompt for Expanding in German

System: Sie sind ein Experte fiir das Schreiben auf
Deutsch. Thre Mission ist es, einen vorgegebenen Text
zu erweitern, um ihn reichhaltiger und detaillierter
zu machen. Behalten Sie dabei die Kernaussage des
Originaltextes bei und verwenden Sie Ihren eigenen,
unverkennbaren Schreibstil.

User: Bitte erweitern Sie den folgenden Text in Ihrem
eigenen Stil, um ihn reichhaltiger und detaillierter zu
gestalten. Verdndern Sie keine Worter oder Abkiirzun-
gen, die vollstidndig in Gro3buchstaben geschrieben
sind, und vermeiden Sie grammatikalische Fehler:
{original_text}

Ausgabe:

Prompt for Expanding in Portuguese

System: Vocé é um especialista em redagdo em lingua
portuguesa. Sua missdo € expandir um determinado
texto para enriquecé-lo e detalhd-lo. Preservando o
nicleo do significado original, vocé deve utilizar seu
proprio estilo de escrita, que seja Ginico e cativante.

User: Por favor, expanda o texto a seguir com seu



proprio estilo para tornd-lo mais rico e detalhado. Nao
modifique siglas ou palavras escritas inteiramente em
letras maitsculas e garanta que o resultado nio con-
tenha erros gramaticais:

{original_text}

Saida:

Prompt for Expanding in Russian

System: Bbl — sKcnepr o HamMCaHUIO TEKCTOB
Ha PYCCKOM sI3bIKe. Baiia 3ajaya — pacmmpuTb
Y TOTIOJIHUTh TTPEAJIOKEHHBI TEKCT, CIEJIaB €r0
60Jiee HACBIIEHHbIM ¥ MOAPOGHBIM. [Tpy 3TOM
HeOOXOOMMO COXPaHUTh OCHOBHYIO CYThb OpU-
TMHAIBHOTO COJeP>KaHMS U UCIIOIb30BaTh CBOI
COOGCTBEHHBII, YHUKAJIbHbIN aBTOPCKUIT CTUIIb.
User: [loxkamyiicTa, paclmiMpbTe CaeLyomuii
TEKCT B CBOEM COOCTBEHHOM CTHUJIe, YTOOBI Clie-
JaTh ero 6osiee HACHIIMIEHHBIM ¥ MOJPOOHBIM.
He msmensiiTe ab6peBMaTypbl WK CJIOBA, Ha-
MCaHHbIe TIOTHOCTHIO 3arJIaBHBIMMU OGYyKBaMM,
1 u3beraiiTe TpaMMaTUYECKUX OIINOOK:

{original_text}

BoiBOI:

Prompt for Expanding in Spanish

System: Usted es un experto en redaccién en espaiiol.
Su misién es desarrollar un texto dado para enrique-
cerlo y detallarlo. Preservando el sentido fundamental
del contenido original, debe emplear su propio estilo
de redaccidn, que sea Unico y atractivo.

User: Por favor, desarrolle el siguiente texto con su
propio estilo para hacerlo més rico y detallado. No
modifique las siglas o palabras escritas completamente
en mayusculas y asegtrese de que el resultado no
contenga errores gramaticales:

{original_text}

Salida:

B.7.3 Prompt for Condensing

Prompt for Condensing in English

System: YYou are an expert English writer. Your
task is to condense a text, preserving its core meaning
by making the content more concise and eliminating
redundancy. You should use your own writing style.
User: Please condense the following text in your own
style, making it more concise and eliminating redun-
dancy. Do not modify capitalized words and avoid
grammatical errors:

{original_text}

Output:

Prompt for Condensing in Arabic

System: & cliage .dgyall dlllb HUSI b yus
de>g (5092l olize le blaxll go (padl Causs
i O Gy ))Sily sabidl (yo 15159 [la) i
0ol Sl gl
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User: dlaz) . olal cholul Sl Gl Cagiss (230

dgiSall WlalsIl Jiei 3 .gisdl (o Bl |;l»|g )i'Si
gl clas Sl Cumig (8yuS Lyl
{original_text}

Oyl

Prompt for Condensing in Chinese

System: {jJ&—fiH SCHEL 5. RIS 2T
SCARBATYRE , ORI SO Dl SR Bt L
}/@ﬁ%&*%ﬁﬂ*’é%ﬁﬁﬁﬁ%7 HHHTRECHE
A%

User: iif R H O XS4 5 AR SCA, [EHAN
BHEMFHEMA TR . AEBBCREWIAE, b
GoiER IR

{original_text}

i :

Prompt for Condensing in French

System: Vous étes un expert en rédaction frangaise.
Votre mission est de condenser un texte pour le ren-
dre plus concis et éliminer les redondances, tout en
préservant son sens essentiel. Vous devez appliquer
votre propre style d’écriture.

User: Veuillez condenser le texte suivant dans votre
propre style, en le rendant plus concis et en éliminant
les redondances. Ne modifiez pas les mots en majus-
cules et évitez les erreurs grammaticales :
{original_text}

Sortie :

Prompt for Condensing in German

System: Sie sind ein Experte fiir das Verfassen
deutscher Texte. Thre Aufgabe ist es, einen Text zu
kiirzen. Gestalten Sie ihn prignanter, beseitigen Sie
Redundanzen und bewahren Sie dabei die Kernaus-
sage. Verwenden Sie lhren eigenen Schreibstil.
User: Bitte kiirzen Sie den folgenden Text in Ihrem
eigenen Stil, sodass er prignanter und frei von Redun-
danzen ist. Andern Sie keine Worter in GroBbuch-
staben und vermeiden Sie grammatikalische Fehler:
{original_text}

Ausgabe:

Prompt for Condensing in Portuguese

System: Vocé ¢ um especialista em redacdo em por-
tugués. Sua tarefa é condensar um texto, tornando-o
mais conciso e eliminando redundincias, a0 mesmo
tempo que preserva o significado central. Use seu
proprio estilo de escrita.

User: Por favor, condense o texto a seguir em seu
proprio estilo, tornando-o mais conciso e livre de re-
dundancias. Nao modifique as palavras em maidsculas
e evite erros gramaticais:

{original_text}

Saida:



Prompt for Condensing in Russian

System: Bbl — 3KcIepT MO HANMCAHUIO TeK-
CTOB Ha PYyCCKOM sI3bIKe. Baiia 3afaua — cokpa-
TUTb TEKCT, cenaB ero 6ojee CKaTbIM M JIAKO-
HUYHBIM, YCTPAHUB U36bITOYHOCTh ¥ COXPAHUB
ero OCHOBHOJ cMbIC. VIcTionb3yliTe CBO aBTOP-
CKUI1 CTUJIb.

User: Ilokamyiicta, cokpaTuTe CiaeqyoOmui
TEeKCT B CBOEM COOCTBEHHOM CTuJIe, CAeIaB ero
6oj1ee CKaThIM M CBOOOZHBIM OT M36BITOUHO-
cti. He n3MeHsITe C/10Ba, HAIIMCAHHbIE 3aI7IaB-
HbIMM GYKBaMU, 1 U3beraiTe rpaMMaTUIECKUX
OIINMOOK:

{original_text}

BriBog;:

Prompt for Condensing in Spanish

System: Eres un escritor experto en espafiol. Tu tarea
es condensar un texto, preservando su significado cen-
tral para hacerlo mds conciso y eliminar redundancias.
Debes usar tu propio estilo de redaccién.

User: Por favor, condensa el siguiente texto con tu
propio estilo, haciéndolo mds conciso y eliminando las
redundancias. No modifiques las palabras en mayus-
culas y evita los errores gramaticales:

{original_text}

Salida:

C Dataset Statistics

Category Subcategory Sample Count
Original Sample Human-written 144,000
LLM-generated 144,000
LLM-refined Sample Human + Rewritting 144,000
(Various Operation Behaviour) Human + Expanding 144,000
Human + Condesing 144,000
LLM + Rewritting 144,000
LLM + Expanding 144,000
LLM + Condesing 144,000
Paraphrasing Attacks LLM + Encoder Paraphrasing 144,000
LLM + Seq2seq Paraphrasing 144,000
LLM + Decoder Paraphrasing 144,000
LLM + Back-Translation 144,000
Perturbation Attacks LLM + Character Insertion 144,000
LLM + Character Substitution 144,000
LLM + Character Deletion 144,000
LLM + Zero-width Insertion 144,000
Multi-length Samples Human with 64 Tokens 144,000
Human with 128 Tokens 144,000
Human with 256 Tokens 144,000
Human with 512 Tokens 144,000
LLM with 64 Tokens 144,000
LLM with 128 Tokens 144,000
LLM with 256 Tokens 144,000
LLM with 512 Tokens 144,000
Total 3,456,000

Table 5: Dataset Statistics.

Detailed statistics of our dataset are summarized
in Table 5. The dataset comprises 3,456,000 sam-
ples spanning several critical dimensions, includ-
ing human-written content, LLM-generated text,
augmented operations, paraphrasing/perturbation
attacks, and multi-length evaluations. This large-

scale benchmark offers an unprecedented platform
to rigorously evaluate the performance, robustness,
and generalization of text generation models.

The core of the dataset consists of 144,000
human-written samples paired with 144,000 LLM-
generated counterparts, establishing a balanced
human-Al comparison group (Table 6). To en-
rich data diversity across operation types, we cu-
rated 432,000 samples of human-originated text
augmented by LLMs, alongside 432,000 LLM-
generated samples refined through polishing, ex-
panding, and condensing.

To assess model robustness, we implemented a
dual-attack framework. For paraphrasing attacks,
four advanced strategies including Encoder Para-
phrasing, Seq2seq Paraphrasing, Decoder Para-
phrasing, and Back-Translation, were utilized to
generate 576,000 high-quality samples. Similarly,
for perturbation attacks, we employed four tech-
niques (Character Insertion, Character Substitution,
Character Deletion, and Zero-width Insertion) to
produce an additional 576,000 samples. Finally,
to investigate length generalization, we compiled
1,152,000 samples across four length categories (64,
128, 256, and 512 tokens), providing a benchmark
for performance across varying text complexities.

Dataset Split The dataset is divided into train-
ing and testing sets with a 2:1 ratio. To ensure
fair and representative evaluation, the split is bal-
anced across all domains, generators, and lan-
guages, maintaining consistent distributions in each
subset. This design allows reliable cross-lingual
and cross-domain performance comparison while
preventing bias toward any specific source.

D Textual features analysis of
DETECTRL-X

In this section, we analyze the textual features of
DetectRL-X samples to provide further insights.

Text length We performed a statistical analysis
of text length distribution in DetectRL-X, as shown
in Figure 6. Our analysis of text length, measured
as the number of tokens computed by the xIm-X-
Rob-base tokenizer, reveals significant variations
across different categories. Specifically, texts from
the academic writing and novel domains exhibit
considerably greater lengths when compared to
those from the news and webtext categories. Fur-
thermore, linguistic characteristics appear to influ-
ence text length; Western languages, including En-
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Language Domain HWT LGT HLT (E-HWT) E-LGT
‘ Original | GPT-40 Gemini DeepSeek Qwen | Polishing Expanding Condensing | Polishing Expanding Condensing
EN Academic | 3,000 750 750 750 750 3,000 3,000 3,000 3,000 3,000 3,000 24,000
News 3,000 750 750 750 750 3,000 3,000 3,000 3,000 3,000 3,000 24,000
Novel 3,000 750 750 750 750 3,000 3,000 3,000 3,000 3,000 3,000 24,000
SEO 3,000 750 750 750 750 3,000 3,000 3,000 3,000 3,000 3,000 24,000
Wiki 3,000 750 750 750 750 3,000 3,000 3,000 3,000 3,000 3,000 24,000
WebText 3,000 750 750 750 750 3,000 3,000 3,000 3,000 3,000 3,000 24,000
ZH Academic | 3,000 750 750 750 750 3,000 3,000 3,000 3,000 3,000 3,000 24,000
News 3,000 750 750 750 750 3,000 3,000 3,000 3,000 3,000 3,000 24,000
Novel 3,000 750 750 750 750 3,000 3,000 3,000 3,000 3,000 3,000 24,000
SEO 3,000 750 750 750 750 3,000 3,000 3,000 3,000 3,000 3,000 24,000
Wiki 3,000 750 750 750 750 3,000 3,000 3,000 3,000 3,000 3,000 24,000
WebText 3,000 750 750 750 750 3,000 3,000 3,000 3,000 3,000 3,000 24,000
ES Academic | 3,000 750 750 750 750 3,000 3,000 3,000 3,000 3,000 3,000 24,000
News 3,000 750 750 750 750 3,000 3,000 3,000 3,000 3,000 3,000 24,000
Novel 3,000 750 750 750 750 3,000 3,000 3,000 3,000 3,000 3,000 24,000
SEO 3,000 750 750 750 750 3,000 3,000 3,000 3,000 3,000 3,000 24,000
Wiki 3,000 750 750 750 750 3,000 3,000 3,000 3,000 3,000 3,000 24,000
WebText 3,000 750 750 750 750 3,000 3,000 3,000 3,000 3,000 3,000 24,000
AR Academic | 3,000 750 750 750 750 3,000 3,000 3,000 3,000 3,000 3,000 24,000
News 3,000 750 750 750 750 3,000 3,000 3,000 3,000 3,000 3,000 24,000
Novel 3,000 750 750 750 750 3,000 3,000 3,000 3,000 3,000 3,000 24,000
SEO 3,000 750 750 750 750 3,000 3,000 3,000 3,000 3,000 3,000 24,000
Wiki 3,000 750 750 750 750 3,000 3,000 3,000 3,000 3,000 3,000 24,000
WebText 3,000 750 750 750 750 3,000 3,000 3,000 3,000 3,000 3,000 24,000
FR Academic | 3,000 750 750 750 750 3,000 3,000 3,000 3,000 3,000 3,000 24,000
News 3,000 750 750 750 750 3,000 3,000 3,000 3,000 3,000 3,000 24,000
Novel 3,000 750 750 750 750 3,000 3,000 3,000 3,000 3,000 3,000 24,000
SEO 3,000 750 750 750 750 3,000 3,000 3,000 3,000 3,000 3,000 24,000
Wiki 3,000 750 750 750 750 3,000 3,000 3,000 3,000 3,000 3,000 24,000
WebText 3,000 750 750 750 750 3,000 3,000 3,000 3,000 3,000 3,000 24,000
RU Academic | 3,000 750 750 750 750 3,000 3,000 3,000 3,000 3,000 3,000 24,000
News 3,000 750 750 750 750 3,000 3,000 3,000 3,000 3,000 3,000 24,000
Novel 3,000 750 750 750 750 3,000 3,000 3,000 3,000 3,000 3,000 24,000
SEO 3,000 750 750 750 750 3,000 3,000 3,000 3,000 3,000 3,000 24,000
Wiki 3,000 750 750 750 750 3,000 3,000 3,000 3,000 3,000 3,000 24,000
WebText 3,000 750 750 750 750 3,000 3,000 3,000 3,000 3,000 3,000 24,000
PT Academic | 3,000 750 750 750 750 3,000 3,000 3,000 3,000 3,000 3,000 24,000
News 3,000 750 750 750 750 3,000 3,000 3,000 3,000 3,000 3,000 24,000
Novel 3,000 750 750 750 750 3,000 3,000 3,000 3,000 3,000 3,000 24,000
SEO 3,000 750 750 750 750 3,000 3,000 3,000 3,000 3,000 3,000 24,000
Wiki 3,000 750 750 750 750 3,000 3,000 3,000 3,000 3,000 3,000 24,000
WebText 3,000 750 750 750 750 3,000 3,000 3,000 3,000 3,000 3,000 24,000
DE Academic | 3,000 750 750 750 750 3,000 3,000 3,000 3,000 3,000 3,000 24,000
News 3,000 750 750 750 750 3,000 3,000 3,000 3,000 3,000 3,000 24,000
Novel 3,000 750 750 750 750 3,000 3,000 3,000 3,000 3,000 3,000 24,000
SEO 3,000 750 750 750 750 3,000 3,000 3,000 3,000 3,000 3,000 24,000
Wiki 3,000 750 750 750 750 3,000 3,000 3,000 3,000 3,000 3,000 24,000
WebText 3,000 750 750 750 750 3,000 3,000 3,000 3,000 3,000 3,000 24,000
Total ‘ 144,000 ‘ 36,000 36,000 36,000 36,000 ‘ 144,000 144,000 144,000 ‘ 144,000 144,000 144,000 ‘ 1,152,000

Table 6: Dataset Statistics of Original Samples and LLM-refined Samples under Different Operation Behaviour.
“HLT (E-HWT)” denotes “Human-written & LLM refined” where original human samples are polished, expanded,
or condensed by LLMs. “E-LGT” denotes “LLM-generated & LLM refined” where original LLM samples are

polished, expanded, or condensed by LLMs.

glish and Spanish, tend to produce shorter texts,
whereas languages such as Chinese, Arabic, and
Russian are associated with longer outputs. Despite
these variations across category and language, the
length distributions prove to be remarkably consis-
tent, both across the different models and between
LLM-generated and LLM-refined texts.

N-grams We conducted a statistical analysis of
the n-gram distribution in DetectRL-X, focusing
on unigrams, bigrams, and trigrams. The results

are presented in Figure 7. Our analysis of n-gram
distributions highlights significant diversity varia-
tions. The Novel category shows the most extensive
vocabulary, directly opposing the SEO category,
which has the least. Model-wise, gemini-2.5-flash
generates the most diverse n-grams, distinctly out-
performing gpt-40, deepseek-v3, and qwen-max,
all of which exhibit more constrained lexical pat-
terns. Linguistically, languages like French, Ger-
man, and Portuguese display high n-gram richness,
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Figure 6: Text length distribution of DETECTRL-X.

Figure 7: N-gram distribution of DETECTRL-X.

whereas Chinese is a notable outlier with excep-
tionally low diversity. Across all these compar-
isons, however, the distributions for LLM-refined
and LLM-generated texts remain remarkably con-
sistent and nearly identical.

Readability The  readability  distribution
of DetectRL-X samples was analyzed using
the Flesch Reading Ease Score (FRES). The
FRES (Flesch, 1948) assesses reading difficulty
based on word and sentence length and is computed

as follows:

FRES = 206.835 — 1.015 X ( Total Words >

Total Sentences

Total Syllables
—84. ey
846 x < Total Words >

Higher scores indicating better readability. The re-
sults of our readability assessment in Figure 8 indi-
cate that while LLLM refinement promotes cross-
model consistency, significant variations persist
across content categories and languages. We ob-
served a distinct hierarchy in readability among the
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Figure 8: Readability distribution of DETECTRL-X.

categories, with Novel texts being the most accessi-
ble and Academic writing proving to be the least.
Furthermore, the analysis by language revealed a
substantial gap: both Arabic and Russian achieved
unexpectedly high readability scores, whereas Ger-
man and Portuguese were situated at the lower end
of the readability spectrum. A crucial observation,
however, is that the distributions for LLM-refined
texts show a much higher degree of uniformity
across the models compared to the more divergent
scores of LLM-generated texts.

Lexical diversity We statistically analyzed the
Lexical Diversity Score (LDS) of DetectRL-X,
which is defined as follows:

Number of Unique Word Types

LDS = Total Number of Words

In our examination of lexical diversity, a notable
pattern of consistency emerged across several di-
mensions as show in Figure 9. Both LLM-generated
and LLM-refined texts exhibit nearly identical distri-
butions, and a similar uniformity is observed across
the different models, with scores generally cluster-
ing around a lexical diversity of approximately 0.6.
However, this consistency does not extend to con-
tent categories or languages. Counter-intuitively,
the Novel domain shows a comparatively low lexi-
cal richness, in contrast to the higher diversity found
in SEO, News, and Webtext samples. Furthermore,
aclear divergence is noted among languages, where
French texts tend to have lower diversity, while Rus-
sian texts demonstrate a higher score.

Comparative Analysis of HWT, LGT, and HLT.
To further characterize the linguistic properties of
our dataset, we conduct a comparative analysis
across the three primary data types: HWT, LGT,
and HLT. This analysis aims to quantify the stylistic
shifts that occur during the revision process and
highlight the distinct patterns that detectors must
navigate.Table 7 summarizes the mean and stan-
dard deviation of four key textual metrics across the
entire corpus.

Our analysis reveals that HLT exhibits a unique
“hybrid” characteristic that distinguishes it from
both pure human and pure machine-generated con-
tent:

* Lexical Richness vs. Conciseness: HLT in-
herits the high lexical diversity characteristic
of LGT (TTR: 0.57), yet it results in the most
concise average text length. This suggests that
the revision operations (Polishing, Condens-
ing) effectively retain semantic density while
removing redundancy.

* Readability and Flow: While LGT often
features more complex or formulaic sentence
structures (indicated by a lower Flesch score
of 48.82), the human-Al collaborative process
in HLT restores readability (Flesch: 53.29) to
a level closer to that of HWT (55.52).

* Distributional Coverage: The substantial
standard deviations observed across all met-
rics confirm that DetectRL-X encompasses a
wide and representative distribution of textual
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Figure 9: Lexical diversity distribution of DETECTRL-X.

Table 7: Comparative analysis of textual features across HWT, LGT, and HLT. Results report mean 4 standard

deviation.
Metric HWT LGT HLT
Length (Words) | 567.29 +432.68 534.49 £+ 406.68 474.79 + 307.43
Lexical Diversity (TTR) 1 0.53 +0.10 0.57+0.10 0.57+0.10
N-gram Diversity (Dist-3) 1 0.95£0.05 0.97 £0.03 0.96 £ 0.05
Readability (Flesch) 1 55.52 + 30.77 48.82 £ 30.46 53.29 £ 30.66

features, avoiding the narrow stylistic biases
often found in synthetic datasets.

These findings underscore the challenge HLT
poses to current detectors: it combines the struc-
tural fluency of human writing with the lexical pat-
terns of LL.Ms, creating a subtle adversarial bound-
ary in the feature space.

E Evaluated Detectors

E.1 Descriptions of Evaluated Detectors

We provide detailed descriptions of each detector
evaluated, explaining their working principles and
key characteristics. These detectors excel in dif-
ferent application scenarios, and by using a com-
bination of these methods, we can achieve a more
comprehensive evaluation and detection of LLM-
generated text.

* Log-Likelihood (Solaiman et al., 2019): This
method computes the log-likelihood of the in-
put text using a pre-trained language model.
Lower likelihoods indicate that the text is
more likely to be machine-generated. It is a
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widely adopted baseline in text detection tasks.
Specifically, Log-Likelihood leverages the lan-
guage model’s understanding of natural lan-
guage by calculating the probability of each
word in its context to determine the overall
likelihood of the text being generated.

Log-Rank (Gehrmann et al., 2019): This
method ranks the predicted probability of
each token and uses the average token rank
as a distinguishing feature, capturing distribu-
tional differences between human-written and
machine-generated text. Log-Rank assumes
that human-written text will have a more uni-
form ranking in the language model compared
to machine-generated text, thus using the aver-
age rank to differentiate between the two.

DetectLLM-LRR (Su et al., 2023): By com-
bining log-likelihood and token rank infor-
mation, this method leverages dual statisti-
cal signals to enhance detection performance.
LRR improves detection accuracy by simulta-
neously considering both log-likelihood and
token rank, thereby capturing more nuanced



features of the generated text.

¢ Fast-DetectGPT (Bao et al., 2024): As an
efficient variant of DetectGPT, this method
distinguishes generated text through local per-
turbation and curvature analysis, achieving a
balance between detection accuracy and com-
putational efficiency. Fast-DetectGPT intro-
duces local perturbations and analyzes their
impact on model output, maintaining high ac-
curacy while reducing computational costs.

* Binoculars (Hans et al., 2024): This approach
adopts a dual-perspective mechanism, compar-
ing the model outputs on both original and per-
turbed samples to improve robustness against
paraphrasing and adversarial attacks. Binoc-
ulars enhances resistance to rephrasing and
adversarial attacks by contrasting the model’s
behavior on original and perturbed versions of
the text.

¢ ReviseDetect (Zhu et al., 2023): Based on a
rewriting model, this method measures the ex-
tent to which the input text has been rewritten
by the larger model. Larger rewriting typically
indicates that the text is machine-generated.
ReviseDetect effectively identifies text gener-
ated by large language models by analyzing
the degree of rewriting.

¢« GECScore (Wu et al., 2025¢): Based on
a grammatical error correction model, this
method measures the amount of modifica-
tion made by the correction system. Larger
changes typically indicate that the text is
machine-generated. GECScore assesses the
text’s machine-generated nature by quantify-
ing the corrections made by a grammatical
error correction model.

e Lastde++ (Xu et al., 2025): By improving
the architecture and training strategy of the
detector, this approach enhances generaliza-
tion and robustness across multiple domains
and languages. Lastde++ optimizes the model
structure and training process to improve the
detector’s adaptability in various languages
and domains.

* RepreGuard (Chen et al., 2025b): This
method captures the differences in neuronal
activation patterns when the model processes
human-written text and LLM-generated text,

extracting high-dimensional features from
LLM-generated text to distinguish between
the two types of text. RepreGuard analyzes
the internal activation patterns of the neural
network to accurately identify LLM-generated
text.

* X-Rob-Classifier (Liu et al., 2019): This
discriminative method fine-tunes the X-Rob
pre-trained model for BINARY or multi-class
classification, representing a mainstream ap-
proach in neural-based detection. X-Rob-
Classifier leverages the powerful pre-trained X-
Rob model to perform text classification tasks
after fine-tuning.

« mDeBERTa-Classifier (He et al., 2021):
Utilizing the multilingual version of mDe-
BERTa as the classifier, this method improves
cross-lingual detection capability and is well-
suited for multilingual scenarios. mDeBERTa-
Classifier enhances cross-lingual detection by
using a multilingual pre-trained model.

* Biscope (Guo et al., 2024): As a state-of-the-
art approach, Biscope combines generation-
based and discrimination-based signals to im-
prove both accuracy and robustness, represent-
ing the latest advancements in LLM-generated
text detection. Biscope integrates the advan-
tages of both generative and discriminative
methods to achieve better detection accuracy
and robustness.

Implementation details of the statistics-based ap-
proaches For statistical-based gray-box detection
methods, we uniformly employs Qwen-2.5-7B!#
as the scoring model to accommodate multilingual
detection requirements. Among these, FastDetect-
GPT, Binoculars, and Lastde++ require additional
reference models, for which we uniformly adopt
Qwen-2.5-7B-Instruct.’> For black-box statistical
detection methods (such as ReviseDetect and GEC-
Score), Qwen-Max is used to perform text revision,
error correction, and related operations. For neural-
based detectors, all classifiers are trained with iden-
tical parameter configurations. Detailed training pa-
rameter settings are provided in Appendix E.2. Fol-
lowing Chen et al. (2025b) and Hans et al. (2024),
all detectors are retrained and fairly compared on
the same training and test sets.
“https://huggingface.co/Qwen/Qwen2.5-7B

Bhttps://huggingface.co/Quen/Quen?2.
5-7B-Instruct
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Extending BINARY Statistical-Based Detector to
TERNARY Classification The original detector
is a BINARY classifier that distinguishes between
HWT and LGT based on a statistical feature x and
a single threshold 7"

HWT, z<T
labelz{ s

LGT, z>T.

To include the intermediate category HLT, the
BINARY decision rule is extended to a TERNARY
formulation by introducing two thresholds 7 and
T (Th < T5):

HWT, x<Ti,
label = ¢ HLT, 1Ty <x < T,
LGT, xr > T2.

The thresholds 77 and 75 are determined through
an exhaustive search on the validation set to maxi-
mize the overall F1-Score of the three-class classifi-
cation. This dual-threshold formulation generalizes
the original BINARY detector and enables more pre-
cise separation among HWT, HLT, and LGT.

E.2 Parameters of Neural-Based Detectors

X-Rob-Classifier We use the FacebookAI/x1m-
X-Rob-base model as the pre-trained backbone.
The model is fine-tuned for 3 epochs using a batch
size of 32. To ensure a fair and stable comparison
across all experiments, we utilize a linear learning
rate decay (from 2 x 1075 to 0) without a warmup
phase. We deliberately omit early stopping and
consistently evaluate the final checkpoint. All ex-
periments are conducted on an NVIDIA® A100

Tensor Core GPU (80 GB).
Parameters Settings
Model Name  FacebookAl/xIm-roberta-base

Learning Rate  2e-5
Batch Size 32

Epochs 3
Seed 2025
GPU Envs NVIDIA® A100 Tensor Core GPU 80GB

Table 8: Parameters for X-Rob-Classifier Training.

mDeBERTa-Classifier We use the
microsoft/mdeberta-v3-base model as
the pre-trained backbone. The model is fine-tuned
for 3 epochs using a batch size of 32. To ensure a
fair and stable comparison across all experiments,
we utilize a linear learning rate decay (from

2 x 107° to 0) without a warmup phase. We
deliberately omit early stopping and consistently
evaluate the final checkpoint. All experiments are
conducted on an NVIDIA® A100 Tensor Core
GPU (80 GB).

Parameters

Model Name  microsoft/mdeberta-v3-base
Learning Rate  2e-5
Batch Size 32

Settings

Epochs 3
Seed 2025
GPU Envs NVIDIA® A100 Tensor Core GPU 80GB

Table 9: Parameters for mDeBERTa-Classifier Training.

BiScope-Classifier We employ Qwen2.5-
7B-Instruct for feature extraction and a
RandomForestClassifier for classification.
For neural components, we use a batch size of 128
and a linear learning rate decay (2 X 1075 to 0)
over 3 epochs without warmup. We consistently
evaluate the final checkpoint. All experiments are
conducted on an NVIDIA® A100 (80GB) GPU.

Parameters Settings

Classifier Model RandomForestClassifier

Detect Model Qwen/Qwen2.5-7B-Instruct

Learning Rate 2e-5

Batch Size 128

Epochs 3

Seed 2025

GPU Envs NVIDIA® A100 Tensor Core GPU 80GB

Table 10: Parameters for Biscope-Classifier Training.

F Error Analysis and Case Studies

This section focuses on analyzing the causes of de-
tection failures, systematically investigating their
underlying mechanisms through a combination of
statistical metric analysis and representative case
studies. Manual inspection of misclassified sam-
ples reveals that failures are predominantly driven
by implicit distributional overlaps between text cat-
egories, rather than explicit linguistic errors in the
text itself. To quantify and interpret these overlaps,
we adopt Likelihood as the core analytical metric
(an intuitive and interpretable indicator of text en-
tropy), and structure our analysis around three key
dimensions: Boundary Ambiguity of HLT, Ad-
versarial Attack Mechanics, and Generalization
Limitations.
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Table 11: Likelihood Distributions of Different Text
Categories.

Category Source Mean + Std Best F1 Threshold

Baselines HWT —2.2381 £+ 0.4240 —1.995830
LGT —1.8309 £+ 0.3431 -
Polishing —1.8275 4+ 0.3435 -

HLT Variants Expanding  —1.8606 =+ 0.3500 -

Condensing —1.8265 + 0.3431

F.1 Boundary Ambiguity in HLT

The fundamental challenge in TERNARY classifica-
tion lies in the “fuzzy boundary” of HLT, which
causes its feature distribution to overlap extensively
with both HWT and LGT. Table 11 presents the
likelihood distribution statistics of different text cat-
egories, where HLT variants (Polishing, Expand-
ing, Condensing) exhibit mean likelihood values
(-1.8275, -1.8606, -1.8265) extremely close to LGT
(-1.8309), directly explaining the classification dif-
ficulty.

To further reveal the overlap mechanisms, we
analyze three representative failure cases (Table 12)
and summarize three typical failure modes:

* ”Formulaic Trap” (HWT—LGT Misclassi-
fication): Extremely standardized human writ-
ing (e.g., formal acknowledgments) exhibits
low entropy (likelihood = —1.7890 > LGT
average of —1.8309). The machine-like regu-
larity of such texts confuses the model, leading
to misclassification as LGT.

¢ ”Creative Mimicry” (LGT—HWT Misclas-
sification): When LLMs simulate specific
literary styles using low-frequency vocabu-
lary, the likelihood value drops significantly
(—2.1910), creating a statistical overlap with
the HWT distribution (mean = —2.2381).
This mimicry of human creative writing char-
acteristics results in misclassification as HWT.

* ”Entity Anchoring” (HLT—HWT Misclas-
sification): HLT retains a large number of
named entities (e.g., proper nouns, specific
events) from the original human text, which
act as high-perplexity anchors. These entities
pull the overall likelihood of HLT down to
—2.1511, effectively masking the smoothed
syntactic patterns unique to Al generation,
thus leading to misclassification as HWT.

F.2 Attack Mechanics: Distributional Shift vs.
Fragmentation

Adversarial attacks cause LGT to deviate from the
in-distribution range, leading to detection failures
through two core mechanisms: semantic distribu-
tional shift and sub-word fragmentation. Table 13
presents the likelihood changes of LGT under dif-
ferent attack types.

* Semantic Distributional Shift: Paraphrasing
attacks (e.g., Seq2Seq models) increase lexi-
cal variance by rephrasing LGT while preserv-
ing core meaning. This disrupts the ”smooth”
statistical signature of LLM generation, reduc-
ing the likelihood from —1.8309 to —4.1994,
which effectively mimics the high-entropy fea-
ture distribution of HWT.

* Sub-word Fragmentation: Character substi-
tution attacks physically disrupt the integrity
of words (e.g., replacing ’a’ with *a’). This
forces the tokenizer to split words into mean-
ingless sub-word fragments, introducing ar-
tificial noise into the feature space. As a re-
sult, the likelihood of LGT drops drastically
to —5.7146, making it indistinguishable from
high-perplexity text.

F.3 Generalization Failures: Statistical
Mismatch & Variance Explosion.

The poor generalization of detectors in cross-
domain, cross-language, and cross-length scenarios
is rooted in the statistical mismatch between train-
ing and testing distributions, as well as variance
explosion caused by information sparsity. Table 14
summarizes the likelihood distribution characteris-
tics under different generalization scenarios.

* Domain Shift: Semantic distributions vary
significantly across domains. For example,
the likelihood of HWT in WebText (—2.0764)
is notably higher than that in Academic do-
main (—2.4426). This shift moves the HWT
distribution closer to the LGT feature range
(~ —1.90), increasing the overlap between the
two and leading to misclassification.

* Cross-Language Mismatch: The likelihood
distributions of HWT and LGT differ between
English and Chinese. Chinese text exhibits
higher variance (HWT: 0.5137, LGT: 0.4339)
compared to English (HWT: 0.4190, LGT:
0.3756), which is attributed to the structural
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Table 12: Representative Failure Cases and Feature Analysis.

Cases  Text Snippet Likelihood  Prediction
HWT I would like to thank the staff and management of Biltmore Es-  —1.7890 LGT
tate for their support of Serafina and the Black Cloak and their
commitment to preserving an ...
LGT August 15, 1892 My Dearest Friend, As I sit here, pen in hand, —2.1910 HWT
the sun is setting over the distant hills, casting a golden glow that
seems to set the world ablaze ...
HLT Chapter 26 The hospital room was cold and sterile, its walls ~ —2.1511 HWT

painted a pale institutional green that seems to drain the light

from the air. Mrs. Parker lay on the bed ...

Table 13: Likelihood Distributions of LGT Under Ad-
versarial Attacks

Attack Type Category Mean =+ Std
Normal HWT —2.2381 £ 0.4240
LGT —1.8309 £ 0.3431
Seq2Seq (Paraphrasing) LGT —4.1994 £ 0.6535
Char-Substitution (Perturbation) LGT —5.7146 £+ 0.5845

Table 14: Likelihood Distributions Under Generaliza-
tion Scenarios.

Dimension ~ Category Type Mean £ Std Best F1 Threshold
Academic HWT —2.4426 + 0.4324 —2.2066
Domain LGT —1.8721 £0.3226 -
WebText HWT —2.0764 £ 0.3382 -
LGT  —1.9020 + 0.3206 -
English HWT —2.4837 +0.4190 —2.3163
Language LGT —2.1121 +£0.3756 -
Chinese HWT —2.4659 + 0.5137 -
LGT —2.2604 £ 0.4339 -
HWT —2.2381 + 0.4240 —1.9958
SlaTokens yGr 18309403431 -
Length

HWT —2.9355 £ 0.8295 -

64 Tokens LGT —2.3738 4+ 0.5330 ~

differences between logographic and alpha-
betic languages. This mismatch reduces the
detector’s performance on unseen languages.

¢ Variance Explosion (Shorter Texts): Infor-
mation sparsity in short texts leads to severe
variance explosion. For 64-token texts, the
standard deviation of HWT likelihood (o =
0.8295) is nearly double that of 512-token
texts (o = 0.4240). The expanded distribu-
tion range causes massive overlap between
HWT and LGT, resulting in significant per-
formance degradation for short text detection.

G Detailed Results

G.1 Generalization Results for Languages.

The detailed results of generalization for languages
in BINARY task and TRINARY task are presented in
Table 15 and Table 16.

G.2 Generalization Results for Domains.

The detailed results of generalization for domains
in BINARY task and TRINARY task are presented in
Table 17 and Table 18.

G.3 Generalization Results for Generators.

The detailed results of generalization for generators
in BINARY task and TRINARY task are presented in
Table 19 and Table 20.

G.4 Robustness Results for Cross-Domain on
Different Languages.

The detailed results for cross-domain on different
languages in BINARY task and TRINARY task are
presented in Table 21 and Table 22.

G.5 Robustness Results for Cross-Generator
on Different Languages.

The detailed results for cross-generator on different
languages in BINARY task and TRINARY task are
presented in Table 23 and Table 24.

G.6 Robustness Results for Cross-Paraphrase
on Different Languages.

The detailed results for cross-paraphrase on differ-
ent languages in BINARY task and TRINARY task are
presented in Table 25 and Table 26.

G.7 Robustness Results for
Cross-Perturbation on Different
Languages.

The detailed results for cross-perturbation on dif-
ferent languages in BINARY task and TRINARY task
are presented in Table 27 and Table 28.

G.8 Robustness Results for Cross-Length on
Different Languages.

The detailed results for cross-length on different
languages in BINARY task and TRINARY task are
presented in Table 29 and Table 30.
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Detectors. Train| Test — English Chinese Spanish Arabic French Russian Portuguese German Average
Metrics FP FF FP Fr FP Fr FP FF FP Fr FP FF FP Fr FP Fr FP FF
English 46.48 3948 5854 43.12 49.15 5644 4149 4648 3359 5508 40.60 46.81
Chinese 37.17 37.00 48.36 38.40 3518 45.89 3797 3948 3497 4485 3772 39.68
Log-Likelihood Spanish 5026 4836 3840 53.65 42.86 48.07 37.47
Arabic 4268 49.68 38.18 5227 41.57 53.98 37.00
French 4149 4589 3797 50.26 39.89 51.54 36.26
Russian 4648 3359 3948 3497 3385 49.18 33.39 34.19 33.35
Portuguese 40.60 4485 37.72 48.07 38.41 49.34 35.29
German 46.81 5571 39.68 50.05 42.28
English 47.78 4096 6134 4596 48.87 4460 5052 3492 5890 4395 51.91
Chinese 3823 51.58 43.80 37.59 4571 4728 4516 5029 5344 44.04 34.13
Log-Rank Spanish 45.24 36.69
Arabic 43.96 36.29
French 42.51 35.60
Russian 33.51 G885
Portuguese 41.23 35.30
German 4341
English 33.54
Chinese BN/
Spanish 34.12
Arabic 34.14
DetectLLM-LRR French 33.88
Russian 33.59
Portuguese 34.44
German 50.58 b 41.63
English 49.30 3770 46.12 3645 48.77 36.15 4890 38.77 49.99 49.56 36.04 3743 5294 4161
Chinese 49.02 4038 46.03 3848 48.65 39.36 49.77 43.55 49.87 39.21 42,64 5358 46.23
Spanish 4931 39.13 46.04 3736 4873 37.79 49.08 41.27 54.14 49.61 37.68 40.03 53.00 44.11
Fast-DetectGPT Arabic 4459 3522 42,10 3499 4456 3448 49.39 3557 43.06 4528 3438 50.69 3510 5188 37.98
French 4751 39.13 4479 3737 4793 3779 50.88  41.26 54.18 48.54 37.68 40.03 5415 44.12
Russian 4731 3876 4439 37.08 4748 3725 50.67 40.43 53.12 4830 37.10 3936 54.00 4347
Portuguese 49.32  39.84 46.03 3803 4872 38.79 49.04 4273 49.54 3873 41.80 5298 4551
German 4929 4054 46.06 3858 48.66 39.46 48.68 43.62 49.52 3943 42.83 5287 46.37
English 53.98 45.80
Chinese 53.98 45.80
Spanish
Binoculars Arabie
French
Russian
Portuguese
German
English 4352 0.00 0.00 0.00
Chinese 18046 0.00 0.00 0.00
Spanish 4081  0.00 0.00 0.00
ReviseDetect Arabic 47.50  0.00 0.00 0.00
French 4197  0.00 0.00 0.00
Russian 4333 0.00 0.00 0.00
Portuguese 40.80  0.00 0.00 0.00
German 4450 0.00 0.00 0.00
English
Chinese
Spanish
Arabic
GECScore French 425
Russian 42.50
Portuguese 42.62
German 42.23
English 37.52 3339 3462 3350 3552 3345 4492 3415 3753 33.60 4540 3392 3336 33.60 3945 3406 39.14 3371
Chinese 33.69 3330 3388 3341 3359 3338 3578 3377 3431 3353 3523 3375 3397 3344 3499 3375 3445 3354
Spanish 3551 3330 3504 3341 3531 3337 43.13 3378 3754 3354 4265 3375 3462 3345 39.97 3371 3827 33.54
Lastde++ Arabic 3672 33.32 3438 3338 3579 3337 4453 3369 3799 3348 4501 33.52 3422 3343 4001 3351 39.07 3346
French 36.52 3333 3457 3347 3570 3343 4444 3399 3817 3357 4480 33.87 3440 3355 40.05 3393 39.04 33.65
Russian 37.54 3335 3456 3349 3555 3344 4487 3401 3772 3358 4525 33.88 3348 3354 3990 3398 39.18 33.66
Portuguese 34.83 3330 3443 3341 3480 3337 4133 3378 36.68 33.52 4038 33.74 3479 3346 38.87 3372 3720 33.54
German 3643 3330 3474 3341 3567 3336 4420 3377 38.10 3353 4455 33.75 3448 3344 40.19 3375 3899 33.54
English
Chinese
Spanish
Arabic
RepreGuard French
Russian 0.00 003 000 17.01 027  0.00 0.00  0.00 .
Portuguese . . 0.00 3993 000 000 296 037 000 0.00 21.03
German 47.03 2879 0.0 0.00 3697 1735 132 076 692 328 1.00 027 3020 8.03 3458 24.20
English
Chinese
Spanish
X-Rob-Classifier ~ ATbIC
French
Russian
Portuguese
German
English
Chinese
Spanish
mDeBERTa-Classifier A1
French
Russian
Portuguese
German
English 4726 | 8343 39.53 | 81.03 3941
Chinese 3333 4371 3460 4391 3432
Spanish
Biscope 11:\:::;;:1 - 4844 3333 | - 4874 - 4461
Russian
Portuguese
German

Table 15: Performance Comparison of Different Detectors on In-Distribution and Language Generalization in
Binary Task. Detector performance is visualized using teal color gradients, with darker intensities indicating

superior detection capabilities.
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Detectors) Train] Test — English Chinese Spanish Arabic French Russian Portuguese German Average

Metrics FP Fr FP Fr FP Fr FP Fr FP Fr FP FF FP Fr PP Fr FP FF
English 3568 3568 30.77 30.77 2881 28.81 3531 3531 2543 2543 2396 2396 2938 2938 3892 3892 3195 31.95
Chinese 43.83 3561 39.15 3091 30.60 27.13 33.34 3480 2529 2429 22,17 2347 27.1 2800 43.05 3826 3452 3129
Log-Likelihood Spanish 3258 3258 2620 2620 4028 40.28 3748 3748 3846 3846 31.15 31.15 40.18 40.18 35.65 3565 3592 3592
Arabic 36.21 3041 32.64 2417 4601 4028 5027 3599 4496 39.03 3519 3335 49.05 4061 4540 32.03 4449 3528
French 3771 3069 34.06 24.28 43.08 4038 4856 36.19 4228 3899 3345 33.18 4489 4071 46.80 3243 43.63 3538
Russian 25.82 2285 2498 1996 36.71 2938 36.59 2276 39.32 30.27 44.89 33.07 41.07 3024 2497 1942 3594 26.76
Portuguese 35.11 30.00 31.63 2379 46.70 39.96 50.12 3566 4577 3880 36.73 33.74 50.54 4045 43.12 3105 4436 35.00
German 41.13 3507 3724 2946 39.57 3573 4324 3693 3585 32.17 26.13 2634 3722 3527 5232 3978 40.79 34.49
English 3550 3550 31.90 3190 3383 33.83 36.87 3687 30.04 30.04 2642 2642 3408 3408 3924 3924 3401 34.01
Chinese 44.09 3547 4128 3212 3625 3239 37.56 3652 31.78 2856 25.17 2577 3370 33.04 49.10 39.29 3880 33.49
Log-Rank Spanish 3433 3433 29.72 2972 3956 39.56 3828 3828 3743 3743 31.11 31.11 39.64 39.64 3521 3521 36.10 36.10
Arabic 36.24 3185 3342 2654 4638 39.58 50.53 36.68 46.06 3843 3957 34.13 50.86 4037 3850 29.80 44.04 35.32
French 3932 32,16 37.62 27.12 41.52 3992 48.68 37.12 4122 3853 3549 33.64 4420 4051 4409 3073 4335 35.58
Russian 2873 2526 27.19 2126 3739 3035 3992 2511 39.99 3130 4329 31.79 4097 30.75 2453 1929 36.62 2743
Portuguese 3751 3213 3549 2707 4533 39.85 5134 37.05 4433 3850 37.63 33.77 49.77 4053 41.81 30.59 4447 35.56
German 4329 3549 4127 3187 38.03 3452 41.16 37.03 3446 30.67 2651 2680 3627 34.67 5087 39.01 4049 34.26
English 33.87 3387 3695 3695 37.10 37.10 3870 3870 34.97 3497 3148 3148 3845 3845 28.02 28.02 3534 3534
Chinese 42.74 33.88 4690 36.93 41.16 37.09 49.94 3874 40.54 3483 3835 31.52 4569 3837 37.09 2845 43.72 3536
Spanish 3344 3344 36.88 36.88 3628 36.28 3839 3839 33.15 33.15 31.14 31.14 3746 3746 31.78 31.78 3511 35.11
DetectLLM-LRR Arabic 4225 3407 4552 3566 4071 36.19 51.98 37.37 41.15 3534 3946 3082 4470 3726 3059 23.83 43.01 3429
French 3894 3398 37.97 36.69 39.12 37.08 35.12 3848 37.79 35.18 32.15 31.37 40.03 3839 30.22 2692 3688 35.19
Russian 42.19 3409 46.62 3583 3933 3647 50.10 37.61 3994 3552 3791 31.04 4358 37.56 3385 2442 4278 3454
Portuguese 3374 3374 37.06 37.06 3686 36.86 3870 3870 3427 3427 3127 3127 3810 38.10 29.88 29.88 3533 3533
German 3531 2928 3545 3408 3523 27.11 2562 3492 2996 2478 2743 2685 33.65 29.69 42.06 35.54 3356 30.71
English 2633 2633 2459 2459 2588 2588 30.78 30.78 2636 2636 3251 3251 2654 2654 3090 3090 2859 28.59
Chinese 2600 2047 30.70 19.84 2580 19.85 4201 36.73 27.63 21.36 4049 30.56 2748 19.57 30.06 2046 3223 24.20
Spanish 2642 2642 2458 2458 2606 26.06 29.61 29.61 2623 2623 3158 31.58 2648 2648 30.87 30.87 2834 28.34
Fast-DetectGPT Arabic 22,15 19.12 2422 1843 2261 18.09 4345 2942 2347 1951 3563 2578 2286 18.06 23.70 18.87 2820 21.27
French 2452 2452 2291 2291 2448 2448 3448 3448 27.15 27.15 3492 3492 2505 2505 28.63 28.63 2855 28.55
Russian 2676 22.18 3033 21.02 28.12 22.08 43.14 3398 3090 2478 4435 3297 29.83 22.16 33.11 2461 3442 2627
Portuguese 2457 2457 23.04 2304 2467 24.67 3439 3439 2721 2721 3494 3494 2518 2518 28.84 28.84 2863 28.63
German 31.14 2560 33.06 2396 31.17 2572 3504 3332 3446 2734 4186 34.68 3380 2596 38.73 3029 3597 29.05
English 4324 3114 4325 39.12 4502 39.11 5402 3733 51.09 4202 4858 4208 49.87 4232 5308 3745 49.69 39.00
Chinese 2994 2597 4475 3627 3803 32.16 3501 3195 3931 3460 4295 3635 4278 3567 3142 2926 3836 3297
Spanish 3492 2597 4833 3627 4445 3216 3945 3195 4556 3460 4886 3635 50.37 3567 3594 2926 44.06 3297
Binoculars Arabic 42.09 3480 42.85 36.63 49.19 4039 4890 41.39 5340 4397 51.56 4282 52.89 4335 51.80 4323 4936 40.83
French 3793 31.14 47.61 39.12 4861 39.11 4273 3733 50.51 4202 51.05 42.08 53.54 4232 42.82 3745 4726 39.00
Russian 3492 2597 4833 3627 4445 3216 3945 3195 4556 3460 4886 3635 5037 3567 3594 2926 4406 32.97
Portuguese 3492 2597 4833 3627 4445 3216 3945 3195 4556 3460 4886 3635 5037 3567 3594 2926 44.06 3297
German 41.84 31.14 4849 39.12 52,17 39.11 4822 3733 5556 42.02 55.05 4208 57.52 4232 4885 3745 51.60 39.00
English 6248 5046 3591 3322 57.01 5034 58.14 4473 58.86 49.19 5695 47.21 5691 5126 57.60 4736 56.46 47.20
Chinese 3273 4231 52.64 4477 2253 24.01 3047 4276 2536 3176 24.14 30.96 2245 2887 2940 3430 3248 36.44
Spanish 56.77 4650 33.76 3258 5891 4955 49.14 3756 56.09 4546 5381 42.88 5946 49.76 53.72 4273 53.66 44.04
Revise-Detect Arabic 6255 5055 36.02 3324 5685 5032 5821 4490 5878 49.19 57.01 4726 56.74 5129 57.55 4742 5643 47.24
) French 5892 4891 3440 3288 5892 5033 5371 4196 5830 4797 56.02 4579 5897 51.03 5591 4532 5527 46.08
Russian 59.99 49.07 34.64 3290 59.10 5035 5468 4220 5875 4811 5637 4590 5885 51.11 5646 4554 5577 46.20
Portuguese 55.09 4454 3352 3247 5845 4854 46.57 3468 54.85 4397 5264 41.58 5935 4866 52.24 40.89 52.61 42.65
German 6256 50.68 36.04 3327 56.71 50.29 5838 45.14 58.77 4925 57.02 4733 56.66 5126 5744 4744 5640 47.29
English 64.44 4796 4834 2996 1684 0.00 51.36 3350 59.24 4754 1684 0.00 51.61 3930 54.66 4370 55.13 48.89
Chinese 48.08 41.17 5224 40.77 2058 0.00 43.50 47.65 4173 33.19 2058 0.00 41.57 2949 4877 3453 4123 44.62
Spanish 1741 000 16.67 16.67 17.41 0.00 16.67 16.67 1741 000 16.68 16.68 1699 1699 16.67 0.00 29.01 29.01
GECScore Arabic 64.55 4960 48.62 30.18 1680 0.00  59.61 42.15 56.69 47.13 1680 0.00 49.04 3786 5496 4546 5724 51.95
French 6392 4532 4838 2895 1741 0.00 4942 30.68 60.54 4505 1741 0.00  53.09 36.63 5521 4049 5594 47.05
Russian 16.67 16.67 16.67 16.67 16.68 16.67 1949 1673 16.67 16.67 29.07 1744 16.67 16.67 16.69 16.67 2036 16.77
Portuguese 65.60 5345 4853 3374 1456 000 4872 3678 62.85 53.11 1456 0.00 59.13 4799 5741 4838 5394 49.48
German 5826 4871 39.18 29.67 8.62 000 4651 36.65 5582 47.60 8.62 000 4721 3878 52.82 4479 5624 50.66
English 1670 16.70 16.76 16.76 16.66 16.66 16.67 16.67 16.67 16.67 16.67 16.67 16.67 16.67 16.67 16.67 16.68 16.68
Chinese 23.63 1687 2555 1694 2626 1698 2591 17.11 2430 16.84 2430 16.83 2581 17.14 2479 17.12 2524 1698
Spanish 18.63 1699 19.15 17.00 20.24 17.12 20.78 17.19 1938 16.84 19.10 1686 2035 17.24 20.05 17.14 1975 17.05
Lastdes+ Arabic 17.68 17.68 16.19 16.19 1639 1639 1688 16.88 16.07 16.07 1689 16.89 1624 1624 1645 1645 16.65 16.65
French 1732 17.17 1740 1720 17.80 1748 1807 17.53 17.36 17.04 1729 17.07 1789 1753 17.80 1740 17.62 17.30
Russian 2429 1678 2542 1687 21.83 1691 2193 17.62 21.75 17.05 2473 1752 2120 1697 2139 1745 2311 17.15
Portuguese 18.57 17.00 1840 17.00 1690 17.12 1689 17.19 16.95 1685 17.19 16.86 1689 1724 16.84 17.14 1737 17.05
German 1670 16.70 16.81 1681 16.66 16.66 16.67 16.67 16.66 16.66 16.66 16.66 16.66 16.66 16.67 16.67 16.69 16.69
English 49.69 4753 5131 46.56 47.86 5175 52.53 46.07 41.12 5130 44.64 4921 4735 5255 4422 4872 46.12 4511
Chinese 2558 4284 46.89 37.17 17.10 17.13 1677 17.68 1697 1699 1689 17.03 17.19 1724 1747 1749 2437 27.36
Spanish 1873 18.73 16.67 16.67 18.01 18.01 16.67 16.67 41.25 4125 16.68 16.68 34.61 3461 1699 1699 29.01 29.01
RepreGuard Arabic 2733 2143 3483 2780 1729 2335 2288 20.19 16.70 1829 2023 2490 17.09 21.10 1744 1741 2782 27.15
French 30.77 30.77 16.67 16.67 45.14 45.14 1674 1674 16.88 16.88 16.68 16.68 46.75 46.75 19.65 19.65 3192 31.92
Russian 16.67 16.67 16.67 16.67 16.68 16.67 1949 1673 16.67 16.67 29.07 1744 16.67 16.67 16.69 16.67 2036 16.77
Portuguese 27.17 2717 16.67 16.67 2537 2537 1667 16.67 41.87 4187 1668 16.68 17.17 17.17 17.09 17.09 2898 28.98
German 16.67 16.67 16.67 16.67 16.67 16.67 16.67 16.67 16.68 16.68 16.67 16.67 16.67 16.67 2231 2231 21.79 21.79
English 119666 9577 5726 56.60 74.12 59.58 7628 56.48 | 8332 7089 64.13 48.60 8263 6598 7725 6297 7758 59.22
Chinese 52.16 46.22 | 88.12 8791 47.02 4047 7658 5934 56.61 5412 56.19 51.98 5340 54.10 5830 5194 6142 37.08
Spanish 69.44 5354 5748 5345 [91.81 87.77 7535 6455 8096 5844 6623 5834 7274 5474 69.66 4745 68.10 5270
X-Rob-Classifier Arabic 79.79 6273 5233 53777 5583 40.64 | 9206 87.56 60.85 52.60 57.73 49.54 61.81 2537 60.70 55.10 6452 29.05
§ French 7691 79.11 5837 61.85 79.32 5801 7325 7021 93.05 9248 6548 62.09 81.57 7624 76.63 6262 7538 66.85
Russian 72.16 53.87 6277 5344 67.66 44.07 7577 4554 74.67 5371 89.56 86.91 73.57 5441 70.88 48.19 68.04 39.19
Portuguese 7443 6397 56.74 6626 7488 5332 7440 7404 80.23 6630 6406 64.06 9299 9283 67.53 51.87 7538 61.07
German 72.13 7079 5699 5852 63.80 45.13 7036 65.12 70.16 5444 5865 56.71 6447 5407 8833 8565 6252 4537
English 9785 9756 68.58 5730 8166 7035 8630 7338 8391 7193 77.60 6244 8653 7897 8182 66.73 83.08 7039
Chinese 59.38 41.73 | 9333 8457 40.02 2875 6848 5484 4878 3405 5167 36.81 5279 4238 47.54 31.13 59.50 41.03
Spanish 8547 8259 59.90 57.67 9552 9281 8753 79.85 8880 8291 79.69 5864 88.92 8494 8463 7428 8437 74.07
mDeBERTa-Classifier Arabic 7691 5722 5535 5327 5444 20.63 5820 4498 5623 45.74 62.14 51.03 5448 4475 6384 47.98
French 86.59 82.69 60.82 6322 84.84 2389 89.11 81.76 7477 5255 | 89.52 8443 8632 77.82 8435 68.28
Russian 7189 60.75 7578 67.59 6252 2307  80.04 71.68 69.53 3298 9226 89.28 69.83 5576 70.19 48.67 72.63 40.26
Portuguese 9032 89.13 70.14 6444 8403 3206 90.16 8428 8797 8336 8221 6132  96.08 9493 8201 66.05 8518 68.66
German 86.80 85.61 72.00 69.10 67.35 36.84 83.85 8091 77.12 5807 68.19 6547 7137 60.78 93.50 90.80 77.15 62.67
English 80.52° 68.88 2422 1892 50.73 27.70 H 59.05 33.04 4540 3135 5042 2694 4554 2692 4344 2229 5338 31.59
Chinese 3640 16.67 | 7148 5196 2889 17.34 3549 1667 3508 1749 29.06 16.67 27.58 17.05 2291 17.33 39.67 22.61
Spanish 56.85 4571 2553 17.67 | 7484 5643 2674 2048 | 7340 5180 4724 33.66 | 73.66 5290 63.26 4543 5845 41.60
Biscope Arabic 61.52 3979 2934 2033 38.02 2943 | 67.83 4054 41.14 16.67 5434 16.67 37778 3026 3343 2169 4954 27.64
French 5323 4341 2732 1870 | 71.09 5134 23.01 1898 | 7471 53.61 4034 30.52 | 7408 5437 60.70 4229 5630 40.38
Russian 5844 4052 24.07 1788  60.70 33.16 5124 3493 56.64 3336 6345 40.02 5850 38.14 59.63 29.30 57.58 32.17
Portuguese 4845 3252 2508 17.68 | 7140 5135 2734 2075 7294 53.18 4022 2884 | 7556 5626 6142 41.83 5597 4081
German 4779 3932 2415 17.17 | 7097 5224 2836 22.64 70.76 51.00 48.64 3373 | 71.18 51.02 70.03 48.56 56.79 41.45

Table 16: Performance Comparison of Different Detectors on In-Distribution and Language Generalization in
TERNARY Task. Detector performance is visualized using teal color gradients, with darker intensities indicating
superior detection capabilities.
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Detectors| Train| Test — Academic News Novel SEO ‘Wiki ‘WebText Average
Metrics L A N A N A N S S L . S S 2
Academic 46.73 46.43 37.00 44.66 5255 5405 4223 44.04
News 37.87 3525 4921 3347 35.79 34.62 35.46
Log-Likelihood Novel 50.71 ST/ 39.51 49.25 46.53 48.18
s SEO 44.27 42.54 35.65 41.73 39.49 41.98
Wiki 37.87 3525 48.62 3347 35.79 34.59 3537
WebText 40.27 37.61 50.63 34.06 37.77 36.12 37.23
Academic 47.95 4742 5564 3852 45.34 43.30 45.16
News 40.32 36.73 50.44 34.50 37.08 35.98 37.40
Log-Rank Novel 5248 54.00 41.38 50.63 48.08 50.46
s SEO 47.90 47.24 38.49 45.24 53.05 43.17 45.02
Wiki 39.87 36.28 48.64 3433 36.72 39.90 35.67 36.38
WebText 42.49 3921 5128 3534 39.02 4422 37.85 39.16
Academic 48.41 47.14 5424 3956 43.12 4895 5406 4343 44.27
News 45.38 4339 5035 38.01 40.47 44.66 40.62 41.81
Novel 49.73 48.71 40.21 44.70 50.88 54.18 44.85 46.86
DetectLLM-LRR SEO 53.38 53.51 - 42.10 49.06 4847 49.94
Wiki 44.96 42.84 5023 37.89 40.01 40.20 41.39
WebText 43.93 4152 51.65 3743 38.73 39.02 40.21
Academic 50.21 4499 5296 51.87 42.19 4131 5334 4085 4807 4638 5092 4598
News 47.66 43.55 49.74 4305 4048 53.34 39.15 5027 4500 51.80 4441
Fast-DetectGPT Novel 43.54 5408 40.73 4588 4460 38.74 51.20 36.94 5121 4228 5240 4122
SEO 44.96 41.52 4738 4409 3946 5274 3773 5123 4328 5270 4218
Wiki 47.65 4341 5292 49.71 4219 4041 5333 39.09 4805 4493 5120 4435
WebText 41.02 39.41 5750 4321 4427 3756 5232 3575 5124 4079 5278 39.63
Academic 52.18
News 52.18
. Novel 46.26 50.03 53.18
Binoculars SEO 5218
Wiki 52.18
WebText 52.18
Academic
News
. Novel
ReviseDetect SEO
Wiki
WebText
Academic
News
GECScore gggl 31.61 30.85
Wiki
WebText
Academic 39.84 33.63 3932 3336 4691 3405 2838 3320 3599 3334 3975 3351 3774 3344
News 38.58 3401 41.00 3342 4451 3501 2641 33.02 36.87 3331 4047 33.67 3631 3348
Lastde++ Novel 3933 33.66 36.68 3336 4694 3400 3039 3324 3517 3336 3803 3350 37.59 3341
SEO 3334 3357 3333 3336 3337 3377 3333 3326 3334 3336 3335 3346 3334 3344
Wiki 39.57 3406 4037 3341 4607 3512 2733 33.01 3653 3330 4029 33.67 3835 33.68
WebText 39.68 3389 39.88 3341 4677 3473 27.82 33.05 3626 3335 4020 33.61 3840 33.56
Academic
News
Novel
RepreGuard SEO
Wiki
WebText
Academic
News
. Novel
X-Rob-Classifier SEO
Wiki
WebText
Academic
News
mDeBERTa-Classifier Novel
SEO
Wiki
WebText
Academic
News
Biscope Novel
18cop! SEO
Wiki
WebText

Table 17: Performance Comparison of Different Detectors on Domain Generalization in BINARY Task. Detector
performance is visualized using teal color gradients, with darker intensities indicating superior detection capabilities.

G.9 Robustness Results for Cross-Operation
on Different Languages.

The detailed results for cross-operation on different
languages in BINARY task and TRINARY task are
presented in Table 31 and Table 32.
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Detectors. Train| Test — Academic News Novel SEO Wiki WebText Average

Metrics e F FE R FP R FF FF FP FF R FF FP FF
Academic 53.68 4137 3713 3317 3531 3023 4808 39.06 36.09 3340 3358 3072 3930 34.28
News 37.80 37.80 3592 3592 2691 2691 3772 3772 3885 38.85 3279 3279 3247 3247
Log-Likelihood Novel 4139 4139 3253 3253 3019 30.19 3881 3881 3242 3242 3031 3031 3468 34.68
SEO 5172 3949 41.00 3568 3584 2881 4997 39.04 4374 3773 3801 32.81 4200 34.90
Wiki 4815 36.68 4235 3572 3390 2616 4894 3678 4742 3894 3935 3246 4270 3334
WebText 3877 3877 3591 3591 2795 27.95 3847 3847 3836 3836 3299 3299 3357 33.57
Academic 53.14 4145 3774 3300 3505 3022 49.03 3975 37.05 3357 3378 3020 3925 3436
News 3790 3790 3634 3634 2728 27.28 3839 3839 3948 3948 3263 32.63 33.14 33.14
Log-Rank Novel 4147 4147 3149 3149 2975 2975 39.18 39.18 3171 3171 2925 2925 3227 3227
SEO 51.60 3943 4115 3596 3475 2852 51.04 3941 4487 3867 3761 32.57 41.63 3499
Wiki 51.57 3682 4127 3617 3192 2660 5083 3740 44.63 3954 3670 32.34 4276 3344
WebText 3874 3874 3624 3624 2804 2804 39.00 39.00 3897 3897 3274 3274 33.63 33.63
Academic 46.83 39.12 3828 32.84 3477 2933 5005 4096 4177 3551 3552 2939 39.19 3335
News 37.61 37.61 3512 3512 27.89 27.89 38.69 3869 38.65 38.65 3107 31.07 3298 3298
DetectLLM-LRR Novel 3844 3844 30.17 30.17 2862 28.62 4074 4074 3212 3212 2758 27.58 31.07 31.07
SEO 4771 3881 4035 3400 3520 2925 5123 4059 4409 3723 37.04 3048 40.69 34.13
Wiki 36.63 3668 36.69 3505 2823 27.14 3874 3731 39.61 3865 3307 31.03 3429 32.80
WebText 3840 3840 3479 3479 2876 2876 39.85 39.85 3815 38.15 3098 3098 3329 33.29
Academic 4357 3324 3599 2892 37.60 3142 3193 2383 3427 2717 3327 2742 3436 2755
News 3451 3451 29.69 29.69 30.60 30.60 23.66 23.66 2826 2826 2738 2738 27.41 2741
Fast-DetectGPT Novel 3213 3213 2809 28.09 3139 3139 2357 2357 2620 2620 2728 2728 2654 26.54
SEO 2942 19.00 2593 1875 2574 1971 2816 2028 2506 1800 2621 2020 2579 19.19
Wiki 3426 3426 29.53 2953 3093 3093 23.68 23.68 28.02 2802 2743 2743 2731 2731
WebText 3029 29.60 2649 2584 3092 30.14 2373 2287 2409 2361 2685 2615 2550 25.16
Academic 4741 3387 4535 3568 4353 3284 39.58 2831 4191 3266 4598 3405 4346 3254
News 5452 39.83 5321 4139 5160 39.29 4677 3431 5143 3991 5119 3895 5128 3829
Binoculars Novel 4741 33.87 4535 3568 4353 3284 3958 2831 4191 3266 4598 3405 4346 32.54
SEO 5452 39.83 5321 4139 5160 3929 4677 3431 5143 3991 5119 3895 5128 3829
Wiki 4741 3387 4535 3568 4353 3284 39.58 2831 4191 3266 4598 3405 4346 3254
WebText 4741 3387 4535 3568 4353 3284 39.58 2831 4191 3266 4598 3405 4346 3254
Academic 6235 4937 5496 46.61 4125 4026 5955 47.92 6213 5050 5589 46.81 5439 46.53
News 61.84 4878 5478 4628 41.86 4035 5849 4746 6139 50.13 5577 4637 5402 4657
ReviseDetect Novel 2826 1731 2669 17.93 2940 1804 2845 1805 2484 1779 2686 1749 2741 17.69
SEO 59.82 4878 5322 4628 3979 4036 6202 4746 5994 50.13 5353 4637 53.05 46.13
Wiki 59.69 4577 5314 4384 4303 39.69 5536 4479 57.88 47.68 54.19 43.53 53.87 43.08
WebText 60.67 4852 5410 4604 4251 4030 5679 4727 5972 4998 5520 46.17 54.83 46.66
Academic 6235 4937 5496 46.61 4125 4026 5955 47.92 6213 5050 5589 46.81 5439 46.53
News 61.84 4878 5478 4628 41.86 4035 5849 4746 6139 50.13 5577 4637 5402 4657
GECScore Novel 2826 1731 2669 17.93 2940 1804 2845 1805 2484 1779 2686 1749 2741 17.69
SEO 59.82 4878 5322 4628 3979 4036 62.02 4746 5994 50.13 5353 4637 53.05 46.13
Wiki 59.69 4577 5314 4384 4303 39.69 5536 4479 57.88 47.68 54.19 43.53 53.87 43.08
WebText 60.67 4852 5410 4604 4251 4030 5679 4727 5972 4998 5520 4617 54.83 46.66
Academic 2016 17.17 2332 1677 19.66 1723 1977 1692 2251 1684 21.67 1686 21.18 16.94
News 1667 1667 1678 1679 1667 1667 1667 1667 1666 1665 1666 1667 1667 16.67
Lastdess Novel 2441 17.10 2048 1675 2496 17.19 23.12 1690 21.72 1681 2148 1681 2269 16.84
SEO 1668 1668 1669 1669 1667 1667 1667 1667 1667 1667 1667 1667 1667 16.67
Wiki 2627 1793 2443 1698 2666 17.95 2510 1743 2547 17.16 2510 1711 2550 17.34
WebText 20.65 17.81 18.09 1693 2122 17.84 1986 17.35 1884 17.12 1853 17.06 1952 17.24
Academic 5111 49.85 4564 4426 4306 4251 4753 4594 4854 48.68 4329 41.07 4564 4441
News 23.80 1605 2619 1688 2330 17.93 2385 1684 2495 1674 2440 1729 2404 1697
RepreGuard Novel 4090 2640 3891 2259 4381 2489 4357 2401 3675 19.89 37.60 23.18 3859 23.43
SEO 2266 2123 2517 2269 2461 2392 2967 2600 2281 20.11 2726 2403 2532 22.89
Wiki 38.07 2749 3657 2586 3426 2606 3857 29.43 3915 2832 3539 2563 36.17 26.96
WebText 3512 3483 3477 273 3834 3239 3860 3153 3440 2760 36.66 30.56 36.03 3037
Academic 51.66 5457 5098 2588 | 7335 4506 58.69 6024 49.62 2480 6146 S51.41
News 80.79  75.60 7290 67.54 8547 6562 7711 7938 7610 70.18 7898 7348
Novel 7157 6719 6284 5321 80.86 7694 4538 6128 57.61 7294 61.66 7106 61.43

X-Rob-Classifier SEO 73.83 68.50 59.16 4501 5391 3240 69.87 5226 6149 4124 66.64 5579

Wiki 7400 6094 4386 2098 6656 47.10 70.03 45.76 6137 5102 6590 50.89
WebText 8512 7408 69.67 5370 7596 5644 [ 8826 5457 8410 8397 6993 B8L67 65.64

Academic 49.63 30.62 52.80 24.96 | 81.86 | 34.50 6326 4348 56.33 4340 66.62 47.63

News 84.18 7837 6861 7038 82.84
DeBERTaClassifier  NOVel 7807 6407 6187 4545 7562 4041 53.68 47.82 76353 6033 7LI2 5956
SEO 8090 70.15 6450 4134 6101 37.20 68.60 3039  67.88 5191 703 53.86
Wik 8247 6375 3815 7100 5875 7851 3431 7679 6639 77.59 62.12
WebText 8347 7466 8449 77.08 9162 69.18 82.65
Academic 79617 6211 5551 3727 4965 3825 | 6453 4432 5910 4409 5194 3633 5740 4161
News 6558 5357 6877 48.00 6059 3877 6220 4277 6556 47.38 6462 4135 63.67 4520
Biscope Novel 6789 5152 6158 3958 6586 4694 6189 3953 6206 4349 6039 3866 6202 43.00
SEO 73.08 5414 5791 3164 5631 3565 | 7507 5000 6425 4065 5641 30.94 6154 4140
Wik 6981 5738 6275 3066 57.22 3417 6348 4339 6831 5035 6158 3828 61.80 42.00
WebText 6738 4942 6772 4404 59.00 34.54 6301 3746 6661 4673 6820 44.11 64.89 4261

Table 18: Performance Comparison of Different Detectors on Domain Generalization in TERNARY Task. Detector
performance is visualized using teal color gradients, with darker intensities indicating superior detection capabilities.
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Detectors|. Train] Test — Deepseek-V3  Gemini-2.5-flash GPT-40 Qwen-Max Average

Metrics L O . N . R 2
Deepseek-V3 34.96 33.97 34.93 47.47 37.83
Log-Likelihood Gemini-2.50-flash 35.02 34.01 35.11 48.22 38.09
g GPT-40 3478 33.90 34.71 46.83 37.56
Qwen-Max 34.96 33.97 34.95 47.48 37.84
Deepseek-V3 35.53 34.12 35.56 39.50
Log-Rank Gemini-2.50-flash 35.82 34.19 35.85 40.01
& GPT-40 35.28 34.03 3542 39.20
Qwen-Max 35.27 34.03 3542 39.19
Deepseek-V3 38.18 35.49 38.44 42.52
Gemini-2.50-flash 38.06 35.41 38.28 42.38
DetectLLM-LRR GPT-4o 37.95 35.39 38.18 4227
Qwen-Max 38.18 5035 3549 38.43 42.51
Deepseek-V3 3929 4698 3881 4540 37.57 42.17
Fast-DetectGPT Gemini-2.50-flash 39.31 4685 3882 4544 3758 42.19
GPT-40 39.00 4695 3862 4548 37.33 41.82
Qwen-Max 3948 4681 3890 4544 37.68 42.33
Deepseek-V3
Binoculars Gemini-2.50-flash
GPT-40
Qwen-Max
Deepseek-V3 0.00
ReviseDetect Gemini-2.50-flash 0.00
GPT-40 0.00
Qwen-Max 0.00
Deepseek-V3
Gemini-2.50-flash
GECScore GPT-4o
Qwen-Max
Deepseek-V3 40.02 3358 41.00 33.66 3578 33.50 39.32 3342 39.03 3354
Lastde++ Gemini-2.50-flash ~ 39.83  33.57 41.05 33.69 3591 3349 39.10 3340 3922 33.54
GPT-40 39.06 3357 39.96 33.69 3567 3349 3796 3340 38.16 33.54
Qwen-Max 40.06 3358 41.17 3373 3578 33.50 39.70 3340 39.18 33.55
Deepseek-V3 46.19
Gemini-2.50-flash
RepreGuard GPT-40
Qwen-Max
Deepseek-V3
. Gemini-2.50-flash
X-Rob-Classifier GPT-do
Qwen-Max
Deepseek-V3
. Gemini-2.50-flash
mDeBERTa-Classifier GPT-40
Qwen-Max
Deepseek-V3
Biscoe Gemini-2.50-flash
P GPT-40
Qwen-Max

Table 19: Performance Comparison of Different Detectors on Generator Generalization in BINARY Task. Detector
performance is visualized using teal color gradients, with darker intensities indicating superior detection capabilities.
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Detectors] Train] Test — Deepseek-V3  Gemini-2.5-flash GPT-40 Qwen-Max Average
Metrics R FP R R R
Deepseek-V3 40.50 3425 3936 3253 4040 3519 47.13 4087 41.85 3571
Los-Likelihood Gemini-2.50-flash 3523 33.86 36.05 3239 33.18 3425 37.93 3840 3560 34.73
og-Likelihoo GPT-40 3999 3385 3697 3157 4225 3519 5024 4241 4236 3576
Qwen-Max 40.08 30.84 3555 27.81 4333 3279 5536 43.84 4358 3382
Deepseek-V3 40.40 3433 38.80 32.26 40.40 3540 4735 4128 4174 3582
Log-Rank Gemini-2.50-flash 3580 33.58 36.37 3222 3370 3432 3825 3809 36.03 3455
& GPT-40 4195 3428 3861 3191 4350 3542 51.69 4231 4394 3598
Qwen-Max 39.61 31.18 3504 27.68 4233 33.02 5472 4439 4293 34.07
Deepseek-V3 37.67 33.65 36.11 31.00 3678 3476 43.64 4040 3855 3495
DetectLLM-LRR Gemini-2.50-flash ~ 35.50 33.14 35.13  31.03 34.02 3422 3951 3839 36.04 3420
ctec GPT-40 40.66 33.46 37.29 30.36 42,12 3480 50.05 4195 4253 35.14
Qwen-Max 36.75 31.51 3258 2733 3849 3320 49.00 4334 3921 3385
Deepseek-V3 28.15 28.15 25.04 25.04 2422 2422 3707 37.07 28.62 28.62
Fast-DetectGPT Gemini-2.50-flash ~ 27.41 2741 2462 2462 2371 2371 3676 3676 28.13 28.13
GPT-40 16.67 16.67 16.68 1668 16.67 16.67 16.67 16.67 16.67 16.67
Qwen-Max 34.13 2786 30.56 2487 3235 24.03 4548 37.05 3563 2845
Deepseek-V3 4637 3836 43.69 3650  46.08 3729 5246 4343 47.15 38.90
Binoculars Gemini-2.50-flash = 46.37 3836 43.69 36.50 46.08 3729 5246 4343 47.15 3890
GPT-40 43.10 32.08 38.39 29.24 4232 3055 5149 39.09 4383 32.74
Qwen-Max 43.10 3208 3839 2924 4232 3055 5149 39.09 43.83 3274
Deepseek-V3 54.61 4480 5585 47.01 5557 4533 59.05 49.28 5627 46.61
ReviseDetect Gemini-2.50-flash = 5493 44.95 56.17 4707 5577 4541 5896 4938 5646 46.70
GPT-40 5427 4404 5544 4647 5535 44.83 5896 48.68 56.01 46.01
Qwen-Max 54.10 4408 5519 4651 5513 44.86 5883 4870 55.81 46.04
Deepseek-V3 54.61 4480 5585 47.01 5557 4533 59.05 49.28 5627 46.61
GECScore Gemini-2.50-flash = 54.93 4495 56.17 47.07 5577 4541 5896 4938 56.46 46.70
GPT-40 5427 4404 5544 4647 5535 44.83 5896 48.68 56.01 46.01
Qwen-Max 54.10 4408 5519 46.51 5513 44.86 5883 4870 5581 46.04
Deepseek-V3 1697 1699 17.18 1721 17.03  17.07 17.05 17.10 17.06 17.09
Lastdes+ Gemini-2.50-flash  16.70 1670 16.69  16.69  16.67 16.67 16.69 16.69 16.69 16.69
GPT-40 16.67 16.67 16.67 1667  16.68 16.68 16.67 16.67 16.67 16.67
Qwen-Max 18.67 1695 19.26 17.18 1921 17.02 1929 17.04 19.11 17.05
Deepseek-V3 2459 17.07 23.94 16.49 24.87 16.88 2566 17.00 24.77 16.86
RepreGuard Gemini-2.50-flash = 4226 21.46 45.54 22.59 4411 22,05 4532 2234 4431 2211
P! GPT-40 20.55 17.23  22.09 17.13 2374 17.15 2353 17.19 2248 17.18
Qwen-Max 2933 2604 2625 2450 2844 2550 3140 2698 2886 2576
Deepseek-V3
. Gemini-2.50-flash
X-Rob-Classifier GPT-do
Qwen-Max
Deepseek-V3
. Gemini-2.50-flash
mDeBERTa-Classifier GPT-40
Qwen-Max
Deepseek-V3 49.08 64.61 4097 | 66.14 4373  69.17 4499 6794 44.69
Biscope Gemini-2.50-flash | 67.68 44.79 68.60 4699 6636 4543 67.67 43.66 67.58 4522
P GPT-40 69.39 4548 6643 4723 6925 47.08 6991 4572 6875 46.13
Qwen-Max 6372 4372 5628 38.18  61.82 4112 7226 5323 63.52 44.06

Table 20: Performance Comparison of Different Detectors on Generator Generalization in TERNARY Task. Detector
performance is visualized using teal color gradients, with darker intensities indicating superior detection capabilities.
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Detectors.. Test| Lang — English Chinese Spanish Arabic French Russian Portuguese German Average
Metrics FP Fr FP FF FP 2 FP Fr FP FF FP FF PP Fr FP Fr FP FF
Academic 4039  56.69 37.69 47.50 38.24 49.79  47.05 48.62 35.18 45.17
News 3436 44.88 35.63 35.50 33.67 35.83 33.38 35.92
Log-Likelihood Novel 43.20 38.43 4297 37.74 49.73
og-Likelhoo SEO 3831 3727 35.97 34.42 42.20
Wiki 3436 4436 35.63 33.65 33.38 3591
‘WebText 3580 4626 36.34 34.12 33.60 38.09
Academic 43.84 39.13 41.09 3522 46.17
News 37.00 50.59 36.99 34.43 33.49 37.55
Log-Rank Novel 47.44 40.84 48.07 37.85
& SEO 43.82 39.10 40.95 49.73 35.15
Wiki 36.71 47.99 36.82 34.21 3732 51.08 3344
‘WebText 3891 51.80 37.63 35.52 40.69 5805 33.67
Academic 51.21 48.14 46.41 43.54 34.10 45.18
News 48.55 4491 41.99 39.98 45.15 3375 42.14
Novel 49.79 48.61 45.37 34.47 46.62
DetectLLM-LRR SEO 50.71 35.54 50.59
Wiki 3943 4492 33.67 41.71
‘WebText 3842 48.13 3361 40.57
Academic 4931 4029 46.04 3838 4873 39.27 49.08 49.61  39.15 42.51 46.06
News 4856 3931 4581 3751 4855 37.89 50.41 49.65 37.88 4038 44.38
Fast-DetectGPT Novel 4679 37.62 43.81 3637 47.08 3595 50.62 4790 3594 37.36 41.43
SEO 4798 38.14 4509 36.80 48.06 36.64 50.85 48.69 3651 38.43 4248
Wiki 4932 3932 46.04 3742 4871 37.88 49.05 49.54 37.88 40.31 4431
‘WebText 4751 3659 44.81 3560 4797 3524 50.87 48.57 3513 36.22 39.68
Academic 48.17
News 48.17
Bi L Novel 42.03
moculars SEO 48.17
Wiki 48.17
‘WebText 48.17
Academic 45.98
News 4247
. Novel 44.80
ReviseDetect SEO 50.44
Wiki 42.19
WebText 43.85
Academic
News
Novel
GECScore SEO
Wiki
‘WebText
Academic 37.04 3328 3440 3341 3560 3336 4481 3377 3797 3355 4514 33.65 3385 3346 39.89 3365 39.11 33.52
News 3777 3343 3442 3354 3524 3344 4412 3417 3683 33.66 4531 3399 3297 3359 3832 3413 3878 3375
Lastde++ Novel 3550 3330 3503 3342 3535 3338 4321 3376 37.57 3357 4270 33.62 3455 3346 40.04 33.66 3830 33.52
SEO 3333 3332 3333 3338 3333 3336 3333 3372 3335 3347 3337 3352 3336 3343 3334 3350 3334 3346
Wiki 37.60 3344 3450 3354 3555 3346 4490 3423 3758 3368 4536 33.99 3344 3360 39.50 34.17 39.16 33.77
‘WebText 37.28 3335 3458 3348 3556 3344 4493 3405 37.92 3361 4528 33.89 3377 3354 39.88 3403 3921 33.68
Academic
News
Novel
RepreGuard SEO
Wiki
‘WebText
Academic
News
. Novel
X-Rob-Classifier SEO
Wiki
‘WebText
Academic
News
. Novel
mDeBERTa-Classifier SEO
Wiki
‘WebText
Academic
News
Biscope Novel
15C0P SEO
Wiki
‘WebText

Table 21: Performance Comparison of Different Detectors on Cross Domain in different languages in BINARY Task.
Detector performance is visualized using teal color gradients, with darker intensities indicating superior detection

capabilities.
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Detectors). Test| Lang — English Chinese Spanish Arabic French Russian Portuguese German Average

Metrics FP FIF Ff? Flp FIR FIF FP Ff‘_ FP Flp FIR FlF FIB FF ng Ff'_ Fln FlF

Academic 41.66 3491 37.84 29.15 4025 3676 43.66 3729 36.82 33.64 2649 27.12 37.79 3634 5221 3941 4145 3495

News 3076  30.76 2437 2437 4041 4041 3625 36.25 3898 3898 33.18 33.18 40.69 40.69 3248 3248 3541 3541

Log-Likelihood Novel 3506 3506 2944 2944 3596 3596 37.04 37.04 3248 3248 2634 2634 3540 3540 39.71 39.71 3458 34.58
SEO 37.86 3258 33.77 26.19 4620 40.28 49.64 3748 4392 3846 3194 31.15 47.68 40.18 48.16 3565 44.16 3592

‘Wiki 3457 29.85 30.70 23.65 4738 39.84 4951 3544 4694 3887 3759 3384 5134 4034 4146 30.64 44.19 3490

WebText 31.60 31.60 2535 2535 40.52 40.52 37.18 37.18 3891 3891 32.16 32.16 4059 4059 34.11 34.11 3578 35.78

Academic 43.09 3536 40.67 31.56 40.12 36.63 43.69 37.54 36.85 3275 2798 28.01 38.83 3641 5091 3837 41.79 35.02

News 3239 3239 2744 2744 40.05 40.05 3738 3738 38.64 38.64 3339 3339 4058 4058 3129 3129 3574 3574

Log-Rank Novel 3546 3546 3192 3192 3425 3425 3698 3698 3046 3046 26.73 2673 3447 3447 39.06 39.06 34.17 34.17
SEO 39.44 33.84 37.58 2892 45.07 39.96 5047 38.09 4336 38.07 3430 3203 4797 40.18 4536 3398 4436 36.11

‘Wiki 3831 31.73 3642 2644 4275 39.51 5036 36.55 4256 3849 3721 3421 4641 4027 4285 2944 4394 3524

‘WebText 3330 3330 28.34 2834 40.15 40.15 37.83 37.83 3825 3825 3256 3256 4048 4048 3286 32.86 36.00 36.00

Academic 40.68 3294 4441 36.78 40.00 3557 4593 3822 3825 32.17 3692 30.81 4325 36.60 3932 3276 41.70 34.75

News 33.97 3397 3646 3646 3696 36.96 3828 3828 3541 3541 3140 3140 38.19 38.19 2634 2634 3506 35.06

DetectLLM-LRR Novel 3175 31.75 35.88 3588 3242 3242 37.05 37.05 2885 2885 29.19 29.19 3377 3377 3492 3492 3327 3327
SEO 4222 33.63 4551 37.02 4142 3662 4895 3853 40.09 3397 3841 31.26 45.16 37.87 37.67 3057 43.15 3526

Wiki 37.88 34.11 36.58 35.83 37.87 3648 3518 37.63 3748 3551 3153 31.06 38.62 37.58 2655 2442 3570 34.55

‘WebText 33.88 33.88 3693 3693 37.09 37.09 3874 3874 34.83 3483 3152 3152 3837 3837 2845 2845 3536 3536

Academic 30.03 2472 3270 23.10 30.87 2491 3838 3434 3438 2726 43.60 3493 3326 2538 38.09 29.05 3624 28.72

News 25.65 25.65 2397 2397 2575 2575 3327 3327 2737 2737 3468 3468 2599 2599 3039 30.39 29.06 29.06

Fast-DetectGPT Novel 2401 2401 2259 2259 2403 24.03 3443 3443 2675 2675 3474 3474 2456 2456 27.88 27.88 28.17 28.17
SEO 21.82 1753 26.62 17.80 2321 17.30 35.01 2839 2259 1723 3044 1986 2438 17.27 2508 1720 26.85 19.34

Wiki 2548 2548 23.82 2382 2570 2570 3339 3339 2734 2734 3475 3475 2598 2598 30.08 30.08 29.02 29.02

‘WebText 2255 2229 21.68 21.13 22.84 2225 3583 34.03 2541 2496 3428 3321 2281 2243 2535 2491 27.14 2645

Academic 3492 2597 4833 36.27 4445 3216 3945 3195 4556 3460 4886 3635 5037 3567 3594 2926 4406 3297

News 41.84 31.14 4849 39.12 5217 39.11 4822 3733 5556 42.02 55.05 42.08 57.52 4232 4885 3745 51.60 39.00

Binoculars Novel 3492 2597 4833 36.27 4445 3216 3945 3195 4556 3460 4886 3635 5037 3567 3594 2926 4406 3297
SEO 41.84 31.14 4849 39.12 52.17 39.11 4822 37.33 5556 42.02 55.05 42.08 57.52 4232 4885 3745 51.60 39.00

Wiki 3492 2597 4833 36.27 4445 3216 3945 3195 4556 3460 4886 3635 5037 3567 3594 2926 44.06 3297

‘WebText 3492 2597 4833 36.27 4445 32116 3945 3195 4556 3460 4886 3635 5037 3567 3594 2926 4406 3297

Academic 6193 50.13 3559 33.10 5794 5037 5733 44.08 5891 4894 57.06 4687 5770 5135 5741 4694 5644 4698

News 60.70 49.55 3492 3299 5888 5040 5559 4296 58.86 48.62 56.68 4644 5852 51.24 5691 4637 56.06 46.61

Revise-Detect Novel 2824 1746 21.68 1822 28.85 17.27 26.87 18.64 2742 1758 27.62 17.73 3149 1790 27.68 17.53 27.62 17.77
SEO 62.63 4957 3821 3299 5194 5040 5778 4296 55.65 48.62 53.88 4644 5357 5124 5507 4637 55.17 46.61

Wiki 57.55 46.80 34.07 32.63 59.11 49.62 5021 38.00 56.63 45.64 5449 43.15 5945 49.88 5427 4294 5420 4424

WebText 58.89 49.35 3438 3295 5871 5041 5372 42.61 5828 4837 5589 46.12 5877 5122 5588 4599 55.15 4643

Academic 66.03 60.96 53.63 4327 2131 1071 5342 4552 5819 58.63 2131 1071 5353 5259 5338 5391 5240 53.63

News 65.85 48.88 48.80 3041 1696 000 51.81 3439 61.71 4839 1696 0.00 5470 40.70 57.12 4478 5648 49.32

GECScore Novel 50.03 4938 30.78 30.18 0.55 0.00 37.13 3647 49.06 4842 0.55 0.00 40.57 3990 4596 4532 S51.11 50.53
SEO 60.86 56.86 53.88 37.86 2287 7.10 55.88 4730 5251 5352 2287 7.10 51.68 4550 5240 51.02 5191 5526

‘Wiki 65.83 4950 49.76 31.31 17.35 000 5097 34.07 61.56 49.17 1735 0.00 5545 42.12 56.19 4474 54.89 48.60

‘WebText 66.85 45.17 5538 30.74 2276 0.18 4948 2723 61.85 4531 2276 0.18 5579 37.52 5535 39.83 5279 4449

Academic 2332 1689 2400 1699 20.12 17.00 19.74 17.05 20.13 16.79 2240 1681 19.66 17.13 1928 17.07 2136 16.97

News 16.71 1670 16.77 16.81 16.66 16.66 16.67 16.67 16.66 16.66 16.66 16.66 16.66 16.66 16.67 16.67 16.68 16.69

Lastdett Novel 21.21 1686 2249 1696 24.10 1694 24.09 17.00 2237 1675 21.75 1681 2380 17.08 23.09 17.03 2298 1693
SEO 16.67 16.67 1671 16.71 16.67 16.67 16.67 16.67 16.67 16.67 16.67 16.67 16.67 16.67 16.67 16.67 16.67 16.67

Wiki 2462 1720 2642 17.32 26.64 17.64 2635 1776 24.71 17.17 2528 17.18 26.18 17.64 25.17 17.54 2586 17.44

‘WebText 1853 17.16 19.03 1727 20.13 17.60 20.63 17.62 19.20 17.11 1899 17.13 2027 17.56 1991 17.44 19.63 17.36

Academic 47.19 4845 4020 3778 5086 4896 4192 38.89 50.61 48.89 45.89 43.61 4981 4771 48.02 50.79 4647 4534

News 29.73 16.67 1941 16.67 16.65 17.86 15.03 16.67 16.65 1699 16.60 16.68 16.65 17.64 16.65 16.89 2443 17.12

Repreguard Novel 25.63 21.83 27.72 2733 40.56 2281 1993 1673  46.07 19.00 2258 16.71 4437 19.09 4228 1698 4036 23.60
SEO 16.75 16.69 16.67 16.67 30.70 29.05 16.69 16.67 2723 2486 18.05 1696 31.19 30.68 2455 2129 2565 23.35

Wiki 19.16 16.69 4241 16.75 4291 1675 16.83 4951 4740 1792 1688 37.54 48.15 1720 31.38 20.16 37.00 27.15

‘WebText 3430 3731 1842 16.69 47.77 4578 1672 16.67 50.09 31.70 1682 16.67 5134 40.17 3546 22.61 36.33 30.85

Academic 70.67 60.86 62.10 38.70 6443 1897  59.17 4623 7026 4740 6533 29.72 @ 6941 57.00 65.66 20.20 ' 66.06 34.45

News 79.23 7993 7695 7442 7584 7200 80.67 6728 84.08 79.85 79.05 74.07 - 84.06 7527 6899 79.99 73.26

X-Rob-Classifier Novel 7437 71.14 7029 5948 7254 58.13 7575 62.80 7838 61.63 6835 5582 8028 71.82 7511 6574 73.78 61.18
SEO - 8235 77.11 65.86 78.10 54.10 6470 4399 70.56 59.01 60.16 44.67 63.66 48.11 6227 5039 69.98 47.45

Wiki 73.09 45.08 61.13 4636 61.68 2255 6744 3749 6843 36.64 6493 4756 73.00 5448 6724 2138 68.19 28.60

‘WebText 18606 59.01 7701 63.05 7131 4349 | 8248 7293 7988 5459 7841 6126 8443 7340 7720 53.87  80.06 58.14

Academic 7598 63.00 67.68 5533 65.64 3625 6538 4271 71.13 50.67 7384 5460 7721 5948 68.89 39.51 69.67 46.18

News 83.57 8842 7393 8803 84.03 79.30 8175 89.10 8322

mDeBERTa-Classifier Novel 7131 6280 7594 5638 74.10 46.16 70.59 6631 76.58 54.84 7434 6394 76.12 69.55 75777 66.01 75.89 57.03
SEO 18607 7450 80.12 7096 83.16 6351 70.82 5336 7140 59.14 63.07 47.84 7142 5881 6341 4402 7384 48.62

Wiki 8435 81.55 66.67 6399 72.17 3074 79.81 7055 7745 61.55 7553 51.21 79.21 7633 58385 76.74 5536

WebTel 9334 8863 8724 7672 8498 5545 9209 $996 8930 7805 133 7835 7445 8976 T84

Academic 66.09 4480 54.63 3232 | 6340 50.89 59.22 3642 60.00 4859 53.63 1667 6299 5029 6232 41.04 60.94 39.07

News 62.74 4536 60.62 3471 7212 5157 52.63 2871 7244 5450 5830 36.05 7260 5514 6290 4570 64.65 45.28

Biscope Novel 65.65 50.13 53.70 29.87 | 7191 49.82 53.09 31.68 7135 52.17 5321 3198 7237 51.77 63.13 4437 6334 42.65
> SEO 66.12 3481 6430 4357 66.78 50.52 64.04 2995 6579 47.63 5223 1667 6726 4842 67.51 4515 6452 3748
Wiki 69.05 39.75 5843 4359 6841 5044 6089 32.89 67.93 4920 57.30 3245 7043 5096 5849 43.19 64.04 42.84

‘WebText 66.39 38.71 63.36 3148 | 71.57 5147 5353 2593 71.66 5280 5822 3249 73.19 5420 63.03 39.65 6539 42.02

Table 22: Performance Comparison of Different Detectors on Cross Domain in different languages in TERNARY Task.
Detector performance is visualized using teal color gradients, with darker intensities indicating superior detection
capabilities.
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Detectors). Test] Lang — English Chinese Spanish Arabic French Russian Portuguese German Average
Metrics R AR & S 3 S & D 0 O 0 D 0 S SR 0 2 D A S o
Deepseek-V3 3580 5130 36.34 38.24 34.10 3995 5484 4643 38.47 38.08
Log-Likelihood Gemini-2.50-flash 3590 54.15 3644 38.60 34.21 4031 5041 46.98 38.96 38.37
o GPT-40 3562 5128 36.23 37.73 34.04 39.60 45.79 38.15 31.79
Qwen-Max 3580 44.88 36.34 38.24 34.12 39.95 46.45 38.47 38.09
Deepseek-V3 39.13 37.68 40.66 35.61 43.63 5621 46.76 40.94 39.98
Log-Rank Gemini-2.50-flash 39.55 37.72 41.50 35.98 4452 47.39 41.64 40.50
e GPT-40 38.83 37.58 40.28 3543 43.26 46.11 40.54 39.65
Qwen-Max 38.83 4851 37.58 40.26 3543 4324 46.11 40.54 39.64
Deepseek-V3 49.50 46.19 43.15 43.37 46.86 39.84 41.27 43.19
DetectLLM-LRR Gemini-2.50-flash 49.39 45.92 4295 43.13 46.69 39.82 41.14 43.05
GPT-40 49.21 45.79 42.86 43.02 46.54 39.72 41.05 42.93
Qwen-Max 49.50 46.19 43.15 43.37 46.83 39.84 41.27 43.19
Deepseek-V3 4859 3821 4583 36.82 4850 36.66 5031 39.49 51.63 49.61 3651 54.00 4250
Fast-DetectGPT Gemini-2.50-flash = 48.19 3820 4540 36.84 4851 36.67 50.79 39.49 51.69 4898 36.51 5421 4253
GPT-40 48.58 3798 4580 36.69 4840 36.30 50.37  39.19 50.97 49.69 36.26 54.05 4213
Qwen-Max 4751 3825 4479 3690 4793 36.81 50.88  39.61 51.94 4854 36.64 54.15  42.66
Deepseek-V3 48.17
Bi 1 Gemini-2.50-flash 48.17
noculars GPT-40 4817
Qwen-Max 48.17
Deepseek-V3 0.00 4480 0.00 0.00 0.00 0.00 0.00
ReviseDetect Gemini-2.50-flash 0.00 4385 0.00 0.00 0.00 0.00 0.00
GPT-40 0.00 4480 0.00 0.00 0.00 0.00 0.00
Qwen-Max 0.00 43.09 0.00 0.00 0.00 0.00 0.00
Deepseek-V3 42.60
Gemini-2.50-flash 42.60
GECScore GPT-40 4260
Qwen-Max 42.50
Deepseek-V3 36.75 3331 3439 3341 3574 3338 4452 3380 38.03 3353 4499 3372 3411 3347 3371 39.06 33.54
Lastde++ Gemini-2.50-flash ~ 36.47 33.30 34.68 3341 3572 3337 4428 3378 3809 3352 4456 3374 3442 3344 40.19 33.74 39.00 33.54
GPT-40 3542 3330 3497 3341 3528 3337 4298 3378 3744 3352 4240 3374 3470 3344 3993 3374 38.18 33.54
Qwen-Max 37.29 3332 3455 3341 3556 3340 4494 3384 37.94 3350 4526 3373 3379 3344 3985 3377 3920 33.55
Deepseek-V3 0.00 0.00 25.17
RepreGuard Gemini-2.50-flash 22.40 17.55 39.23
P GPT-40 0.13 0.03
Qwen-Max 26.98 39.29
Deepseek-V3
. Gemini-2.50-flash
X-Rob-Classifier GPT-do
Qwen-Max
Deepseek-V3
. Gemini-2.50-flash
mDeBERTa-Classifier GPT-do
Qwen-Max
Deepseek-V3

Biscope

Gemini-2.50-flash
GPT-40
Qwen-Max

Table 23: Performance Comparison of Different Detectors on Cross Generator in BINARY Task. Detector performance

is visualized using teal color gradients, with darker intensities indicating superior detection capabilities.
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Detectors). Test] Lang — English Chinese Spanish Arabic French Russian Portuguese German Average

Metrics PR FP FF R K R R R R FP P FP FF FP K FP FF
Deepseek-V3 4160 3373 37.88 27.68 4105 3921 4390 37.95 3865 3691 2775 29.17 39.47 3885 49.02 37.68 41.94 3578
Log Likelihood Gemini-2.50-flash  39.07 3504 3373 2937 3859 3621 32.58 37.14 3411 3292 2324 2677 3370 3574 4236 39.56 35.69 3472
o GPT-40 3584 3258 30.85 2620 4676 4029 47.37 3748 4537 3846 3267 3115 4839 4018 43.18 3564 4251 3592
Qwen-Max 3458 2014 3134 2311 4568 39.11 4936 3435 4531 3846 37.99 3426 50.04 3995 4195 2931 44.04 3432
Deepseek-V3 4257 3467 4056 3043 4064 3879 4348 3822 3835 3628 2938 30.17 4005 3865 4749 36.64 4184 3590
Log-Rank Gemini-2.50-flash 4044 3548 3593 3177 3879 3526 3192 3722 3395 3144 2410 27.17 3446 3539 4277 3884 36.13 34.54
e GPT-40 40.15 3437 3819 2973 4458 39056 49.74 3830 4261 3738 3269 31.08 4650 39.65 4685 3533 4405 36.11
Qwen-Max 3758 3097 3574 2561 4199 3893 5005 3576 4208 3797 3771 3435 4603 3991 4123 2779 4342 34.60
Deepseek-V3 4055 3332 4073 36.88 39.88 36.13 34.89 3841 37.54 3290 3308 3106 40.16 3730 3928 3211 3870 3505
DetectLLM-LRR Gemini-2.50-flash 3826 3247 37.06 3648 39.67 3443 2998 37.72 3591 3101 30.55 3029 3874 3547 3652 3377 3616 3422
GPT-4o 4240 3384 4652 3697 40.12 3691 4671 3866 3942 3461 37.10 3146 4349 38.19 3876 29.13 4272 3534
Qwen-Max 4046 3407 4351 3569 3720 3623 4371 3736 37.65 3535 3480 30.85 39.87 3731 3324 2386 39.68 3432
Deepseek-V3 2538 2538 2359 2359 2541 2541 3376 3376 2726 2726 3487 3487 2586 2586 29.94 29.94 2897 2897
FastDetectGPT Gemini-2.50-flash 2449  24.49 2287 22.87 2445 2445 3448 3448 27.10 27.10 3491 3491 2500 2500 2862 2862 28.52 2852
GPT-40 1670 1670 1667 1667 1667 1667 1667 1667 1667 1667 1667 1667 1667 1667 1667 1667 1667 16.67
Qwen-Max 2999 2496 3244 2322 3072 2502 3778 3424 3423 2733 4331 3498 33.09 2549 3775 2941 3597 2882
Deepseek-V3 37.93 3114 4761 3912 4861 39.11 4273 3733 5051 4202 5105 4208 5354 4232 4282 3745 4726 39.00
Binocul Gemini-2.50-flash 3793 31.14 47.61 39.12 4861 39.11 4273 3733 50.51 4202 5105 4208 5354 4232 4282 3745 4726 39.00
inocutars GPT-4o 34.92 2597 4833 3627 4445 3216 3945 3195 4556 34.60 4886 3635 5037 3567 3594 2926 44.06 32.97
Qwen-Max 34.92 2597 4833 3627 4445 3216 3945 3195 4556 34.60 4886 3635 5037 3567 3594 2926 4406 32.97
Deepseek-V3 6124 4957 3518 3299 5875 5041 5627 4297 5891 4862 5683 4644 5837 5125 5701 4636 5628 46.61
Revise-Detect Gemini-2.50-flash 6235 49.72 3587 33.03 57.47 5038 57.37 4324 5877 4875 5687 4657 5736 5129 5725 4649 5646 46.72
GPT-40 6044 4885 34.82 3288 5922 5031 5505 4178 5871 47.87 5665 4570 5882 5101 5663 4525 56.02 46.02
Qwen-Max 60.01 48.88 3472 3288 5920 5033 54.69 41.87 5869 47.93 5646 4574 58.88 51.02 5648 4528 5583 46.05
Deepseek-V3 62.88 4548 4670 2826 1639 000 5030 31.92 5849 4504 1639 000 49.89 3592 5428 4161 5642 4853
GECScore Gemini-2.50-flash | 65.54 47.02 5298 2873 21.94 000 5604 3439 57.87 4633 2194 000 5215 3828 5476 4328 5552 49.62
GPT-40 6483 4468 49.68 28.02 19.10 000 5220 30.85 59.60 4446 1910 000 5112 3524 5509 40.67 5646 47.80
Qwen-Max 6221 4504 4633 2834 1600 000 4898 31.06 5843 4480 1600 000 4971 3553 53.77 4092 5575 47.82
Deepseek-V3 1700 1703 17.00 17.03 17.12 17.16 1720 1726 1685 1686 1687 1687 1728 1732 17.14 17.19 17.06 17.09
Lastdoss Gemini-2.50-flash 1670 1670 1680 16.80 16.66 16.66 1667 1667 1666 1666 1666 1666 1666 1666 1667 1667 1669 16.69
GPT-4o 1667 1667 1671 1671 1667 1667 1667 1667 1667 1667 1667 1667 1667 1667 1667 1667 1667 1667
Qwen-Max 1827 1700 1850 17.00 19.63 17.11 1990 17.17 1880 16.84 1855 1686 19.61 1724 1941 17.14 19.11 17.05
Deepseek-V3 3044 1667 2684 1667 1669 1693 1657 1667 1667 1691 1665 1668 1666 17.13 1668 17.04 2477 16.86
RepreGuard Gemini-2.50-flash ~ 34.03 3723 2428 22.02 4570 1746 3555 1688 5155 17.04 3305 1670 49.85 1680 4973 17.23 4432 2211
P! GPT-40 2212 1667 4085 1667 1667 1772 1668 1667 1667 1732 1669 1668 1667 1835 1667 1722 2250 17.18
Qwen-Max 1684 1670 1667 1667 3498 3171 1689 1671 3254 2777 1686 1668 3408 3513 30.83 27.99 2886 2575
Deepseek-V3
. Gemini-2.50-flash
X-Rob-Classifier GPT-40
Qwen-Max
Deepseek-V3
. Gemini-2.50-flash
mDeBERTa-Classifier GPT-do
Qwen-Max
Deepseek-V3 53.69 6243 2634 5237 6086 2552 5237 59.84 3577 5553 68.18 46.30 | 67.99 45.62
Bi Gemini-2.50-flash 5733 6240 42.63 51.63 6323 35.66 5009 5779 31.62 5246 6620 4673 6759 4525
scope GPT-4o 5854 63.84 44.86 5169 63.12  36.66 5079 6090 3587 5203 6841 4595 6875 4615
Qwen-Max 61.82 4519 59.32 4093 67.66 5045 56.11 30.90 50.80 5898 3545 5263 6157 4393 6379 4475

Table 24: Performance Comparison of Different Detectors on Cross Generator in TERNARY Task. Detector perfor-
mance is visualized using teal color gradients, with darker intensities indicating superior detection capabilities.
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Detectors). Test| Lang — English Chinese Spanish Arabic French Russian Portuguese German Average

Metrics FFF FP F FP R PP F FP R FP F R R FP FT FP R
Encoder-Paraph  31.38 3333 [IB9220 6634 33.92 3333 2854 3336 2898 3331 2528 3197 29.68 3335 3207 3332 3998 3836
Seq2seq-Paraph  30.82 3333 29.01 33.15 25.89 3333 2636 3331 2368 3331 13.09 31.88 2495 3331 3080 3332 2593 33.12

Decoder-Paraph  50.62 34.04 46.73 34.06 63.58 37.24 60.36 36.23 37.38 3337 3259 3226 41.18 3343 6385 33.86 50.07 34.32
Back-Translation ~ 31.65 33.36 31.06 33.23 55.10 3939 30.72 33.28 4744 34.61 4360 3447 3151 3333 4418 3332 4155 3442

Encoder-Paraph  31.27 3332 [IB9870 7297 3498 3332 29.69 3334 30.16 3331 2633 3196 30.68 3335 3240 3332 4066 39.68
Seq2seq-Paraph  29.87 3332 2896 33.14 2632 3332 2629 3329 2386 3331 1494 31.87 2561 3331 3133 3332 26.18 33.11
Decoder-Paraph  50.62 34.04 46.73 34.06 63.58 37.24 60.36 36.23 37.38 33.37 3259 3226 41.18 3343 6385 33.86 50.07 34.32
Back-Translation ~ 31.65 33.36 31.06 33.23 55.10 3939 30.72 33.28 4744 3461 4360 3447 3151 3333 4418 3332 4155 3442

Encoder-Paraph 3346 3330 [/8816101 80:87 | 39.06 3340 3942 3325 3462 3343 3363 33.17 3607 3338 3356 3333 4418 41.52
Seq2seq-Paraph 2249  32.76 28.09 33.04 2637 3322 26.14 3296 2363 33.16 2352 32.89 27.17 3331 3237 3333 2635 33.08
Decoder-Paraph 4598 3535 4434 3415 4999 3479 59.08 3536 4097 33.71 36.82 33.12 3829 33.57 6254 34.85 4757 3437
Back-Translation ~ 32.68 33.37 37.35 33.64 56.66 37.44 3849 33.14 4834 36.85 46.50 3523 4156 3351 4108 3339 4370 3459

Encoder-Paraph ~ 33.67 33.27 3836 33.22 3348 3329 4103 34.66 3544 3359 3464 3347 3264 3334 3685 3341 36.64 3355
Seq2seq-Paraph  29.66  33.04 29.37 3321 26.89 33.17 1837 3221 2503 33.14 2438 33.00 26.80 33.19 2856 33.26 2629 33.03
Decoder-Paraph  55.06 3574 63.40 43.04 69.35 46.86 6486 6552 52.16 3729 5959 3846 6736 4099 7232 4259 63.73 44.63
Back-Translation ~ 36.47 3351 48.01 3458 40.51 34.60 5229 42.01 4239 3450 4789 3739 3540 3346 4622 3481 4491 3572

Encoder-Paraph ~ 36.52 3410 44.82 4120 57.12 4130 5891 40.89 5264 3741 5507 40.11 5975 40.67 4243 3424 5158 38.82
Seq2seq-Paraph  30.75 33.02 37.19 3297 29.13 33.18 3270 3338 30.66 33.27 3214 33.16 29.67 3329 3232 3331 3251 33.20
Decoder-Paraph  64.99 4425 60.57 52.09 71.15 52.02 7822 5945 66.08 4528 7344 51.68 6159 42.08  76.64 51.37 6924 50.00
Back-Translation ~ 61.10 4024 64.69 4843 4870 3874 5925 40.10 6332 43.76 6698 4921 57.79 39.19 5743 3858 60.61 4245

Encoder-Paraph 000 000 367 000 080 000 000 000 003 000 003 0.00 008 000 000 000 054 0.00
Seq2seq-Paraph 943  0.00 035 0.00 .17 000 439 000 075 000 087  0.00 1.79 000 0.84 000 240  0.00
Decoder-Paraph | 57.88  0.00 | 47.06 0.00 [68.07 0.00 | 6547 0.00 [69.82° 0.00 [7517 000 | 5813 000 | 5842 000 | 6324 0.00
Back-Translation 473 0.00  0.07 0.00 1275 0.00 126 000 754 000 797 0.00 1.56 000 1686 0.00 6.92  0.00

Encoder-Paraph  27.97 2951 3076 29.73 25.14 28.65 29.73 29.99 26.11 29.66 27.49 2991 27.18 30.10 2527 2929 2748 29.61
Seq2seq-Paraph  35.02 3672 33.86 33.81 40.00 4451 32.12 3239 3298 37.00 3476 37.51 3280 3599 3236 3696 34.00 36.51

Log-Likelihood

Log-Rank

DetectLLM-LRR

Fast-DetectGPT

Binoculars

Revise-Detect

GECScore Decoder-Paraph [ 66,26 48.80 5245 43.10 58.08 34.83 5460 33.04 [ 7401 4434 6780 3562 5578 3293 | 50.04 3460 6154 3864
Back-Translation = 29.24 29.61 29.66 29.70 2878 2868 29.80 30.04 2898 2974 2860 29.93 2727 30.7 29.07 29.60 29.03 29.69

Encoder-Paraph | 47.07 3429 2793 3326 4864 3470 4643 3399 5201 3470 4761 3419 4876 3472 49.00 3473 4681 3433

Lastdess Seq2seq-Paraph | 65.90 3552 4646 33.69 | 7207 4111 5823 3544 | 69.99 37.82 69.12 37.93 | 6578 3776 6413 37.70 6458 37.16
i Decoder-Paraph  44.15 33.66 50.89 33.86 4952 3407 5028 3435 4835 3415 59.19 3492 5536 3477 4785 3397 5107 3422
Back-Translation 5440 3542 | 6053 3539 4345 3407 5125 3491 4749 3430 4507 3380 5244 3510 4362 3402 50.00 34.63

Encoder-Paraph  [[66:597 3.70 | 40.89 0.03 [66:61 75360074027 033 [66:59 68:567 67397 0.07 [66:61 172997 6655 50.18 6472 48.09

RepreGuard Seq2seq-Paraph | 6337 3.64 | 5371 007 | 6663 63.68 6484 033 6660 6096 6634 007 6661 6581 6655 3547 6489 4244
P! Decoder-Paraph | 67.78 | 324 | 5641 003 | 6725 8328 7204 033 | 6935 7646 6635 004 | 6676 8627 6661 4270 67.00 46.63
Back-Translation | 5440 3542  60.53 3539 4345 3407 5125 3491 4749 3430 4507 3380 5244 3510 4362 3402 5000 34.63

Encoder-Paraph  [19313200 81.06 1 33.56 33.11 927710 75.67 194521 85.947 790971 70.03 1881607 65.89 [OI59N 72.12 [87:247 56.33 8348 6547

X-Rob-Classifi Seq2seq-Paraph 3333 3846 5497 4165 5970 3398 56.83 3396 6675 3436 40.60 34.18 6438 3645 4689 3443 5308 35.18
ob-Classilier Decoder-Paraph 70.79 7932 6446 7594 5972 8079 63.60 69.00 5021 4540 7458 5642 7404 5565 7512 5874

Back-Translation

Encoder-Paraph | 86.44  74.02 33.61 4436 | 8836 70.18 [ 9347 8023 8309 6191 8198 6196 8192 5891 7601 58.80 8135 63.49
Seq2seq-Paraph 3525 3554 3449 39.16 43.14 3543 50.12 34.13 4453 3492 4130 3420 3427 36.83 5138 3511 4082 3524
Decoder-Paraph | 81.10  72.64 77.12 6581 73.19 5446 80.63 63.61 7893 66.23 4873 49.62 71.84 5385 66.60 56.14 7391 59.55
Back-Translation

Encoder-Paraph  41.10  33.18 5845 33.13 46.04 34.08 4470 3435 3586 3327 4630 33.79 4505 3379 4744 3337 46.09 3335
Seq2seq-Paraph  47.82 33.13 6252 33.08 50.61 33.10 6136 33.11 5044 33.12 3348 33.12 5549 3323 5502 33.12 5100 33.13
Decoder-Paraph ~ 65.05 38.62 ~ 71.59 41.76 7323 50.86 7242 45.00 7647 4892 5538 3829 6243 40.15 7185 40.84 68.06 41.42
Back-Translation = 66.39 34.42 57.10 3552 67.75 41.62 6396 41.54 68.79 4726 7459 4540 56.63 38.29 | 7827 49.90 65.88 42.57

mDeBERTa-Classifier

Biscope

Table 25: Performance Comparison of Different Detectors on Cross Paraphrase in BINARY Task. Detector perfor-
mance is visualized using teal color gradients, with darker intensities indicating superior detection capabilities.
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Detectors). Test| Lang — English Chinese Spanish Arabic French Russian Portuguese German Average
Metrics FFF FP F FP R PP F FP R FP F R R FP FT FP R
Encoder-Paraph ~ 19.14 1598 [ 5374 4886 2394 17.70 2593 1637 2301 1572 1658 1411 2431 1606 2609 1895 2834 21.78
Seq2seq-Paraph  18.96 1580 20.02 1524 20.85 14.28 2540 1566 2126 13.57 1199 9.09 2280 14.23 2564 1845 2142 1470

Decoder-Paraph ~ 30.27 2690 29.82 25.06 4194 3568 41.15 3134 2673 19.64 19.67 17.23 30.34 2223 4035 32.99 3308 26.52
Back-Translation  19.49 1633 20.71 1594 3492 2873 2633 16.81 3205 2500 2565 2338 2434 16.08 3192 2479 2860 22.08

Encoder-Paraph  23.58 1592 [60.34 4896 20.73 1823 2482 1680 19.72 1599 1584 1454 1994 1634 30.62 1880 2893 21.99
Seq2seq-Paraph  23.78 1536 26.53 15.10 20.35 14.13 2507 15.61 2040 1320 1328 9.63 20.78 14.04 3129 1834 2336 14.55
Decoder-Paraph  33.93  26.66 34.71 24.29 36.07 3457 40.17 31.44 2240 19.56 1854 17.39 2446 21.65 4555 33.18 33.00 26.17
Back-Translation ~ 23.88 1621 26.77 16.12 3147 29.61 25.13 17.22 28.12 2538 24.19 2350 20.18 16.82 36.16 2432 29.02 2221

Encoder-Paraph ~ 24.19 17.60 = 51.59 47.52 23.04 20.60 2099 21.50 21.51 1833 1996 17.95 2120 1891 2551 1837 2731 23.69
Seq2seq-Paraph  22.73  11.54 2221 1471 2137 1346 1810 1522 21.05 1225 18.09 12.64 2147 1393 2698 17.69 21.58 13.95
Decoder-Paraph ~ 31.05 24.66 27.64 23.53 2922 26.85 30.50 31.40 2487 21.85 21.52 19.53 2228 20.19 40.77 3347 2873 2526
Back-Translation ~ 23.67 17.20 2421 19.74 33.00 3058 2042 20.88 29.12 26.01 2675 2479 2429 22.14 2944 2227 2690 23.34

Encoder-Paraph ~ 18.87 16.81 21.97 17.63 20.14 17.09 2725 20.72 21.13 17.87 2515 17.95 2128 1691 2242 18.02 2271 18.14
Seq2seq-Paraph  17.92  16.10 20.62 1640 1878 1593 21.34 1525 1863 1554 2262 1580 1998 1598 20.74 16.65 20.26 16.00
Decoder-Paraph ~ 25.85 23.78 3474 3036 3826 3507 4498 3859 2944 2625 3559 2871 36.89 32.69 3868 3423 3621 31.76
Back-Translation ~ 19.65 17.79 25.82 21.53 2254 19.64 3391 2776 2371 2058 3091 24.13 2179 1778 2567 21.54 2625 21.96

Encoder-Paraph ~ 26.36 17.32 3348 21.84 3363 21.69 2887 21.69 29.68 19.22 3305 21.09 3543 2142 2425 1825 3111 2037
Seq2seq-Paraph 2591 16.66 2879 16.85 2931 16.72 2433 17.14 2764 1672 2941 1672 3185 16.80 2377 17.75 28.14 16.92
Decoder-Paraph 32,55 2359 39.99 2827 4027 28.18 4082 33.24 3452 2401 4052 2825 3615 2213 3476 28.18 38.00 27.13
Back-Translation ~ 30.10 21.23 37.77 26.02 32.16 20.09 2837 21.18 3374 2324 38.67 26.62 3447 2047 2694 20.81 3329 2257

Encoder-Paraph ~ 28.65 1574 18.09 16.16 2575 1425 30.61 15.16 2848 1519 29.10 1562 2659 1595 2886 1533 2750 1544
Seq2seq-Paraph  29.20 16.57 18.10 1627 26.05 14.44 3091 1581 2867 1542 2937 1590 27.03 1647 2933 1580 27.86 15.84
Decoder-Paraph  43.39  30.56 30.81 28.46 4199 3025 4344 2878 46.06 32.61 49.13 3518 3749 26.65 4006 2672 42.06 30.01
Back-Translation ~ 28.59 1595 17.84 16.02 26.02 14.94 3031 1507 2840 1560 29.00 1598 2652 16.01 2898 16.14 2747 1575

Encoder-Paraph  24.29 591 2604 625 1660 0.00 2568 627 2242 574 1663 000 1938 3.19 2206 567 2698 11.99
Seq2seq-Paraph  25.12 629 2656 645 1664 0.01 2602 643 2311 614 1663 0.00 1971 340 2275 6.07 30.07 14.54

Log-Likelihood

Log-Rank

DetectLLM-LRR

Fast-DetectGPT

Binoculars

Revise-Detect

GECScore Decoder-Paraph ~ 31.51  12.68 29.76 9.70 20.60 4.64 2874 894 31.03 1395 2145 554 2267 671 2686 1030 4021 24.97
Back-Translation 2436 597 2598 620 1652 0.9 2570 628 2256 590 1656 0.04 1938 320 2227 590 2685 12.24

Encoder-Paraph ~ 16.67 16.67 16.67 16.67 16.67 16.67 16.67 16.67 16.67 16.67 16.67 16.67 16.67 16.67 16.67 16.67 16.67 16.67

Lastde++ Seq2seq-Paraph  16.66 16.66 16.64 16.64 16.66 16.66 16.66 16.66 16.67 16.67 16.67 16.67 16.66 16.66 16.67 16.67 16.66 16.66
i Decoder-Paraph ~ 16.67 16.67 16.67 16.67 16.67 16.67 16.67 16.67 16.67 16.67 16.67 16.67 16.67 16.67 16.67 16.67 16.67 16.67
Back-Translation ~ 16.67 16.67 16.66 16.66 16.67 16.67 16.67 16.67 16.67 16.67 16.67 16.67 16.67 16.67 16.67 16.67 16.67 16.67

Encoder-Paraph ~ 16.67 16.67 16.67 16.67 2497 2445 1667 16.67 2244 1882 16.67 16.67 2236 2750 2458 1695 25.15 20.31

RepreGuard Seq2seq-Paraph  16.62 16.64 16.65 16.66 1572 898 16.67 16.67 1427 1055 16.63 16.66 1721 1258 20.74 1690 2289 16.45

Decoder-Paraph ~ 31.87 16.67 19.72 16.67 1858 1828 2278 16.67 35.16 17.10 16.83 1643 17.16 19.66 1696 16.87 2589 17.31
Back-Translation = 39.98 16.67 2452 16.67 16.69 1834 2233 16.67 1670 1722 1680 16.67 16.67 1939 1679 16.89 2681 17.34

Encoder-Paraph  [JOGEINNOSH7IN02270 60.55

Seq2seq-Paraph | 6845 62.08 67.93 51.83 66.49 61.97 67.72 56.98 7444 62.20 63.55
Decoder-Paraph 5875 58.44 5720 5292 59.08 55.68 68.14 63.83 5436 54.63 50.57 47.74 6141 59.08 67.03 6447 59.77 57.44
Back-Translation

X-Rob-Classifier

Encoder-Paraph
Seq2seq-Paraph
Decoder-Paraph = 59.24 5899 56.18 52 14 57.14 53.68 67.69 6581 5534 5431 52.82 4728 60.65 5864 6821 64.67 59.87 57.08
Back-Translation | 93.99 9257 91.15 8533 9433 9276 9556 9436 9579 95.18 9507 93.58 8929 8596 9641 9515 93.67 90.64

Encoder-Paraph 40.27 32.19 | 6470 21.81 3834 21.04 3537 1855 36.02 1872 29.88 17.58 39.08 21.15 4559 2390 4333 2226
Seq2seq-Paraph | 65.02 29.78 = 66.32 28.07 | 70.86 46.43 68.12 24.30 | 71.02 4356 3352 17.71 | 72.04 5052 6931 4696 6542 35.18
Decoder-Paraph 4524 27.41 44,67 19.51 49.15 21.56 4343 20.64 4041 21.99 3459 19.81 40.65 22.60 4559 2636 43.08 22.28
Back-Translation = 44.12 3044 33.17 18.48 4385 2223 36.72 19.24 4807 2597 4442 2323 3836 2220 5194 3139 4317 2503

mDeBERTa-Classifier

Biscope

Table 26: Performance Comparison of Different Detectors on Cross Paraphrase in TERNARY Task. Detector
performance is visualized using teal color gradients, with darker intensities indicating superior detection capabilities.
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Detectors] Test] Lang — English Chinese Spanish Arabic French Russian Portuguese German Average
Metrics . FF FP F R FF FP FF PP FF FP FF FP FF FP  FF PP FF
Character-Insertion 30.50 3333 2829 33.13 2519 3332 2582 3329 2268 3331 14.84 31.90 2397 3331 3063 3333 2572 33.12
Log-Likelihood Character-Deletion 30.50 3333 2829 33.13 2521 3332 2584 3329 2274 3331 1621 3190 2397 3331 30.63 3333 2597 33.12
s Character-Substitution ~ 30.50  33.33 2829 33.13 25.19 3332 2582 3329 2267 3331 1238 3190 2393 3331 30.63 3333 2529 33.12
Zero-Width Insertion ~ 30.98  33.33 2851 33.13 27.66 3332 2689 3329 2586 3331 3199 3190 2750 3333 3098 3333 3039 33.12
Character-Insertion 29.54 3332 2826 33.14 2586 3332 2597 3327 23.03 3331 1772 3196 2491 3331 3126 3333 2625 33.12
Log-Rank Character-Deletion 2948 3332 2810 33.13 2569 3332 2587 3326 23.02 3331 2022 3198 2488 3331 31.18 3333 2662 33.12
& Character-Substitution ~ 29.52  33.32 2826 33.14 25.85 3332 2591 3327 23.01 3331 1430 31.96 2486 3331 31.26 3333 2567 33.12
Zero-Width Insertion ~ 33.09  33.32 29.59 33.14 3267 3332 2998 3327 30.87 3331 3640 3201 3269 3333 3218 3333 3367 33.13
Character-Insertion 27.03 3273 33.00 33.15 29.37 3321 3645 33.01 2631 33.16 36.61 3295 3029 3330 3239 3333 3187 33.11
DetectLLM-LRR Character-Deletion 31.09 3286 2848 33.01 3280 3325 3895 33.01 3149 3321 4382 3348 3454 3327 3276 3333 3499 33.18
Character-Substitution ~ 22.08 32,72 2742 3299 26.19 3321 2607 3299 2297 33.16 2320 3288 2686 3328 3230 3333 26.02 33.07
Zero-Width Insertion ~ 47.84 3547 49.60 34.56 54.88 3438 57.38 33.60 5238 3558 5488 3543 5518 3401 4140 3333 5258 34.56
Character-Insertion 2998 3296 3055 33.24 3024 3323 27.63 3279 30.64 3332 3474 33.64 29.62 3320 36.13 3357 3156 3325
Fast-DetectGPT Character-Deletion 30.63 33.02 31.61 3327 3268 3334 3559 3389 31.37 3337 3560 3378 3095 3324 3580 3348 33.68 3343
- Character-Substitution ~ 29.41 3296 30.03 3320 28.10 3321 2796 3291 2647 33.15 2629 33.05 27.81 3320 2951 33.28 2859 33.12
Zero-Width Insertion  30.82  33.00 3221 33.24 30.11 3325 3725 3503 3037 3322 3258 33.16 29.92 3320 3333 3335 3282 3345
Character-Insertion 3120 3299 5141 3995 4338 3495 5182 3689 52.06 3649 5557 39.60 4885 36.53 4260 3397 47.90 36.48
Binoculars Character-Deletion 36.59 3391 6091 4594 5490 3885 5973 4043 5852 39.13 60.80 42.04 5933 4149 4559 3436 5552 39.65
Character-Substitution ~ 27.90  32.76  49.49 3599 30.96 33.17 38.09 33.55 3638 3349 34.13 3348 3265 3342 3751 3350 3699 33.69
Zero-Width Insertion  30.32 3296 42.09 3458 3843 34.14 5331 38.09 4445 3504 4513 3573 4075 3467 3857 3370 4206 34.87
Character-Insertion 008 000 000 000 037 000 02 000 012 000 006 000 052 000 028 000 024 000
Revise-Detect Character-Deletion 0.00 0.00 0.00 0.00 0.19 0.00 0.04 0.00 0.00 0.00 0.00 0.00 0.11 0.00 0.03 0.00 0.06 0.00
” Character-Substitution ~ 0.30 000  1.10  0.00 170 000 061 000 060 000 037 000 141 000 109 000 096 0.00
Zero-Width Insertion 0.03 0.00 0.00 0.00 0.03 0.00 0.00 0.00 0.06 0.00 0.11 0.00 0.03 0.00 0.00 0.00 0.04 0.00
Character-Insertion 30.98 31.82 30.86 3093 2937 31.85 3292 3312 27.60 30.89 30.83 33.87 2877 31.54 2788 3175 2944 3198
GECScor Character-Deletion 33.12 3387 3722 3722 31.73 3459 36.15 3632 30.18 3357 3320 3536 3279 35.16 31.07 3454 3249 3474
core Character-Substitution ~ 31.79  33.52 36.41 3644 3268 3534 38.88 3892 3141 3417 3396 3605 3299 3537 31.99 3506 3281 35.05
Zero-Width Insertion 3141 3238 3297 33.02 29.63 3145 33.06 3327 2750 31.07 30.01 3305 2893 31.82 27.03 30.89 2932 31.87
Character-Insertion 37.37 3358 4214 3377 4296 3400 3698 3356 4257 3410 4650 3390 3891 3394 4311 3431 4159 3390
Lastdest Character-Deletion 4044 3372 5286 3444 4926 3460 43.61 3411 4641 3437 4703 3406 44.17 3444 4577 3420 4645 3424
Character-Substitution ~ 32.66  33.27 32.69 33.38 2993 3322 3593 33.63 3245 3347 3050 33.18 28.17 3327 2990 3329 3179 3334
Zero-Width Insertion ~ 37.92 3341 4621 33.82 3763 3366 39.76 3382 39.00 33.61 39.10 3344 3532 3345 3728 33.69 39.19 336l
Character-Insertion 6354 370 [6541 0.07 [66.61 0.33 [166.59 66:34 0.07 [66.61 66.55 5593 6695 52.22
RepreGuard Character-Deletion 63.75 370 6430 007 6661 6412 6489 033 6659 6402 6633 007 6661 66.02 66.54 39.01 6581 43.61
P! Character-Substitution = 63.56 3.70 | 6527 0.07 | 66.61 6857 66.86 033 | 66.59 66.33  0.07  66.61 70.14 6654 5027 66.11 47.48
Zero-Width Insertion | 63.15 | 3.70 | 6492 0.07 | 66.61 19546 6528 0.33 | 66.59 6633  0.07 66.61 | 9736 66.54 59.39 6583 57.14
Character-Insertion
. Character-Deletion
X-Rob-Classifier Character-Substitution
Zero-Width Insertion
Character-Insertion
o Taecr Character-Deletion
mDeBERTa-Classifier oy, acter. Substitution
Zero-Width Insertion
Character-Insertion 41.84 3315 33.11 4574 33.11 3634 3341 4121 33.14 3437 3329 4553 33.15 | 6458 3311 4333 33.19
Biscope Character-Deletion 44.14  33.17 33.19 4527 33.11 41,58 3423 4289 33.18 4071 3398 47.61 33.18 62.60 33.11 4865 3343
P Character-Substitution | 7622 33.29 33.11 33.12 4999 33.11 33.22 [ 55.69 33.12 33.15 33.14 | 7336 33.19
Zero-Width Insertion 59.05 33.66 33.14 7032 3348 56.66 34.70 33.84 5519 33.70 34.26 3417 6424 3371
Table 27: Performance Comparison of Different Detectors on Cross Perturbation in BINARY Task. Detector

performance is visualized using teal color gradients, with darker intensities indicating superior detection capabilities.
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Detectors] Test] Lang — English Chinese Spanish Arabic French Russian Portuguese German Average
Metrics . FF FP F R FF FP FF PP FF FP FF FP FF FP  FF PP FF

Character-Insertion 18.58 1572 19.30 1495 2039 1409 24.64 1554 2036 1327 11.85 942 2220 13.86 2476 18.26 20.85 14.61
Character-Deletion 18.58 1572 1931 1495 2039 1409 2466 1555 2035 1328 1219 9.80 22.18 1385 2474 1826 2091 14.68

Log-Likelihood Character-Substitution 18,58 1572 1930 1495 2041 1409 2465 1553 2036 1327 1133 872 2220 1384 2475 1826 2074 1447
Zero-Width Insertion 1876 1589 1938 1503 2085 1477 2473 1577 2108 1432 1841 1612 2299 1499 2482 1834 2248 1637
Character-Insertion 2263 1527 2542 1482 19.08 1410 2363 1559 1881 1310 1202 1066 1909 1395 3049 1803 2199 14.63
Log-Rank CharacterDeletion 2247 1528 2549 1482 1866 1412 23.53 1560 1826 1317 1293 1160 1862 1401 3038 1803 2198 14.83

Character-Substitution ~ 22.81  15.06 25.22 14.66 20.08 13.72 2406 1535 19.74 1263 11.87 898 1998 13.55 30.66 18.16 2246 14.15
Zero-Width Insertion 2299 1676 2484 1538 18.66 1672 2504 1676 1879 1638 20.02 1894 19.60 1688 29.69 1831 24.05 17.73

Character-Insertion 19.98 14.05 2078 1734 17.70 15.11 19.04 2045 1694 13.69 21.36 19.63 18.08 15.84 2422 1759 2023 17.00
Character-Deletion 2235 1639 1939 1476 1975 1720 2025 21.71 1975 1650 2528 23.55 2040 1821 2437 17.77 2208 18.73
Character-Substitution  18.70  11.36 21.74 1432 17.70 1341 1476 1523 16,57 1195 1522 1250 17.61 1380 2539 1745 1848 13.79
Zero-Width Insertion  31.88 2575 29.98 2676 3233 29.66 29.07 30.98 31.74 28.19 31.03 2925 3224 30.01 2974 23.09 31.58 2842

Character-Insertion 16.65 1573 1830 1632 17.60 16.31 1987 16.98 17.88 1632 21.10 1834 1794 1606 2048 18.70 1891 16.99
Character-Deletion 1683 1591 18.67 16.69 18.27 1698 2288 19.97 1810 1653 21.34 1856 1838 16.50 20.15 1839 19.66 17.74
Character-Substitution ~ 16.52  15.61 18.19 1621 16.95 15.67 1998 17.08 1659 1505 1833 1557 17.54 1565 18.14 1639 18.00 16.08
Zero-Width Insertion 1687 1595 18.79 1679 17.51 1622 2388 20.94 17.68 16.12 20.13 17.37 17.94 16.04 1922 1745 1942 17.50

Character-Insertion 25.83 1675 32.82 2099 2991 1780 27.02 1931 29.18 1876 32.83 20.66 3274 1882 2391 17.56 29.77 18.87
Character-Deletion 2623 1729 36.53 2456 3221 2026 29.16 2140 3074 2034 3433 2218 3571 21.88 2421 17.84 31.65 20.81
Character-Substitution ~ 25.79  16.60 30.40 18.63 29.28 16.72 25.12 1732 27.61 1686 29.64 16.93 3147 1693 23.64 17.29 2833 17.17
Zero-Width Insertion 2584 1673 29.71 17.80 29.59 17.33 27.84 20.11 2839 17.85 30.66 1831 31.89 17.70 2373 1740 2893 1791

Character-Insertion 30.03 1697 2224 2036 2642 1472 3875 22.12 2886 1555 2944 1594 2674 1609 2928 1572 29.12 16.90
Character-Deletion 34.86 21.13 2259 2071 26,51 1481 3157 1602 2924 1590 2942 1591 26.69 16.03 29.08 1553 29.09 16.87
Character-Substitution = 33.53  20.01 22.86 2097 26.60 1493 3372 17.92 2864 1536 29.28 1579 27.08 1645 2939 1585 29.23 17.03
Zero-Width Insertion  28.63  15.71 21.70 19.83 25.86 14.16 3800 21.50 2858 1529 2880 1534 2640 1574 2879 1526 2849 16.32

Character-Insertion 2525 636 2804 7.04 1663 000 2655 6.65 2254 581 1663 0.00 1939 320 2216 573 2946 14.04
Character-Deletion 25.13 630 2799 7.02 1663 0.00 27.03 685 2276 594 16.63 000 1976 343 22.64 601 3057 14.94

DetectLLM-LRR

Fast-DetectGPT

Binoculars

Revise-Detect

GECScore Character-Substitution ~ 24.64  6.08 2797 7.01 16.63 0.00 2754 7.06 2284 598 1663 000 1976 343 2269 6.04 3066 1501
Zero-Width Insertion 2532 6.38 2798 7.02 16.63 0.00 2660 6.68 2254 582 1663 0.00 1941 322 2217 574 2959 14.15

Character-Insertion 16.65 1573 1830 1632 17.60 1631 1987 1698 17.88 1632 21.10 1834 17.94 16.06 2048 18.70 1891 16.99

Lastdes+ Character-Deletion 16.83 1591 18.67 16.69 1827 1698 2288 19.97 18.10 16.53 2134 1856 1838 16.50 20.15 1839 19.66 17.74
astde Character-Substitution ~ 16.52  15.61 18.19 1621 1695 15.67 1998 17.08 16.59 1505 1833 1557 17.54 15.65 18.14 1639 18.00 16.08
Zero-Width Insertion 1687 1595 18.79 1679 1751 1622 23.88 2094 17.68 16.12 20.13 1737 1794 16.04 1922 1745 1942 17.50

Character-Insertion 1897 16.67 2871 16.67 16.68 1693 1676 16.67 16.67 1682 1690 16.67 16.67 1728 16.68 16.81 2042 16.81

RepreGuard Character-Deletion 1846 16.67 3527 16.67 16.68 1677 1676 16.67 16.67 1679 16.69 16.67 16.67 17.10 16.68 16.81 22.12 16.77

Character-Substitution ~ 19.57  16.67 25.69 16.67 16.68 17.52 16.72 16.67 16.66 17.05 16.69 16.67 16.67 1825 16.68 16.73 19.50 17.03
Zero-Width Insertion 1973 16.67 26.19 16.67 16.67 17.50 16.73 16.67 16.66 17.05 16.70 16.67 16.67 1825 16.67 1673 19.52 17.03

Character-Insertion
Character-Deletion
Character-Substitution
Zero-Width Insertion

X-Rob-Classifier

Character-Insertion
Character-Deletion
Character-Substitution
Zero-Width Insertion

Character-Insertion | 51.92° 3336 4747 17.82 [5743 2188 3940 1828 [56:65 20.12 2990 17.34 [57.12° 2278 [66717 34.04 5177 2404
Biscope CharacterDeletion 4492 3299 5495 21.52 5054 20.19 3619 1872 5003 1895 30.17 17.70 5206 2126 6225 2889 4844 2295
Character-Substitution | 73.00 5655  69.15 1841 [ 73.18 44.83 5923 19.88 | 7289 50.12 5295 20.97 | 74.78 4887 7246 50.63 6870 41.84
Zero-Width Insertion | 61.41 3673 3295 18.15 | 6241 24.17 3611 1848 6598 3007 33.11 17.78 | 67.25 3154 6540 3564 5485 27.17

mDeBERTa-Classifier

Table 28: Performance Comparison of Different Detectors on Cross Perturbation in TERNARY Task. Detector
performance is visualized using teal color gradients, with darker intensities indicating superior detection capabilities.
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Detectors) Test| Lang — English Chinese Spanish Arabic French Russian Portuguese German Average

Metrics e R FP R FP R R F FF R FPFF PP D o R o o
64 4108 33.58 3857 33.68 34.01 34.16 4893 33.95 3777  48.02 33.62 40.58 3337 49.61 3432
Loe-Likelihood 128 4739 33.60 4140 33.52 34.60 33.83 3437 38.79 3416 4810 33.33 34.60
s 256 33.82 4677 33.89 35.19 33.78 35.44 4227 35.27 33.42 35.52
512 3472 5028 3555 36.71 34.17 38.05 44.11 36.93 3348 36.88
64 4173 3377 4006 33.99 3432 3506 48.05 3421 3771 4608 33.66 38.85 33.42 34.57
Log-Rank 128 4934 3405 4344 35.32 34.54 34.74 38.82 3431 4499 33.40 34.93
8-Ran 256 34.65 5023 36.34 34.97 36.83 41.94 35.90 33.42 36.21
512 3693 5453 38.87 35.74 40.86 43.87 38.20 33.54 3825
64 46.15 3672 48.94 36.38 41.97 36.31 3791 4257 3483 3822 3378 36.98
DetectLLM-LRR 128 38.62 3775 41.03 37.47 37.14 5099 35.14 4039 3373 37.30
256 41.02 38.24 42,04 39.53 37.54 3623 44.03 33.57 3857
512 45.92 40.35 43.61 43.22 38.20 3840 47.80 33.65 41.04
64 49.88  43.22 49.18 45.53 46.98 50.39
128 46.86  39.16 4253 46.41 48.19
Fast-DetectGPT 256 4824 3844 38.65 4758
512 5275 3924 36.13 46.10 43.30
64
. 128
Binoculars 256
512
64 711 000 459 000 1497 000 1070 000 726 000 1993 000 1413 000 346 000 1239 0.00
Revise-Detect 128 0.00 0.00 0.00 1340  0.00 0.00 0.00 1229  0.00 0.00
256 0.39 0.00 0.00 5029 0.00 0.00 0.00 4165 0.00 0.00
512 035 0.00 0.00 | 60.94 0.00 0.00 0.00 | 5563 0.0 0.00
64 50.82
128 50.15
GECScore 256 VERT]
512 37.84 . .
64 0.00 0.00 0.00 0.00 3357 3328
Lastdess 128 0.00 0.00 0.00 0.00 3501 3333
astde 256 0.00 0.01 0.00 000 3809 3341
512 0.01 0.01 0.01 0.01 3825 3354
64 0.74 0.00 0.01 0.36
RepreGuard 128 0.84 0.00 0.01 0.44
P! 256 0.91 0.00 0.00 0.55
512 0.94 0.00 0.00 0.60
64
. 128
X-Rob-Classifier 256
512
64
. 128
mDeBERTa-Classifier 256
512
64
) 128
Biscope 256
512

Table 29: Performance Comparison of Different Detectors on Cross Length in BINARY Task. Detector performance
is visualized using teal color gradients, with darker intensities indicating superior detection capabilities.
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Detectors| Test] Lang — English Chinese Spanish Arabic French Russian Portuguese German Average

Metrics P FF PP R PP K FF K K F FF  FF FP FF FP FF FPFF
64 2351 2098 2260 1999 3161 2740 3586 2931 29.65 2531 3833 3136 29.16 2474 2350 2048 30.32 2583
Loe-Likelihood 128 2736 2439 2467 2120 3820 3326 4071 3321 37.58 31.33 4030 3339 3775 3150 2844 2442 3563 30.13
0g-Likeloo 256 3105 27.96 2826 2395 43.03 3692 4549 3630 43.56 3591 3647 3246 4470 3642 3518 29.33 3975 3334
512 3419 3092 3104 26,13 4566 3942 4774 37.63 4479 37.65 3326 3137 4758 39.08 39.89 3289 4176 35.12
64 2886 21.62 28.84 2073 3538 27.15 4208 3037 3478 2531 3932 3041 3330 2388 2855 1971 3508 25.67
Loa-Rank 128 3379 2591 3162 2241 3986 3277 4672 3403 39.60 3075 3848 32.68 4058 3052 3422 2320 3959 29.90
og-Ran 256 37.09 2952 3662 2622 4072 3631 4858 3691 3997 3515 3472 3275 4331 3589 40.09 27.69 41.78 3330
512 39.14 3231 3948 2871 4046 39.14 47.02 3830 3882 3671 3201 3161 4115 3880 4356 31.50 41.90 35.19
64 3291 2458 3515 2626 3324 2621 4038 3231 3354 2503 3395 2663 3080 2263 2970 19.85 3442 2586
DetectLLM-LRR 128 3640 2896 3720 29.10 3460 3074 4162 3517 3436 28.68 3372 2847 3451 2757 3209 21.53 3644 2924
et 256 3759 3132 3843 33.64 3550 3283 39.93 3740 3466 3149 3339 30.12 3676 3264 3283 2389 3691 32.17
512 3924 3248 3915 3559 3847 3598 3859 3012 3645 32.80 3266 3043 3876 3630 3397 2643 37.81 3411
64 2666 2495 3007 27.67 2961 2753 3953 3622 30.69 28.15 36.17 3301 2877 2626 2979 27.55 2725 24.63
Fast-DetectGPT 128 2473 2272 2908 2594 2872 2623 4034 3606 31.36 2832 3730 3286 28.63 2555 3144 2818 3208 2881
ast-eted 256 2331 2144 2851 2401 2587 2284 4052 3479 2997 2655 3832 3236 2653 2277 30.50 2654 3129 27.20
512 2411 2218 2749 2289 2532 2242 4075 3434 2833 2531 3949 3261 2620 2253 3015 2613 3118 26.89
64 4708 37.82 4934 3965 4935 4048 47.04 3945 49.07 40.64 4705 3819 5026 4054 4449 3683 3304 2455
Binoculars 128 4314 3321 4938 3790 4930 3923 4595 37.83 5048 41.06 4973 39.28 5266 4079 43.65 3585 4833 3825
256 3648 27.13 4839 36.11 4575 3424 4145 3328 4833 3833 4835 3664 5001 3653 3921 3195 4522 3445
512 3256 2439 4922 3666 4153 2938 3854 3091 4434 3366 4740 3483 4771 3318 3489 2823 4265 31.64
64 3161 2328 2004 1936 3523 2680 2655 17.01 302 2412 3489 2796 3604 2620 3126 2427 3233 2507
Revise Detect 128 4322 3117 1906 1848 4556 3451 3648 21.17 3684 2724 4575 3493 4553 3309 3775 2742 4150 31.05
evise-eted 256 5656 4471 2395 2331 5699 47.83 5511 3917 5071 37.66 5398 42.18 5320 4177 4793 3539 5218 40.82
512 56.65 4612 21.88 2132 5487 4670 50.11 3146 51.87 4122 5439 4332 5229 4309 4947 3879 51.69 41.80
64 3100 1261 2002 277 3207 1430 2264 471 3123 1291 3300 1423 3154 1345 2014 1090 | 47.28 3134
GECScore 128 3392 1620 2040 3.69 3203 1536 2027 363 3000 1297 3083 1351 3101 1388 2886 1206 47.79 3327
256 2003 107 2003 107 2003 107 3688 1147 2003 1.07 2003 107 2003 107 2003 107 3688 1147
512 1599 000 1599 000 1599 000 | 5692 39.3 1599 000 1599 000 1599 000 1599 000 | 5692 39.13
64 1684 1684 1686 1686 1669 1669 1668 1668 1671 1671 1669 1669 1672 1672 1673 1673 1674 1674
Lastdess 128 1680 1680 1670 1670 1667 1667 1668 1668 1667 1667 1667 1667 1666 1666 1667 1667 1669 16.69
256 1667 1667 1667 1667 1666 1666 1667 1667 1667 1667 1667 1667 1667 1667 1667 1667 1667 16.67
512 1667 1667 1668 1668 1667 1667 1667 1667 1667 1667 1667 1667 1667 1667 1667 1667 1667 16.67
64 1668 1667 1667 1667 3079 2329 1667 1667 27.06 1902 1670 1669 3220 2438 1962 1668 2424 19.15
RepreGuard 128 1667 1667 1667 1667 3279 2434 1667 1667 29.16 1901 1668 1668 3434 2670 2088 1670 2566 19.69
P! 256 1667 1667 1667 1667 3705 2590 1667 1667 3327 2005 1668 1667 3666 2993 2331 1681 2799 20.65
512 1667 1667 1667 1667 3859 2670 1667 1667 3575 1996 1667 1667 37.57 3175 2546 1694 2895 21.10
64 69.97 64.66 60.88 66.89 61.90 64.73 65.55 64.76
) 128 66.25
X-Rob-Classifier 256
512
64
. 128
mDeBERTa-Classifier 256
512
64 4194 1983 3751 1747 4329 1751 4235 2106 4287 19.66 4271 17.69 4330 2000 3885 18.10 <4196 18.02
Biscone 128 5345 2905 3975 1776 53.15 21.84 49.61 1923 5293 2584 4908 17.87 5453 28.19 4723 21.82 50.53 2040
P 256 6479 41.85 4600 2036 6440 3464 5940 1935 6457 37.86 5639 2394 6667 4159 57.35 29.81 6045 30.20
512 | 7382 5850 5650 2692 7272 5233 6435 2557 (7218 4946 6072 33.08 7373 5240 6606 4477 67.73 43.99

Table 30: Performance Comparison of Different Detectors on Cross Length in TERNARY Task. Detector performance
is visualized using teal color gradients, with darker intensities indicating superior detection capabilities.
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Detectors| Train| Lang — English Chinese Spanish Arabic French Russian Portuguese German Average

Metrics FFF F P FF P FP R R K PP R FF P FP F FPFF
Polishing 37.54 3333 4393 3477 6162 3344 3345 1 6079 3354 5229 34.15 3359 5592 3334 5802 3372
Log-Likelihood Expanding 7047 3346 6071 33.89 | 7657 33.64 33.40 3365 5194 4124 33.86 | 67.75 3335  68.13 3448
Condensing 39.58 3336 3885 3393 6079 3355 53.17 3334 5861 3355 51.82 3401 6347 33.68 4732 3332 5414 3363
Polishing 3880 33.34 4883 3575 6020 33.62 3384 5852 3380 51.83 33.87 | 6393  33.83 5174 3334 57.06 33.94

Log-Rank Expanding 74607 33.89 | 6920 3504 | 7567 34.10 3348 | 6843 3434 5330 39.83 | 7248 3410 6174 3332 | 69.07 34.70

Condensing 41.88 3341 4182 3438 59.70 3375 55.02 3338 57.11 3379 50.86 34.02 61.73 33.89 4537 3332 53.64 3376

Polishing 4267 3398 | 6557 4232 5164 3393 3590 4994 3476 4389 3357 5459 3391 4104 3339 5293 3530
DetectLLM-LRR Expanding (72017 4471 5120 35.39 3465 5904 3520 5250 3403 6565 3450 4335 3333 | 6649 3897
Condensing 4746 3458 3738 5332 3455 5705 3434 4987 3494 4580 3418 5303 3389 3941 3339 5085 34.66

Polishing 3252 33.15 34.07 3344 3346 4350 3541 3385 [ 5443 3794 3374 3332 4619 3503 4234 3570
Fast-DetectGPT Expanding 31.02  33.07 3321 3018 33.25 3557 30.82 3329 5430 3797 2856 3323 4581 3510 39.19 3429
Condensing 36.77 3330 4352 3566 36.82 3373 49.55 39.01 3427 6244 4477 3751 3383 5117 3549 47.12 37.89

Polishing 53.98 37.40 45.06
Binocul Expandi: 39.25 3350 43.09
Condensing 57.58 43.09 64.15 50.42

4822 61.14 50.19 45.95 51.88
43.63 50.86 46.14 51.36
55.64 S 5223 55.81

5191

45.48

S50
5244
4777
S

Polishing 000 | 5341 | 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Revise-Detect Expanding 000 | 6454 | 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Condensing 000 | 5136 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Polishing 4832 4715 44.21 62.45 58.34 61.27 60.43 59.87
GECScore Expanding 58.63 57.28 53.76
Condensing 5295  52.00 48.63 62.17 63.39

Polishing 3770 3347 3220 3335 3630 3353 4027 3376 3695 3327 4375 3338 3374 3343 3950 33.66 3791 3348
Lastde++ Expanding 3235 3329 30.18 3326 29.69 33.17 41.66 33.63 33.10 3327 47.08 33.67 2920 3324 3650 3359 3539 3339
Condensing 3397 3330 3525 3339 3207 3327 3625 3335 3489 3341 3821 3338 3143 3328 3674 33.53 35.13 3336
Polishing 48.33 0.00 1.46 0.77 63.23
RepreGuard Expanding 0.60 1.23 0.37
Condensing 61.65
Polishing
X-Rob-Classifier Expanding 33.33
Condensing
Polishing 3333
mDeBERTa-Classifier ~ Expanding 3333 33.33
Condensing
Polishing 58.62
Biscope Expanding
Condensing 63.61 64.25

Table 31: Performance Comparison of Different Detectors on Cross Operation in BINARY Task. Detector performance
is visualized using teal color gradients, with darker intensities indicating superior detection capabilities.

Detectors.. Train} Lang — English Chinese Spanish Arabic French Russian Portuguese German Average

Metrics PE Fr FP Fr FP 128 FE Fr FP Fr FP Fr FE FF PE Fr FP Fr

Log-Likelihood Expanding 4717 3126 4262 2573 3601 40.16 4875 37.36 33.19 3855 2553 3230 3878 40.24 51.10 3420 4299 3556

s Condensing 36.06 33.10 30.53 2736 47.17 4075 4551 3735 4243 3723 3215 29.19 46.60 3933 4321 3731 4144 3570

Log-Rank Expanding 4339 3271 43.64 2849 3311 39.74 4646 38.07 3134 3795 2587 3258 3689 39.85 4855 3341 4075 3576

s Condensing 4031 3414 3831 30.02 4136 40.24 4641 37.80 3840 3675 3354 29.63 4097 3920 4556 36.19 4228 3591

DetectLLM-LRR Expanding 26.72 3387 31.77 36.67 31.61 3682 3627 3887 30.57 3453 30.17 3131 3513 3754 37.89 2844 3344 3498

Condensing 41.00 32.58 4142 3727 3691 36.06 4129 3827 3791 33.99 3282 29.14 4050 37.70 37.69 2991 3981 35.13

Fast-DetectGPT Expanding 2341 2349 2281 2204 2416 2365 40.83 3485 27.74 2634 4133 3409 24.64 2406 3250 2654 30.85 27.81

Condensing 2432 2432 2315 2315 2217 2217 33.68 33.68 26.01 2601 3657 36.57 2452 2452 2733 2733 2796 27.96

Binoculars Expanding 27.65 2606 47.12 3598 4498 3209 4527 31.67 49.18 3433 5278 3507 52.16 3525 44.61 29.01 4586 3261

Condensing 38.19 31.66 4571 3892 4536 3692 4258 36.66 49.25 4123 5091 4203 51.15 4195 4446 3678 46.09 3839

Revise-Detect Expanding 58.86 49.66 39.12 3261 52.60 51.16 57.19 4336 5536 4801 5407 4580 5098 51.19 5570 46.84 5346 46.32

Condensing 60.62 50.02 3826 33.87 5784 49.80 5583 4495 56.67 4928 5622 4795 5523 5099 5421 4570 5459 46.57

GECS: Expanding 3291 10.61 4532 21.06 1995 0.00 | 4825 2445 3123 1040 37.04 16.19 | 51.86 3251 31.09 869 [5723 39.78

core Condensing 4463 2682 41.85 2226 3037 1492 4637 2652 1648 000 3246 17.82 31.78 1353 1650 0.02 | 5335 39.05

Lastdet+ Expanding 16.67 16.67 16.67 16.67 16.67 16.67 16.67 1667 16.67 1667 16.67 16.67 16.67 1667 16.67 1667 16.67 16.67

i Condensing 16.67 1667 16.67 16.67 1667 1667 1667 1667 1667 1667 1667 1667 1667 1667 1667 1667 1667 16.67

RepreGuard Expanding 16.67 16.67 16.67 16.67 4140 3047 16.67 16.67 39.07 21.88 16.67 16.67 3995 36.53 28.03 1775 3033 22.63

P! Condensing 38.82 16.67 1957 16.67 16.64 2540 38.62 16.67 16.68 2306 31.00 16.67 16.67 3396 16.66 1731 3022 21.61

X-Rob-Classifier Expandil?g 61.25 6338 60.59 60.47 63.44 63.02
Condensing

mDeBERTa-Classifier  £xPanding 61.25 63.38 60.59 60.47 63.44 63.02
Condensing

Biscope Expanding 37.66 30.78 4230 3283 51.96 43.15 58.74 2082 49.83 4807 4546 3140 5279 5175 58.18 4593 4995 3751

i Condensing [ 7959 6646 7132 44.15 [8343 71l 7417 5354 (7865 6030 6805 4572 (8212 7425 7412 6427 7655 5961

Table 32: Performance Comparison of Different Detectors on Cross Operation in TERNARY Task. Detector perfor-
mance is visualized using teal color gradients, with darker intensities indicating superior detection capabilities.
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