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Abstract

The widespread adoption of large language
models (LLMs) has created an urgent need for
accurate and robust detection of Al-generated
text. However, existing statistical detectors of-
ten rely on a fixed decision boundary, which
hinders their ability to generalize across top-
ics, styles, and model variants. In this paper,
we propose preference calibration with context-
aware thresholding (PC-CAT), a novel frame-
work that integrates preference calibration with
context-aware thresholding to improve detec-
tion reliability. PC-CAT first applies Simple
Preference Optimization (SimPO) to maximize
the log-probability gap between paired human-
written and Al-generated texts, enhancing dis-
criminability. It then tailors instance-specific
thresholds using a lightweight regressor trained
with a hybrid centering and ordinal objective.
Experiments across diverse domains and gen-
erators show that PC-CAT consistently outper-
forms strong baselines and achieves new state-
of-the-art results. Moreover, it exhibits strong
robustness under distribution shifts and adver-
sarial attacks. These findings highlight the crit-
ical role of adaptive thresholding in advancing
the robustness of Al-generated text detectors.

1 Introduction

The remarkable advancement of large language
models (LLMs) such as GPT-4 and ChatGPT, has
made Al-generated text frequently indistinguish-
able from human writing (Brown et al., 2020; Wei
etal., 2022; OpenAl, 2022; Chowdhery et al., 2023;
Touvron et al., 2023a,b; Achiam et al., 2023; Bi
et al., 2024). This development has sparked esca-
lating concerns about potential abuses of LLMs,
particularly in academic integrity violations and
the proliferation of misinformation. Consequently,
the development of robust detection methods is im-
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Figure 1: Illustration of preference calibration and dy-
namic thresholding. (a—b) Log-probability distributions
of human-written and Al-generated texts before and
after preference calibration. (¢) Adaptive thresholding
predicts a threshold for each input. (d) Adaptive thresh-
olding enables correct classification with an instance-
specific threshold, whereas the static method fails.

perative to mitigate these risks and safeguard the
integrity of digital information ecosystems.

Existing methods for Al-generated text detection
generally fall into two categories: training-based
methods and statistical methods. Training-based
methods, which detect Al-generated text by learn-
ing a classifier (Guo et al., 2023; Hu et al., 2023;
Guo and Yu, 2023), are often prone to overfitting,
especially in the presence of limited training data
or distributional imbalance (Mosbach et al., 2021;
Wang et al., 2024). Statistical methods, on the
other hand, perform zero-shot detection by lever-
aging statistical metrics such as token-level log-
probability, log-rank, and entropy (Gehrmann et al.,
2019; Su et al., 2023; Bao et al., 2024; Yang et al.,
2024b). These methods are based on the hypothesis
that Al-generated text tends to have higher probabil-
ity, as language models prefer high-probability to-
kens during generation. In contrast, human-written
text is typically more diverse in structure and vocab-
ulary, leading to lower overall probabilities (Holtz-
man et al., 2020; He et al., 2024).

While promising, current statistical approaches
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face two fundamental limitations. First, they gener-
ally underperform compared to training-based ap-
proaches, primarily because the untrained scoring
model struggles to ensure a significant difference
in the probabilities assigned to Al-generated and
human-written text (see Figure 1(a)). Second, they
rely heavily on threshold calibration. Typically, a
single optimal threshold is selected on a validation
set and then applied uniformly to all test samples
during inference. However, we observe that this
static, one-size-fits-all thresholding strategy often
fails to make accurate predictions across diverse
inputs (see Figure 1(c)). The limitation becomes
especially pronounced in cross-domain detection
scenarios, where optimal thresholds can vary sub-
stantially across domains.

To overcome these limitations, we pro-
pose Preference Calibration with Context-Aware
Thresholding (PC-CAT), a novel dynamic thresh-
olding framework that adaptively tailors instance-
specific thresholds for Al-generated text detec-
tion. Our method combines the strengths of both
training-based and statistical features, and com-
prises two main steps. To tackle the first limitation,
we incorporate a preference calibration step that en-
courages the scoring model to favor Al-generated
text while rejecting human-written text via pref-
erence optimization. This step guides the model
to maximize the log-probability gap between the
two text types, thereby enhancing its discriminative
capacity (see Figure 1(b)). To address the second
limitation, we further introduce a context-aware
thresholding mechanism to adaptively determine
decision boundaries for different instances. Specif-
ically, we add a lightweight linear layer on top of
the scoring model to predict a threshold tailored
to each input. A dedicated training objective is de-
signed to optimize this module for accurate thresh-
old prediction. At inference time, detection is per-
formed by comparing the log-probability score of
a given text against its predicted threshold. This
dynamic thresholding strategy allows the model to
assign instance-specific decision boundaries, en-
abling more accurate classification and leading to
improved overall detection performance, as illus-
trated in Figure 1(c) and 1(d).

We conduct extensive experiments on both Al-
generated and Al-polished texts across diverse
domains and model families. Results show that
our method consistently outperforms existing ap-
proaches, achieving new state-of-the-art perfor-
mance. Ablation studies validate the effectiveness

of each component, while further analysis confirms
strong robustness under out-of-distribution (OOD)
conditions and adversarial perturbations.

Our primary contributions are as follows:

* We incorporate preference calibration that ex-
plicitly maximizes the log-probability gap be-
tween human-written and Al-generated texts,
better aligning with the detection objective.

* We propose context-aware thresholding that
learns adaptive, instance-specific decision
boundaries for fine-grained detection and bet-
ter generalization under distribution shifts.

* Our method achieves superior detection per-
formance across diverse domains, models, and
revision tasks, and shows strong robustness to
both OOD inputs and adversarial attacks.

2 Related Work
2.1 AI-Generated Text Detection

Existing methods for Al-generated text detection
generally fall into two categories: training-based
and statistical approaches. Training-based meth-
ods rely on supervised learning, using labeled cor-
pora of human-written and Al-generated texts to
train classification models. GPT-Sentinel (Chen
et al., 2023a) builds a binary classifier on top of
RoBERTa (Liu et al., 2019) and T5 (Raffel et al.,
2020). RADAR (Hu et al., 2023) adopts an adver-
sarial framework, jointly training a paraphraser and
a detector. DPIC (Yu et al., 2024) decouples the
prompt from the input and uses a Siamese network
to learn intrinsic textual features for classification.

Statistical methods leverage pretrained language
models to extract statistical features and apply
thresholding for classification. GLTR (Gehrmann
et al., 2019) analyzes word-level features such as
predicted probabilities, ranks, and entropy. Fast-
DetectGPT (Bao et al., 2024) estimates curva-
ture directly from conditional probabilities, which
avoids the need for perturbations. Raidar (Mao
et al., 2024) computes edit distances between orig-
inal and LLM-rewritten texts. ImBD (Chen et al.,
2025) first enhances the scoring model using Direct
Preference Optimization (DPO) (Rafailov et al.,
2023) and then uses Fast-DetectGPT as the scoring
function for detection.

2.2 Dynamic Thresholding
Determining appropriate classification thresholds
remains a longstanding challenge in machine learn-
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Figure 2: Overview of the PC-CAT framework. PC-CAT trains by first calibrating the preferences for human-written
texts and Al-generated texts (Stage 1), then learns to tailor an adaptive threshold for each input (Stage 2).

ing, particularly for tasks involving imbalanced
data or varying decision boundaries. To address
this, several studies have proposed learnable thresh-
olds, where the decision boundary is dynamically
adjusted. For example, Xu et al. (2021) propose
Dash, a semi-supervised learning algorithm that in-
fers dynamic thresholds from labeled data. Hu et al.
(2022a) introduce the Adaptive Threshold Selective
Self-Attention (ATSSA) mechanism, which dynam-
ically filters attention weights within a Transformer
encoder. Yang and Emmert-Streib (2023) incorpo-
rate a learnable threshold function into a convolu-
tional neural network (CNN) for multi-label text
classification of electronic health records.

Unlike previous methods, we first introduce a
preference calibration step that guides the scor-
ing model to favor Al-generated text and reject
human-written text through preference optimiza-
tion. We then apply dynamic thresholding, allow-
ing the model to adapt to input-specific variations
in topic and style, and to predict adaptive thresh-
olds for more fine-grained, accurate detection.

3 Method

Figure 2 provides an overview of the Preference
Calibration with Context-Aware Thresholding (PC-
CAT) framework. We describe it in detail below.
We begin with preliminaries, and then describe
the preference calibration step, which encourages
the scoring model to favor Al-generated text while
rejecting human-written text. Finally, we introduce
the context-aware thresholding method.

3.1 Preliminary

Task definition Al-generated text detection is
formulated as a binary classification task. Specif-
ically, given an input text x, represented as a se-
quence of tokens z = [wy,...,wr] of length T,
the objective is to determine whether the input x is
human-written () or Al-generated (x,).

Foundation Statistical methods rely on a scoring
model to extract probability-based metrics. These
methods are grounded in the hypothesis that Al-
generated text generally exhibits higher overall
probability, as decoding strategies tend to select
high-probability tokens during generation. In con-
trast, human-written text tends to show greater lex-
ical diversity, resulting in lower overall probability.

In our approach, we use a scoring model M,
parameterized by 6, to compute the average log-
probability of the tokens in a given text x, which
serves as the scoring function:

px) = %logpe(x)

)

T
1
= T E logpe(wt\wlzt—ﬂ;
t=1

where pg(w;|wi.4—1) denotes the probability of
token w; given its preceding context wy.;—1.

The score p(x) is then compared with a decision
threshold 7(z) to determine the predicted label:

if p(x) > 7(x)

0 (Human-written) otherwise

= e

R {1 (Al-generated)

To achieve more accurate detection of Al-
generated text, our approach comprises two key
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components: (1) preference calibration, which
improves the discriminative capacity of the
scoring model between human-written and Al-
generated text via preference optimization; and (2)
context-aware thresholding, which incorporates a
lightweight thresholding network trained to predict
an adaptive, instance-specific decision threshold
for each input. These components are detailed in
the subsequent sections.

3.2 Preference Calibration

Uncalibrated scoring models often exhibit substan-
tial overlap in the probability distributions assigned
to human-written and Al-generated texts, making
it challenging to distinguish between them effec-
tively (see Figure 1(a)). To address this, we adopt
a preference calibration step that encourages the
scoring model to favor Al-generated text while re-
jecting human-written text. We utilize Simple Pref-
erence Optimization (SimPO) (Meng et al., 2024),
a reference-free preference optimization method.
This choice is particularly important in the context
of Al-text detection, rather than merely serving as
a technical replacement for DPO. DPO defines its
implicit reward as rppo(z) = Blog ;if((?), which
normalizes the model’s likelihood by a reference
model. Consequently, satisfying DPO’s preference
ordering (rppo(zs) > rppo(zp)) does not guar-
antee that p(x,) > p(zj)—our actual detection
criterion—as the reference model ratio can dis-
tort the score ordering. In contrast, SimPO’s re-
ward rsimpo () = % log 7y () is directly propor-
tional to p(x), so optimizing the SimPO objective
is equivalent to directly maximizing the score sepa-
rability required for detection. This ensures that ev-
ery improvement during training translates to better
detection at inference. We provide empirical evi-
dence for this alignment advantage in Section 4.3
and further theoretical analysis in Appendix B.

Specifically, given pairs of human-written and
Al-generated texts (xp,xz,) from a preference
dataset D, we optimize the scoring model by max-
imizing the discrepancy in their log-probabilities
using the SimPO objective:

B
Leal = _E(:vh,aca)ND [log U(@ log pp(a)

3)
B
“Tonl log po(xn) — 7)}

where o is the sigmoid function, 3 is a scaling
factor, and y is a margin hyperparameter that en-
forces a minimum gap between the two average

log-probabilities. This optimization effectively en-
larges the separation between the distributions of
human-written and Al-generated texts while re-
maining faithful to the detection metric. As a result,
the calibrated scoring model becomes more sensi-
tive to their differences and thus more capable of
accurately distinguishing between them.

3.3 Context-Aware Thresholding

Although preference calibration improves the sepa-
ration between the scores p(zy,) and p(z,) for text
pairs, the value of p(x) can still vary significantly
across different texts due to variations in topic or
writing style. In such cases, using a static, fixed
threshold is often insufficient for achieving accu-
rate and fine-grained detection across diverse texts.
To address this issue, we propose Context-Aware
Thresholding (CAT), which learns to predict an
adaptive threshold tailored to each individual input.
In the following, we first present the architecture
of the threshold prediction network, and then detail
its training objectives: a centering regression loss
and an auxiliary ordinal constraint loss.

Threshold prediction network The calibrated
scoring model encodes rich semantic and instance-
specific stylistic features through preference cali-
bration, making it a strong foundation for building
a threshold prediction network.

Specifically, we extract the sequence of final-
layer hidden states H = [hy,...,hy] € RT*d
from the calibrated scoring model, where d is the
hidden dimension and 7" is the sequence length. In
order to aggregate global information, a global con-
text embedding c(z) is then derived by applying
average pooling over these hidden states:

1 T
c(z) = > hy 4
t=1

This context vector c(x) is fed into a thresh-
old prediction network f, implemented as a single-
layer linear regressor parameterized by ¢. The
network maps c(x) to a scalar value, producing an
input-adaptive threshold 74(x) for the given text:

To(x) = f(c(2); 9), Q)

Centering anchor To train the threshold predic-
tion network effectively, it is crucial to define a
target threshold that facilitates reliable separation
between human-written and Al-generated texts.
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Given the paired texts (zp, x,), the midpoint be-
tween their calibrated scores, i.e., p(zp,) and p(z,),
naturally serves as an optimal decision boundary
in the score space. We therefore define the target
threshold figarger as:

Hrarget = p(xh) -2Fp($a) . (6)

We encourage the predicted thresholds 74(x,)
and 74(x,) to regress toward the midpoint target
using a mean squared error objective. The resulting
loss, referred to as the centering regression loss, is
defined as:

1 2

Leenter = E(xh,xa)ND |:2 (Tgb(l'h) - Mtarget)
1 ) )
+ 5 (ﬂzﬁ(xa) - Mtarget) :| .

This loss encourages the predicted thresholds
for both human-written and Al-generated texts to
converge toward the midpoint of their respective
scores, thereby promoting accurate classification
under the decision rule defined in Eq. (2).

Auxiliary ordinal constraint However, the cen-
tering regression loss can fail in rare but critical
cases—specifically, when the human-written text
receives a higher score than the Al-generated one.
In such cases, the midpoint fiee; becomes an
invalid decision boundary: p(xp) > [fitareer and
p(xze) < Hrarget> Tesulting in misclassification un-
der the decision rule in Eq. (2). To address this, we
introduce an auxiliary ordinal constraint that guides
the model to predict thresholds respecting the cor-
rect score ordering, particularly when the midpoint
is not a reliable target. Rather than regressing to-
ward a fixed target, the ordinal constraint loss al-
lows the model to adaptively learn a threshold that
maintains the desired ordinal relationship:

Lordinal = _E(xh,:pa)wl) |:10g U(ﬁ(:za) - be(xa))

#1oga (ro(an) e |
(8)
where o is the sigmoid function. This loss en-
ables robust threshold selection even in cases where
p(zn) > p(wa).

Overall objective By combining the centering
regression and the ordinal constraint losses, we ob-
tain the overall training objective for the threshold

prediction network:

Lcar = ]I(p(xa) > p(xh)) - Leenter
+ a - Lordinal,

®

where « is a hyperparameter that balances the
two loss components. The indicator function
I(p(xq) > p(xs)) activates the centering loss only
when the Al-generated text receives a higher score
than the human-written text.

Unlike static thresholds, our context-aware
thresholding mechanism offers superior flexibil-
ity in handling diverse inputs. We provide a deeper
theoretical explanation in Appendix C.

4 Experiment
4.1 Experimental Setup

Datasets and metrics We conduct experiments
on the ImBD dataset (Chen et al., 2025), which
extends standard Al-generated text detection to the
more challenging setting of detecting Al-revised
text. The ImBD dataset covers a broad range of
domains, model sources, and revision types. The
training and validation sets contain 500 and 150
text pairs, respectively, where each pair consists
of a human-written text and its corresponding Al-
revised version generated by GPT-3.5. The data
spans diverse domains such as academic papers,
blogs, and emails. For evaluation, ImBD pro-
vides test sets from four distinct domains: XSum
(Narayan et al., 2018), SQuAD (Rajpurkar et al.,
2016), WritingPrompts (Fan et al., 2018) (abbre-
viated as “Writing”), and PubMedQA (Jin et al.,
2019). The revised texts are generated by six LLMs
and span four revision types: rewrite, expand, pol-
ish and generate. Each test subset contains 150 text
pairs. Notably, the generate setting corresponds to
the standard Al-generated text detection task. We
adopt the F1 score as the primary evaluation met-
ric, as it provides a balanced measure of precision
and recall for evaluating detection performance.
Furthermore, a comprehensive justification for se-
lecting F1 over AUROC is detailed in Appendix D.

Baseline methods We compare our PC-CAT ap-
proach with both training-based and statistical base-
lines. The training-based baselines include classi-
fiers trained on RoBERTa-base (Liu et al., 2019),
RoBERTa-large, and the ImBD method (Chen et al.,
2025). To ensure a rigorous and fair comparison,
our experimental configuration, including imple-
mentation code, model weights, and hyperparam-
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GPT-3.5 GPT-40
Method . Avg. . Avg.
Writing PubMed SQuAD XSum Writing PubMed SQuAD XSum
Likelihood 80.81 64.63 67.15 6425 6921 | 74.62 60.00 6420 6225 65.27
Rank 72.09 52.53 62.57 56.15 60.84 | 68.66 51.12 59.95  56.15 58.97
LogRank 74.81 64.73 66.67 6450 67.68 | 72.15 61.73 64.15 6387 6548
Entropy 60.00 59.69 57.51 55.19  58.10 | 60.00 58.25 5934 56.28 58.49
Fast-DetectGPT | 86.32 59.23 7432  66.88 71.69 | 72.22 47.50 66.90 5222 59.71
Binoculars 89.01 49.29 80.43  64.10 70.71 | 74.70 29.95 60.00 6598 57.66
ImBD 90.65 75.53 87.94 7755 8292 | 74.38 73.51 71.02  41.27 65.05
RoBERTa-base 85.71 78.79 86.85 9796 87.33 | 85.04 82.78 85.80 9247 86.52
RoBERTa-large | 89.02 78.76 86.06 9796 87.95 | 89.02 81.51 86.06  97.61 88.55
PC-CAT (Ours) | 94.01 89.81 91.54 97.69 93.26 | 90.20 87.10 89.81 9492 90.51

Table 1: Detection performance on Al-revised texts generated by closed-source models (GPT-3.5 and GPT-40) in

the polish task. Best results are shown in bold.

eter settings, strictly follows the protocol estab-
lished in the ImBD (Chen et al., 2025). The sta-
tistical baselines include: Likelihood (Solaiman
et al., 2019), Rank (Gehrmann et al., 2019), Lo-
gRank (Mitchell et al., 2023), Entropy (Gehrmann
et al., 2019), Fast-DetectGPT (Bao et al., 2024),
and Binoculars (Hans et al., 2024). The optimal
thresholds for all baselines are selected using the
Youden Index (Youden, 1950) on the validation set.
For our approach, we use Qwen2.5-0.5B (Yang
et al., 2024a) as the backbone of the scoring model.
Extended empirical analysis on the log-probability
signals across diverse generators is provided in
Appendix G. Other implementation details are pro-
vided in Appendix A.

4.2 Main Results

Detection performance across models and do-
mains Following Chen et al. (2025), we first eval-
uate our method on the polish task, where the pol-
ished texts are produced by various LLMs, includ-
ing both closed-source and open-source models,
across diverse domains. As Al-polished text tends
to closely resemble human writing, this setting is
substantially more challenging than standard Al-
generated text detection.

Table 1 presents the results for closed-source
models, including GPT-3.5 and GPT-40. PC-CAT
achieves the highest average F1 score in detecting
both GPT-3.5- and GPT-40-polished texts, outper-
forming all baselines. Specifically, it surpasses
the strong RoBERTa-large baseline by 5.31% and
1.96% on GPT-3.5 and GPT-4o, respectively. Com-
pared to ImBD, PC-CAT achieves even larger gains
of 10.34% and 25.46%. Although both our method
and ImBD incorporate preference optimization for

Method Qwen2 Llama3 Mixtral Deepseek | Avg.
Likelihood 55.04 7134 66.15 70.93 |65.87
Rank 59.84 63.51 57.61 68.14 |62.28
LogRank 60.14 68.85 66.59 68.74 |66.08
Entropy 38.11 51.02 48.09 59.34 |49.14
Fast-DetectGPT | 61.96 78.46 73.93 72.75 |71.78
Binoculars 39.16 69.56 48.65 69.43 |56.70
ImBD 66.20 8392 7145 7756 |74.78
RoBERTa-base | 91.87 87.54 89.47 86.48 (88.84
RoBERTa-large | 92.49 90.75 92.15 90.21 |91.40
PC-CAT (Ours) | 9475 9441 9419 9220 |93.89

Table 2: Detection performance on Al-revised texts
generated by open-source models, including Qwen2-
7B (Yang et al.,, 2024a), Mixtral-7B (Jiang et al.,
2023), Deepseek-7B (Bi et al., 2024) and LLaMA-3-8B
(Grattafiori et al., 2024) in the polish task. F1 scores are
averaged over XSum, SQuAD, and WritingPrompts.

the scoring model, ImBD relies on a static thresh-
old selected from the validation set. This makes it
vulnerable to domain shifts and leads to significant
performance fluctuations. Notably, RoBERTa-large
performs better on XSum, likely due to overfitting
on the imbalanced training set in which over 50%
of the examples are drawn from the paper domain.
In contrast, our dynamic thresholding approach pro-
motes more consistent and robust detection across
a wider range of domains.

We also observe a notable performance drop for
most baselines when detecting GPT-40-polished
texts compared to GPT-3.5, likely due to GPT-40’s
improved ability to mimic human writing. Never-
theless, our method continues to achieve the best
performance on GPT-40, further demonstrating its
robustness and effectiveness. Results for open-
source models are also shown in Table 2. Sim-
ilarly, our PC-CAT method achieves the highest
average F1 score, outperforming ImBD by a sub-
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Method Tasks Ave. XSum Writing PubMed SQuAD Avg.
Rewrite Expand Polish Generate PC-CAT 96.31 92.11 88.46 90.68 91.89
Likelihood 60.52 66.19 62.09 69.48 |64.57 w/o PC 86.51 9042 77.54 91.05 86.38
Rank 60.63 6420 57.34 68.54 |62.68 w/o CAT |86.41 91.19 78.84 7321 8241
LogRank 6298 6598 63.88 67.82 |65.17 W/0 Leenter | 93.19 8597  80.63  88.28 87.02
Entropy 60.69 6193 53.69 6647 |60.70 w/0 Lodina | 86.23  88.55  79.02 7828 83.02
Fast-DetectGPT | 37.89 7228 64.20 82.83 [64.30 Likelihood 58.12  67.99 6091 66.28 63.32
Binoculars 9.64 4742 4781 96.80 |50.42 preference optimization objective
ImBD 1580 62.75 58.68 97.90 |58.78 SFT 55.84 5095 5348 64.85 56.28
RoBERTa-base | 79.54 94.19 97.71 90.64 [90.52 DPO 90.61 75.1 67.75  81.79 78.81
RoBERTa-large | 88.30 9491 9526 9530 [93.44 SimPO (Ours)| 96.31 92.11 88.46  90.68 91.89
PC-CAT (Ours) | 90.34 96.41 96.89 98.18 |95.46

Table 3: Detection performance across four revision
tasks, with F1 scores averaged over revised texts by six
LLMs (Qwen2-7B, Llama-3-8B, Mixtral-7B, Deepseek-
7B, GPT-3.5, and GPT-40) on the XSum dataset.

stantial margin of 19.11%. See Appendix H.4 for
full results on open-source models.

Detection performance across revision tasks
We further evaluate our method on different revi-
sion tasks. For the difference between these tasks,
please refer to Appendix F.2. As shown in Table 3,
our method achieves the highest average F1 score
compared to all training-based and statistical base-
lines. Notably, most statistical methods—as well as
ImBD—perform well on the generate task but ex-
perience significant performance drops on the other
three tasks, particularly on rewrite. For example,
while ImBD achieves 97.90% F1 on generate, its
performance drops to just 15.80% on rewrite. This
gap can be attributed to two key factors. First, Al-
revised texts typically exhibit much greater similar-
ity to human-written texts than purely Al-generated
ones, making detection inherently more difficult.
Second, the shift in distribution between the vali-
dation and test sets undermines the effectiveness
of static thresholding strategies. In contrast, our
method achieves strong performance on both the
standard generate task and the more challenging
revision tasks, demonstrating its robustness and
generalizability across task types. For detailed re-
sults, please refer to Appendix H.5.

4.3 Ablation Study

Ablation on key components To evaluate the
contribution of each component in our method, we
conduct an ablation study, as presented in the upper
part of Table 4. The results show that removing ei-
ther preference calibration or context-aware thresh-
olding leads to a substantial drop in performance.
In particular, removing both components, which
reduces the method to the Likelihood baseline, re-

Table 4: Ablation results with F1 scores averaged over
GPT-3.5/40-revised texts in the polish task. “PC” and
“CAT” denote preference calibration and context-aware
thresholding, respectively. Detailed descriptions are
provided in Appendix F.

sults in a 28.57% decrease in F1 score. Within
the context-aware thresholding module (with pref-
erence calibration retained), removing the ordinal
constraint loss causes a larger performance degra-
dation than removing the centering regression loss.
This highlights the critical role of ordinal supervi-
sion in learning reliable thresholds, especially in
scenarios where centering regression may fail.

Ablation on preference optimization objectives
We further investigate the impact of different prefer-
ence optimization objectives—namely supervised
fine-tuning (SFT), Direct Preference Optimiza-
tion (DPO), and Simple Preference Optimization
(SimPO)—on the preference calibration step in
our method. In the SFT setting, the scoring
model is trained by directly maximizing the log-
probability of Al-generated or Al-polished texts,
without incorporating human-written texts as neg-
ative samples. As shown in the lower part of
Table 4, SFT performs significantly worse than
both DPO and SimPO, indicating that contrastive
preference signals are essential for effective cali-
bration. Moreover, SimPO outperforms DPO by
13.08% in F1 score, highlighting that maximizing
the log-probability gap (as in SimPO) better aligns
with our detection metric than maximizing the log-
probability ratio (as in DPO).

S Further Analysis

Out-of-distribution detection To further evalu-
ate the robustness of our method under distribution
shifts, we conduct out-of-distribution (OOD) de-
tection experiments on three unseen domains: Hel-
laSwag (Zellers et al., 2019), Yelp (Zhang et al.,
2015), and SciXGen (Chen et al., 2021). For each
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Figure 3: Out-of-distribution detection results on three
unseen domains: HellaSwag, Yelp, and SciXGen. Al-
revised texts are generated using LLaMA3-8B and
Mistral-7B under the polish task.
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Figure 4: Detection performance under adversarial at-
tacks on the XSum dataset, with F1 scores averaged
over GPT-3.5/40-revised texts in the polish task.

dataset, we sample 150 human-written texts and
generate their revised versions using LL.aMA3-8B
and Mistral-7B under the polish setting. As illus-
trated in Figure 3, our PC-CAT significantly outper-
forms baselines including ImBD, Fast-DetectGPT,
and simple Likelihood scoring. PC-CAT achieves
an average F1 score exceeding 85% across the three
domains, demonstrating strong generalization and
robustness in OOD detection scenarios.

Robustness to adversarial attacks Figure 4 il-
lustrates the robustness of PC-CAT under four
common adversarial perturbations, including Arti-
cle Deletion (randomly removing articles), Upper-
Lower (randomly flipping the case of initial char-
acters), Paraphrasing (random word substitutions),
and Misspellings (injecting typographical errors),
following the setup of Dugan et al. (2024). Addi-
tional results on other attack methods are in Ap-
pendix H.2. Compared to Binoculars and ImBD,
PC-CAT consistently maintains higher F1 scores

Method Spanish Portuguese Chinese Avg.
Likelihood 59.42 48.49 5349 53.80
Rank 37.96 60.80 56.75 51.84
LogRank 57.14 41.30 5246  50.30
Entropy 53.00 53.51 57.14  54.55
Fast-DetectGPT |  80.00 63.90 75.48  73.13
Binoculars 70.48 62.16 7278  68.47
ImBD 74.10 65.91 7492 71.64
PC-CAT (Ours) | 87.29 79.38 86.64 84.44

Table 5: Detection performance across three languages
on GPT-3.5-polished texts. Full details and analysis are
shown in Appendix H.1.

across all attack types. We attribute this robustness
to two key design choices in our method. First, the
preference calibration stage encourages the scoring
model to capture latent distributional patterns, mak-
ing it less sensitive to surface-level noise. Second,
the adaptive thresholding mechanism allows the
model to adjust decision boundaries based on input-
specific characteristics, thereby compensating for
minor textual perturbations. Together, these compo-
nents enhance the model’s resilience against adver-
sarial attempts aimed at evading detection. Beyond
English, Table 5 shows that PC-CAT also outper-
forms all baselines on GPT-3.5-polished texts in
Spanish, Portuguese, and Chinese, with detailed
analysis provided in Appendix H.1.

6 Conclusion

In this paper, we propose a novel dynamic thresh-
olding framework for Al-generated text detection,
termed PC-CAT, which integrates preference cali-
bration with context-aware thresholding. The core
contribution of PC-CAT lies in its two-stage de-
sign: (1) a preference calibration step that en-
hances the scoring model’s discriminative power
by maximizing the log-probability gap between
Al-generated and human-written texts, and (2) a
context-aware thresholding mechanism that adap-
tively predicts instance-specific decision bound-
aries. This dynamic thresholding strategy effec-
tively addresses the limitations of conventional
static thresholds, which often struggle to gener-
alize under distribution shifts or across heteroge-
neous inputs. Extensive experiments demonstrate
that PC-CAT consistently outperforms prior meth-
ods across a wide range of models, domains, and
revision tasks, achieving new state-of-the-art re-
sults. Moreover, it shows strong robustness under
out-of-distribution settings, adversarial attacks, and
multilingual scenarios, confirming the generality
and practical value of our approach.
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7 Limitations

Despite its strong performance, PC-CAT has a few
limitations. First, the preference calibration stage
depends on parallel preference pairs consisting of
human-written and Al-generated (or Al-polished)
texts. While effective, collecting such high-quality
paired data can be costly and labor-intensive, partic-
ularly in low-resource domains or languages. Sec-
ond, the context-aware thresholding module intro-
duces a modest inference overhead, as it requires an
additional forward pass to predict instance-specific
thresholds, in contrast to static thresholding meth-
ods. Given the blurred boundary between human
and Al text and the unbounded nature of writing
styles, our model cannot guarantee coverage of all
data distributions. It is intended as an assistive
reference rather than a universal solution and we
acknowledge the potential risk of false positives.
Future work may explore weakly supervised or
unsupervised alternatives to reduce reliance on la-
beled data, as well as more efficient designs for
adaptive thresholding.
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A Implementation details

A.1 Training Details

We fine-tune the scoring model for 2 epochs using
1,000 samples. We use the AdamW optimizer with
an initial learning rate of le-4 and linear decay.
The preference calibration stage adopts a 3 value
of 0.1, « of 1.0, and margin ~y of 0.5. For parameter-
efficient tuning, we apply Low-Rank Adaptation
(LoRA) (Hu et al., 2022b) with a rank of 8, a LoRA
alpha of 16, and a dropout rate of 0.1. In Stage 1,
we use the final checkpoint after 2 epochs. During
the second training stage, we freeze the backbone
model and update only the parameters of the thresh-
old prediction network. All experiments are con-
ducted on Ubuntu 18.04 using eight NVIDIA RTX
2080 Ti GPUs (12GB each). The software stack
includes Python 3.11, PyTorch 2.4.0, Transformers
4.51.3, and Datasets 3.2.0.

A.2 Baselines Details

For the Likelihood, Rank, LogRank, Entropy, and
ImBD baselines, we use GPT-Neo-2.7B (Black
et al.,, 2021) as the scoring model. For Fast-
DetectGPT, GPT-J-6B (Wang and Komatsuzaki,
2021) is used to generate local perturbations, while
GPT-Neo-2.7B is used to compute the scores of
perturbed samples. For Binoculars, Falcon-7B (Al-
mazrouei et al., 2023) serves as the observer model
to compute log-perplexity, and Falcon-7B-Instruct
is used as the performer model to compute cross-
perplexity. The discrepancy between these two
scores captures model agreement and serves as the
detection signal.

For all statistical baselines, the optimal decision
threshold is determined using the Youden Index,

which provides a principled criterion for balancing
true positive and true negative rates. We conduct
a grid search over candidate thresholds on the vali-
dation set and select the value that maximizes the
Youden Index (Youden, 1950). The selected thresh-
old is then used during evaluation.

B Analysis of Preference Calibration

In this section, we analyze the alignment between
the objectives of preference calibration algorithms
and our core detection task. We first establish the
foundational hypothesis of our detector, then de-
construct the objective mismatch inherent in Direct
Preference Optimization (DPO), and finally, we
demonstrate the superior alignment offered by Sim-
ple Preference Optimization (SimPO).

B.1 The Foundational Hypothesis of Our
Detection Task

Following recent work (Mitchell et al., 2023; Bao
et al., 2024; Hans et al., 2024; Bao et al., 2025),
our detection method is based on the hypothesis
that Al-generated text exhibits lower perplexity,
favoring high-probability tokens, whereas human-
written text is more lexically diverse and less pre-
dictable. We quantify this characteristic using the
average log-probability of a given text sequence
x = (wy,...,wr), which is defined under 7y with
parameters 6 as:

1
p(z) = 7 logmy(a)
1 Z (10)
=7 Zlogm(wt\w<t).
t=1

Our detection mechanism classifies a text  as
Al-generated if its score, p(x), exceeds a threshold.
Therefore, the central challenge is to fine-tune a
model 7y that maximally separates human and Al-
generated texts based on this metric.

B.2 Misalignment of DPO for
Likelihood-Based Detection

DPO’s training objective is misaligned with our
detection goal. DPO maximizes the sum of the log-
probability of preferred responses over rejected
ones, effectively optimizing an implicit reward
function. For a given text x, this reward is defined

. mo()

T‘Dpo(CU) = ﬁlog - f(SC)

(11)
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Figure 5: Empirical alignment between the SimPO re-
ward (rsimpo) and the average log-probability (p) on the
training set. The heatmap demonstrates that SimPO’s

reward function directly optimizes the likelihood-based
detection metric.
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Figure 6: Empirical misalignment between the DPO
reward (rppo) and the average log-probability (p) on the
training set. The heatmap illustrates that DPO’s train-
ing objective contradicts the likelihood-based detection
metric in 24.2% (13.8% + 10.4%) of cases.

DPO’s objective is to enforce rppo(zy) >
rppo(x;) for a chosen response x,, and a rejected
response x;. However, due to the normalization
by the reference model 7y, satisfying this condi-
tion does not guarantee that our desired detection
metric p(z,,) will be greater than p(x;). As shown
in Figure 6, for approximately 24.2% of training
examples, the ranking of preference pairs by the
DPO reward contradicts the ranking by average
log-probability. This discrepancy reveals a funda-
mental limitation of using DPO-trained models for
likelihood-based detection.

B.3 SimPO: Aligning the Training Objective
with Detection
To address the misalignment inherent in DPO, we

adopt Simple Preference Optimization (SimPO).
SimPO defines its reward function directly in terms

of the average log-probability:

1
Tsimpo (Z) = Tﬁlog (). (12)

This formulation establishes a direct relationship
between the reward function and our detection met-
ric. Consequently, when the model is trained to
satisfy the preference 7simpo(Zw) > 7simpo (1),
it is explicitly optimizing for p(z,,) > p(z;). As
illustrated in Figure 5, our experiments confirm
this ideal alignment: whenever the SimPO training
objective is met for a preference pair, the average
log-probability ranking aligns perfectly.

C Theoretical Analysis: Dynamic vs.
Static Thresholding

In this section, we provide a formal analysis demon-
strating why the dynamic thresholding in PC-CAT
generalizes better than global static thresholding.

C.1 Dynamic Thresholds

Let p(zp,) and p(z,) denote the scores (average
log-probabilities) of a paired human-written and
Al-generated text. As described in Section 3.3,
the context-aware thresholding (CAT) module is
optimized via a centering regression 10ss L enter-
This objective encourages the predicted thresholds
for both samples to converge toward their local
midpoint:

plow) +9(0)

To(2) = p(Th, Ta) =
For any given pair {z!, x%} in the test set D, cor-
rect classification is achieved according to the deci-
sion rule in Eq. (2) if the predicted threshold 74(z")
satisfies the local interval constraint:

p(z},) < 7o(z') < p(a). (14)

Let §(z') = |r4(2') — p(zl, x%)| represent the
prediction error of the threshold regressor. The
instance ' is correctly classified as long as this

error remains within the local margin:

plh) — p(a})

5 (15)

Crucially, this condition is instance-specific. The
model only needs to ensure that the predicted
boundary falls within the safety margin of the cur-
rent input, independent of the score distributions of
other instances.
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C.2 The Brittleness of Static Thresholds

In contrast, a static threshold Ty must satisfy
a global constraint to achieve robust performance
across the entire test set D:

Vi €D, Tyaic € (P(a}),p(xL)].  (16)

Mathematically, this requires a non-empty inter-
section of all local intervals across all test samples:

Tstatic € ﬂ (ﬁ(ﬂflh)aﬁ(%)} :

i€D

a7

This requirement is extremely brittle. As empiri-
cally demonstrated in Table 6, when a model faces
distribution shifts (e.g., from Task 1 to Task 2), the
score distribution can undergo a significant nega-
tive shift. Such shifts often cause the global inter-
section to become empty:

(18)
i€D

In such cases, no single static threshold can cor-
rectly separate the classes, leading to the catas-
trophic F1 score collapse observed in our exper-
iments (from 0.73 to 0.02). Conversely, our dy-
namic threshold 7, () is not bound by this global
intersection. It only needs to satisfy local con-
straints, making PC-CAT inherently more robust to
distribution shifts.

D Justification for the Choice of
Evaluation Metric

D.1 Empirical Analysis

While the Area Under the Receiver Operating
Characteristic Curve (AUROC) is a widely used,
threshold-independent metric for evaluating the
ranking capability of a binary classifier, our work
deliberately adopts the F1 score as the primary
evaluation metric because it clearly articulates the
motivation for the threshold calibration component.

The fundamental limitation of AUROC is its
invariance to monotonic transformations of the pre-
diction scores. Because AUROC depends entirely
on the rank-order of scores rather than their abso-
lute values, a uniform shift across all prediction
scores will not change the resulting curve or its
area. However, in any real-world deployment, a
detector must commit to a specific decision thresh-
old to make a classification. If the distribution
of scores at test time shifts relative to the distri-
bution on which the threshold was calibrated, the

Score

Method Task (AI/ Human) F1 AUROC
8.7+3.0

mBD PO) WK1 (73,900 073 077
174433

Task2 (1577192 002 079
42411

PC.CAT Takl (37374 087 089
3.940.5

Task2 (36742 081 0381

Table 6: Score distribution and detection evaluation.
Task 1: Rewrite task, Dataset: XSum, Reviser: GPT-4o.
Task 2: Polish task, Dataset: PubMed, Reviser: GPT-40

detector’s practical performance can collapse, even
while its theoretical ranking ability (measured by
AUROC) remains high.

To illustrate this phenomenon empirically, we
analyzed the score distributions and performance of
the ImBD baseline across two different tasks: task 1
(rewrite task on XSum dataset by GPT-40) and task
2 (polish task on PubMed dataset by GPT-40). As
shown in Table 6, the model’s mean log-probability
score undergoes a significant negative shift, from
-8.7 on task 1 to -17.4 on task 2. Despite this shift,
the model’s ability to rank samples correctly is
preserved, resulting in a consistently high AUROC
of 0.77 and 0.79.

However, a static threshold calibrated on one dis-
tribution (e.g., task 1) is misaligned for the shifted
distribution (e.g., task 2). This misalignment leads
to catastrophic misclassification, causing the F1
score to collapse from 0.73 to a near-zero 0.02.
This failure occurs even when the threshold is op-
timally chosen on a validation set via the Youden
Index, as such calibration cannot account for un-
foreseen shifts in the test distribution. In contrast,
our method, which employs an adaptive threshold,
maintains high F1 scores across both tasks by ad-
justing its decision boundary in response to the
input.

Therefore, the F1 score exposes the fragility of
fixed-boundary detectors under distribution shifts,
a key gap between theoretical and practical detec-
tion performance. This finding directly motivates
our proposed method, PC-CAT, an adaptive thresh-
olding mechanism designed to provide robust and
reliable detection in practice, not just in theory.

D.2 Formal Proofs

Proposition 1. Let X and Y be random variables
for positive and negative class scores. Let f : R —
R be strictly monotonically increasing. AUROC is
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Dataset  Model Score Threshold

Human Al Human Al
PubMed Op1 90 484 33 399 o8
witng  OPUI0 502 DY 388 4o
SQuAD  Gpras 360 Lo S0 g
Xsum o Gpras S Go 07 5

Table 7: Adaptive threshold and score across different
datasets and models.

invariant under the transformation f.

Proof. The probabilistic interpretation of AUROC
is:

1
AUC = P(X >Y)+ JP(X =Y). (19
Let X' = f(X)and Y’ = f(Y). Since f is strictly
monotonically increasing, x > y <= f(z) >
fly)andz =y <= f(z) = f(y). Thus:
1
AUC' = P(X' > V') + 5 P(X' =Y')

1
= P(X >Y) + ;P(X =Y) = AUC.

(20)
This proves AUROC fails to capture absolute shifts
in score distributions. O

Proposition 2. Let 77 be the optimal threshold for
a distribution S. Let f be a transformation such
that f(77) # 7). Applying the fixed threshold 77
to S" = f(S) degrades performance.

Proof. Let J(t) = TPR(7) — FPR(7). The op-
timal threshold is 7; = argmax, J(7). Under
S’, the fixed rule ¢’ = I(f(S) > 77) is equiva-
lent to using 7.sf = f~1(7%) on S. Since 7.5 #
7% and 77 is the unique maximizer, J(7erf) <
J(77). This deviation explains the fragility of
static-threshold methods. O

E Analysis of Threshold and Score

Table 7 shows the mean threshold and score for Al-
generated and Human-written text. This provides
several key insights that prove the effectiveness of
our adaptive threshold mechanism:

* Adaptation to Text Source: The mean thresh-
old predicted for Al-generated text is con-
sistently lower than the mean threshold for

human-written text. This demonstrates that
the mechanism actively creates a "safety mar-
gin" based on the input’s characteristics, rather
than using a single, fixed boundary.

* Generator Adaptation: The threshold adapts
to the specific AI model. For example, in the
XSum domain, the Al threshold for the more
advanced GPT-4o0 is -4.34, which is higher
than -4.52 for GPT-3.5. This suggests the
detector is slightly more confident in GPT-3.5
than in GPT-4o.

* Domain Adaptation: PC-CAT demonstrates
strong domain awareness. For instance, the
average threshold for human text in fact-
based domains like SQuAD (-3.04) and XSum
(-3.07) is noticeably higher than in more
complex domains like Writing (-3.88) and
PubMed (-3.99). This shows that the model in-
telligently adapts its decision boundary based
on the expected characteristics of each do-
main.

In summary, this analysis confirms that our adap-
tive threshold is a principled mechanism, which dy-
namically adjusts to intrinsic textual features. Fur-
thermore, the learned distance between the score
and the threshold acts as a confidence margin. This
margin provides tolerance against adversarial at-
tacks by absorbing textual perturbations.

F Detailed Descriptions of Experiments

F.1 Detailed Configurations of Ablation
Variants

To clarify the experimental setup in Section 4.3,
we provide the specific implementation details for
each ablated version of PC-CAT below:

* w/o CAT: This variant removes the Context-
Aware Thresholding (CAT) module. In its ab-
sence, we follow the standard statistical base-
line protocol by using the Youden Index to
determine a single optimal static threshold on
the validation set.

* w/o PC: This variant skips the Preference Cal-
ibration (PC) stage. The backbone model
(Qwen2.5-0.5B) is used directly as the scoring
function, and the CAT module is trained on
top of the uncalibrated hidden states.

* W/0 Lecenter: In this variant, we retain the Pref-
erence Calibration (PC) stage. The centering

37493



regression loss term is removed from the to-
tal CAT objective. The threshold prediction
network is optimized solely using the ordinal
constraint, such that Lcat = @+ Lordinal-

* W/0 Lowdinal: In this variant, we retain the Pref-
erence Calibration (PC) stage. The auxiliary
ordinal constraint loss is removed. The ob-
jective for the threshold prediction network
simplifies to the centering regression loss ac-
tivated by the indicator function: Lcar =

H(ﬁ(xa) > Tj(ajh)) « Leenter-

F.2 Distinction Between ‘“Rewrite’” and
“Polish”

Essentially, "polish" suggests minor stylistic and
grammatical improvements, while "rewrite" im-
plies a more fundamental restructuring of the text
while preserving the original meaning.

* Polish: The LLM is asked to polish/adjust the
text based on a randomly picked style.

* Rewrite: The LLM is asked to rewrite the
given text without missing the original details.

G Extended Analysis on the
Log-probability Signals

In this section, we provide additional empirical evi-
dence regarding the effectiveness of log-probability
as a discriminative signal for recent Large Lan-
guage Models (LLMs) and further justify the ne-
cessity of our proposed framework.

G.1 Intrinsic Discriminative Power of
Modern LLMs

A potential concern in Al-generated text detection
is whether the log-probability signal remains reli-
able for increasingly powerful LLMs. To investi-
gate this, we evaluate the raw likelihood of a frozen
Qwen2.5-0.5B model without any post-training or
calibration. As shown in Table 8 and Table 9, this
relatively small backbone achieves high AUROC
scores across all generators, including state-of-the-
art models.

Notably, the performance of Qwen2.5-0.5B is
comparable to, and in some cases exceeds, that
of significantly larger models such as GPT-Neo-
2.7B and Falcon-7B. These findings confirm that
the discriminative signal based on token-level log-
probability does not vanish as LLMs evolve. In-
stead, it remains an intrinsic and effective feature

for distinguishing machine-generated text from hu-
man writing.

G.2 Methodological Necessity of PC-CAT

While raw log-probability provides a strong rank-
ing signal (AUROC), it is insufficient for robust
real-world deployment for two primary reasons:

* Distribution Overlap: The log-probability
distributions of human and Al text often ex-
hibit persistent overlaps, particularly in chal-
lenging scenarios like Al-revised text detec-
tion. Our preference calibration (PC) step
explicitly maximizes this gap to enhance dis-
criminative capacity.

* Threshold Sensitivity: High AUROC indi-
cates a strong ranking capability but does not
ensure a high F1 score. Defining a univer-
sal static threshold is difficult due to signif-
icant score shifts across different domains.
Our context-aware thresholding (CAT) mech-
anism converts this ranking potential into ac-
curate classification decisions by adapting to
instance-specific features.

G.3

To verify that our approach captures generalizable
detection patterns rather than overfitting to specific
training distributions, we extend our evaluation to
the M4 (Wang et al., 2024) and RealDet bench-
marks (Zhu et al., 2025). Crucially, for these exper-
iments, we do not perform any additional training
or fine-tuning on the external datasets. Instead,
we directly employ the model weights and thresh-
old regressor that were previously trained on our
primary dataset (as described in Section 4.1). As
shown in Table 10, our method (PC-CAT) consis-
tently improves detection performance on these
unseen datasets. For instance, our approach further
boosts the AUROC on RealDet to 92.45%. This
demonstrates that the preference calibration stage
effectively sharpens the intrinsic detection signal.

Generalization to External Benchmarks

H Additional Results

H.1 Multilingual Performance

Our experiments are conducted on machine-
revised text in Spanish (Gutiérrez-Fandifio et al.,
2021), Portuguese (Chen et al., 2023b), and Chi-
nese (Wang et al., 2024), following the same ex-
perimental setup. The dataset consists of human-
written texts and their GPT-3.5-polished counter-
parts. We train on a given language’s training set
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Scoring Model Method GPT-3.5 GPT-4o0 Deepseek-7b Llama-3-8B Mistral-7B
Qwen2.5-0.5B Likelihood 93.88 84.75 93.02 91.54 86.80
LogRank 91.42 80.26 90.76 88.31 81.84
LRR 74.74 57.44 77.02 66.84 55.25
GPT-Neo-2.7B Likelihood 87.88 80.77 88.16 85.00 76.57
LogRank 84.96 76.94 86.75 81.92 71.47
LRR 72.03 62.14 78.80 68.76 52.61
Falcon-7B Likelihood 88.56 78.34 87.99 87.28 76.49
LogRank 85.67 74.30 86.28 83.81 70.49
LRR 71.97 58.36 76.36 67.14 50.85

Table 8: Performance on the Polish Task with different scoring models (Writing Dataset). Metric: AUROC (%).

Scoring Model Method GPT-3.5 GPT-40 Deepseek-7b Llama-3-8B Mistral-7B
Qwen2.5-0.5B Likelihood 97.41 84.08 99.25 96.40 98.46
LogRank 97.22 82.72 99.06 96.61 97.98
LRR 91.77 74.36 95.70 94.91 91.69
GPT-Neo-2.7B Likelihood 95.77 75.85 98.86 94.68 94.43
LogRank 95.83 74.86 98.75 94.99 94.06
LRR 91.64 67.58 96.96 92.95 89.24
Falcon-7B Likelihood 96.84 75.99 98.98 96.59 96.46
LogRank 96.38 75.14 98.65 96.86 95.67
LRR 90.20 68.74 95.21 95.25 89.05

Table 9: Performance on the Generate Task with different scoring models (XSum Dataset). Metric: AUROC (%).

Scoring Model Method M4 RealDet
GPT-Neo-2.7B Likelihood 83.43 87.88
LogRank 85.15 88.56
LRR 87.05 89.08
Falcon-7B Likelihood 85.77 85.35
LogRank 87.50 86.28
LRR 71.97 58.36
Qwen2.5-0.5B Likelihood 85.72 89.16
LogRank 87.47 89.90
LRR 87.66 90.12
+Ours(PC) Likelihood 90.25 92.45

Table 10: Performance on other public benchmarks with
different scoring models. Metric: AUROC (%).

and evaluate on its corresponding test set. Notably,
Portuguese proved to be the most challenging task
for all models. This is likely because all the scoring
models are predominantly pretrained on English
data, limiting their proficiency in other languages.
Despite this, as shown in Table 5, PC-CAT consis-
tently outperforms the strongest baselines across all
languages, surpassing Fast-DetectGPT by 7.29%
in Spanish and 11.16% in Chinese, while exceed-
ing ImBD by 13.47% in Portuguese. These results
highlight its robustness and adaptability in multi-
lingual settings.

H.2 Robustness against Additional
Adversarial Attacks

Table 11 presents the detection performance of var-
ious methods under three additional adversarial
attacks on the XSum dataset, including Number
(randomly replacing numbers in the text), Alterna-
tive Spelling (swapping between common spelling
variants, e.g., US and British English) and Syn-
onym (replacing non-stop words with a random
synonym). The results indicate that our method
maintains superior performance compared to all
baselines across different attack types, demonstrat-
ing its robustness against adversarial manipula-
tions.

Furthermore, we test PC-CAT’s resilience
against paraphrasing and prompt-based evasion
techniques. Table 12 summarizes the performance
under back-translation (Zhou et al., 2024) and
prompt injection (Liu et al., 2023) attacks across
four settings. The results show that PC-CAT main-
tains good detection performance in all scenarios,
demonstrating its strong robustness against more
sophisticated attacks that alter sentence structure.

H.3 Comparison of Scoring Backbones

To verify that PC-CAT’s improvements originate
from the proposed method rather than its scoring
backbone, we conduct a controlled comparison.
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Attack Method ImBD PC-CAT (Ours)
Original 59.41 96.31
Number 56.05 (-3.36) 96.13 (-0.18)
Alternative Spelling | 51.90 (-7.51) 95.24 (-1.07)
Synonym 19.09 (-40.32) | 85.71 (-10.60)

Table 11: F1 Score under various attacks on the XSum
dataset. Values in parentheses indicate the decrease
from the original text.

Attack Method XSum Writing
Original 96.31 92.11
Back-translation 95.09 (-1.22) 91.21 (-0.90)
Prompt Injection 95.28 (-1.03) 91.12 (-0.99)

Table 12: F1 Score of PC-CAT under Back-translation
and Prompt Injection attacks. Values in parentheses in-
dicate the performance degradation from the unattacked
text.

PC-CAT adopts Qwen2.5-0.5B as its scoring back-
bone. In contrast, several statistical baselines were
originally built on English-centric backbones such
as GPT-Neo-2.7B or Falcon-7B. We therefore re-
run these baselines with the Qwen2.5-0.5B back-
bone. We cover both the monolingual (English)
GPT-3.5 polishing task and the multilingual setting
(Chinese, Portuguese, and Spanish). Results are
summarized in Table 13. In the English setting,
adopting Qwen2.5-0.5B yields no improvement
for the baselines and instead consistently degrades
their performance. In the multilingual setting, the
results are mixed and not consistently favorable to
Qwen2.5-0.5B: Likelihood and LogRank benefit in
some languages, whereas Fast-DetectGPT remains
better with its original backbone. Together, these
comparisons confirm that PC-CAT’s advantages
arise from its proposed mechanisms rather than the
choice of scoring backbone.

H.4 Detail Results on Open-source Models

Table 14 presents the detailed detection perfor-
mance (F1 score) on Al-polished texts produced
by open-source models across the XSum, SQuAD,
and WritingPrompts datasets. The results show that
our method outperforms all baselines in most set-
tings, with particularly strong gains on the SQuAD
and WritingPrompts datasets.

H.5 Detailed Results on Diverse Revision
Tasks

Table 15 reports detailed F1 scores for detecting
Al-revised texts generated by six LLMs across four

revision tasks. Our method achieves the highest
F1 score in most cases, demonstrating its effective-
ness and generalization across different types of
revisions.

I Pipeline to Construct Paired Datasets

To construct the paired datasets efficiently, we can
adopt the following pipeline:

1. Source Text Collection: First, we can gather a
large corpus of human-written texts.

2. Instruction Generation: Next, we can employ
a Large Language Model (LLM) to generate
a diverse pool of prompts centered on text
polishing and rewriting.

3. Paired Data Synthesis: Finally, for each hu-
man text, we can sample a prompt from the
pool and instruct the LLM to produce a rewrit-
ten version, thus forming a (human, machine-
rewritten) pair.

We believe that this pipeline provides a scalable
and systematic approach to bypass the bottleneck
of finding naturally occurring data, enabling the
creation of a robust dataset for training and evalua-
tion.
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English (GPT-3.5 Polishing) Multilingual
Algorithm XSum Writing PubMed Chinese Portuguese Spanish
Likelihood 58.82/64.25 77.52/ 80.81 61.03/64.63 72.85/53.49 44.93 /48.49 64.38 /59.42
LogRank 55.56/64.50 75.40 / 74.81 58.24/64.73 71.14/52.46 42.01/41.30 51.30/57.14
Fast-DetectGPT 55.52/66.88 65.29/86.32 26.29/59.23 73.82/75.48 57.59763.90 69.30/80.00

Table 13: F1 scores (%) of statistical baselines under the Qwen2.5-0.5B backbone versus their original backbones
(Qwen / original). The left panel reports the monolingual English GPT-3.5 polishing task, and the right panel reports
the multilingual setting. Higher values are in bold.

Source Model

Dataset Method Qwen2-7B  Llama-3-8B  Mixtral-7B  Deepseek-7B Avg.
Likelihood 51.72 66.82 61.92 65.55 61.50
Rank 55.76 59.90 53.01 63.10 57.94
LogRank 58.94 66.06 63.87 66.06 63.73
Entropy 45.82 54.82 54.45 55.56 52.66
XSum ngt—DetectGPT 50.98 73.18 65.68 76.24 66.52
Binoculars 21.05 54.29 30.00 51.46 39.20
ImBD 46.15 70.13 51.49 65.47 58.31
RoBERTa-base 100.00 92.09 96.55 92.47 95.28
RoBERTa-large 99.67 95.47 98.31 97.26 97.68
PC-CAT (Ours) 98.03 97.35 97.01 96.32 97.18
Likelihood 56.77 67.79 63.86 67.47 63.97
Rank 59.56 64.38 59.95 67.38 62.82
LogRank 61.20 66.67 65.11 66.67 64.91
Entropy 46.80 56.40 54.88 60.41 54.62
SQUAD Fz}st—DetectGPT 59.77 78.82 75.15 56.46 67.55
Binoculars 26.59 63.01 38.71 69.94 49.56
ImBD 73.09 87.54 78.46 76.56 78.91
RoBERTa-base 88.89 86.50 85.80 83.28 86.12
RoBERTa-large 87.43 88.10 88.10 85.71 87.34
PC-CAT (Ours) 92.21 92.88 91.54 87.30 90.98
Likelihood 56.64 79.41 72.67 79.77 72.12
Rank 64.20 66.26 59.87 73.93 66.07
LogRank 60.29 73.82 70.78 73.49 69.60
Entropy 21.70 41.84 34.93 62.04 40.13
WritingPrompts Fqst—DetectGPT 75.14 83.38 80.95 85.56 81.26
Binoculars 69.83 91.37 77.24 86.89 81.33
ImBD 79.37 94.08 84.41 90.65 87.13
RoBERTa-base 86.71 84.02 86.05 83.68 85.12
RoBERTa-large 90.36 88.69 90.03 87.65 89.18
PC-CAT (Ours) 94.01 92.99 94.01 92.99 96.65

Table 14: Detailed detection performance on Al-revised texts generated by open-source models across XSum,
SQuAD, and WritingPrompts.
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Tasks
Model Method Rewrite Polish Expand Generate Avg.

Likelihood 54.40 64.25 68.08 68.81 63.89

Rank 56.91 56.14 64.14 68.67 61.47

LogRank 57.91 64.50 67.57 67.57 64.39

Entropy 58.77 55.19 62.50 68.06 61.13

GPT-35 Fa}st-DetectGPT 16.00 66.88 73.39 83.47 59.94
’ Binoculars 1.30 64.10 47.76 99.67 53.21
ImBD 8.92 77.55 71.79 94.00 63.07

RoBERTa-base 93.24 97.96 96.91 95.47 95.90

RoBERTa-large 96.91 97.96 96.39 96.30 96.89

PC-CAT(Ours) 93.10 97.69 98.03 99.67 97.12

Likelihood 61.92 62.25 64.58 69.61 64.59

Rank 62.05 56.15 60.26 66.50 61.24

LogRank 64.81 63.87 64.50 67.87 65.26

Entropy 61.50 56.28 62.83 65.09 61.43

GPT-40 Fe_lst-DetectGPT 32.39 52.22 57.73 80.35 55.67
Binoculars 3.85 65.98 13.41 87.50 42.69

ImBD 2.67 41.27 37.84 99.33 45.28

RoBERTa-base 59.15 92.47 94.74 97.26 85.91

RoBERTa-large 73.42 97.61 93.24 96.05 90.08

PC-CAT(Ours) 80.77 94.92 94.56 98.03 92.07

Likelihood 53.65 51.72 61.58 69.61 59.14

Rank 60.26 55.76 62.05 70.36 62.11

LogRank 59.28 58.93 64.81 67.87 62.72

Entropy 59.46 45.82 58.06 64.78 57.03

Qwen2-7B Fe_lst—DetectGPT 19.21 50.98 57.73 82.72 52.66
Binoculars 0.00 21.05 8.75 96.62 31.61

ImBD 12.50 46.15 46.94 99.33 51.23

RoBERTa-base 97.26 100.00 99.67 100.00 99.23

RoBERTa-large 99.33 99.67 97.40 97.40 98.45

PC-CAT(Ours) 95.97 98.03 98.36 98.36 97.68

Likelihood 68.08 66.82 65.23 69.61 67.44

Rank 63.80 59.90 63.80 69.42 64.23

LogRank 67.27 66.06 63.87 67.87 66.27

Entropy 64.45 54.82 57.71 65.73 60.68

Llama-3-8B Fe}st—DetectGPT 65.58 73.18 81.71 82.39 75.72
Binoculars 29.05 54.29 74.59 99.01 64.24

ImBD 43.75 70.13 68.42 94.74 69.26

RoBERTa-base 89.71 92.09 87.64 69.00 84.61

RoBERTa-large 98.99 95.47 91.41 90.28 94.04

PC-CAT(Ours) 96.32 97.35 94.20 96.32 96.05

Likelihood 59.85 61.92 68.69 69.61 65.02

Rank 57.29 53.01 66.17 67.81 61.07

LogRank 61.94 63.87 67.57 67.87 65.31

Entropy 60.15 54.45 63.16 66.98 61.19

Mistral-7B Fa}st—DetectGPT 31.71 65.68 81.71 84.03 65.83
Binoculars 2.58 30.00 63.39 99.01 48.75

ImBD 7.69 51.49 77.05 100.00 59.06

RoBERTa-base 86.36 96.55 97.26 97.96 94.53

RoBERTa-large 95.10 98.31 97.40 97.07 96.97

PC-CAT(Ours) 91.99 97.01 98.03 98.03 96.27

Likelihood 65.23 65.55 69.00 69.60 67.35

Rank 63.45 63.10 68.78 68.46 65.95

LogRank 66.67 66.06 67.57 67.87 67.04

Entropy 59.80 55.56 67.29 68.20 62.71

Deepseck-7B Fa}st—DetectGPT 62.46 76.24 81.38 84.03 76.03
Binoculars 21.05 51.45 76.61 99.01 62.03

ImBD 19.28 65.47 74.48 100.00 64.81

RoBERTa-base 51.49 92.47 88.89 84.17 79.26

RoBERTa-large 66.07 97.26 93.60 94.67 87.90

PC-CAT(Ours) 83.90 96.32 95.27 98.36 93.46

Table 15: Detailed detection performance across diverse revision tasks and six LLMs on the XSum dataset.
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