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Abstract

The widespread misuse of large language mod-
els (LLMs) has made machine-generated text
detection (MGTD) a critical task. Existing de-
tection methods are often vulnerable to stylistic
noise, which limits their generalization in real-
world scenarios and robustness on short texts.
Furthermore, many methods generate multiple
auxiliary texts through LLM-based rewriting
or similar strategies, substantially increasing
detection latency and limiting their practical-
ity. To address these challenges, we propose
the DisGAR detection framework, which strips
stylistic noise from the input text to mitigate
its impact on detection performance, thereby
improving cross-domain and cross-model ro-
bustness. Specifically, we first fine-tune the
attention layers of the proxy model to cap-
ture generation-specific patterns. Then we
further introduce a global artifact aggregation
mechanism and a contrastive learning strategy
based on rewritten texts, enabling the sepa-
ration of stylistic artifacts from the underly-
ing generation patterns. Experimental results
demonstrate that DisGAR outperforms existing
state-of-the-art methods in unseen-model and
unseen-domain detection. Moreover, DisGAR
achieves detection efficiency comparable to
Fast-DetectGPT, successfully balancing detec-
tion performance and efficiency. Source code is
available at https://github.com/m-Clown/
DisGAR.git

1 Introduction

The landscape of LLMs is characterized by rapid
technological iterations and continuous capabil-
ity breakthroughs. Recent models, such as
DeepSeek (Bi et al., 2024), GPT (Singh et al.,
2026) and Gemini (Comanici et al., 2025), have ex-
hibited exceptional generative performance. Their
advancements significantly enhance productivity
across various domains, including academic re-
search, journalism, and software development.

However, LLMs pose significant threats to in-
formation authenticity and public trust. On the
one hand, the inherent flaws of LLMs, including
biases (Tjuatja et al., 2024) and hallucinations (Ji
et al., 2023), compromise the reliability and trust-
worthiness of their outputs. On the other hand, ma-
licious misuse of LLMs, such as generating disin-
formation (Pagnoni et al., 2022), crafting mislead-
ing reviews (Adelani et al., 2020), and enabling
academic misconduct (Lee et al., 2023), further
pose additional security risks. Therefore, develop-
ing effective machine-generated text detectors is
crucial.

In practical applications, detectors not only face
a wide variety of machine-generated texts (MGTs)
and human-written texts (HWTSs), but also handle
complex human-machine collaborations, such as
Polish and Rewrite. In addition, detectors also need
to detect large volumes of text. Therefore, an effec-
tive MGTD method requires detectors to possess
high generalization, robustness, and efficiency.

Rewritten or auxiliary texts provide detectors
with multi-dimensional comparative signals, which
can improve robustness and detection accuracy.
Motivated by this advantage, recent studies have
increasingly explored auxiliary texts to facili-
tate machine-generated text detection. Therefore,
we categorize existing MGTD methods into two
groups.

One line of methods is designed based on prob-
ability distributions. These methods (Bao et al.,
2024; Xu et al., 2025; Fu et al., 2025) employ a
proxy model to compute the token-level probability
distributions of the text, leveraging specific statis-
tical features derived from these distributions for
detection. However, these methods lack sufficient
generalization capability when confronting texts
generated by different LLMs and multi-domain
texts. During the text generation process, both hu-
mans and LL.Ms are subject to the dual constraints
of prior knowledge and specific task instructions.

42569

Findings of the Association for Computational Linguistics: EMNLP 2026, pages 42569—42583
October 24-29, 2026 ©2026 Association for Computational Linguistics


https://github.com/m-Clown/DisGAR.git
https://github.com/m-Clown/DisGAR.git

These inherent constraints directly result in specific
stylistic formulations. When reconstructing texts
from diverse sources, the proxy model often strug-
gles to eliminate this stylistic heterogeneity within
a unified framework, thereby yielding varying de-
grees of reconstruction bias.

Another line of work comprises methods based
on perturbation and comparison. These meth-
ods (Mitchell et al., 2023; Mao et al., 2024; Zhou
et al., 2026) measure the relationship between the
target text and generated auxiliary texts, such as
rewritten texts. While these methods improve the
generalization ability of the detectors to a certain
extent, they require multiple inferences from LLMs,
leading to substantial resource consumption and
significant time overhead (Sun et al., 2026). Fur-
thermore, both lines of methods lack sufficient ro-
bustness in short-text detection: the former exhibits
high uncertainty when predicting initial tokens due
to the absence of prompts, whereas the latter is con-
strained by the typically high similarity between
the short text and its generated auxiliary text.

To address these limitations, we propose the Dis-
GAR detection framework, which utilizes a proxy
model to extract the hidden representations of the
text. Instead of removing stylistic information di-
rectly, we apply dimensionality reduction mapping
to strip out stylistic noise that may introduce recon-
struction bias. This process yields representations
that are more effective for MGTD, which we refer
to as generative artifact representations (GARs). To
guide this mapping toward effectively stripping out
stylistic noise while preserving generation-related
artifacts, we introduce multi-dimensional training
constraints.

First, we exploit the fact that any truncated pre-
fixes retain the same labels as their full texts, guid-
ing the extractor to identify and filter out local
stylistic noise. Second, we introduce a contrastive
learning strategy to further decouple stylistic noise
from GARs. This is based on the observation
that rewritten and target texts exhibit similar stylis-
tic noise but distinct GARs, whereas texts within
the same category show distinct stylistic noise but
share similar GARs. Furthermore, we fine-tune the
proxy model specifically for the MGTD task, en-
suring that its hidden representations are inherently
enriched with GARs.

Experimental results show that DisGAR sig-
nificantly outperforms the current strongest base-
line method L2D (Zhou et al., 2026), while main-
taining a detection efficiency comparable to Fast-

DetectGPT (Bao et al., 2024). Specifically, Dis-
GAR improves the average balanced accuracy in
in-domain tests by approximately 3.1% (with an av-
erage relative gain of about 69.53%), and increases
the average balanced accuracy in cross-model and
cross-domain tests by approximately 10.7%. Fur-
thermore, the framework exhibits remarkable ro-
bustness in short-text detection.
We summarize our contributions as follows:

* We propose DisGAR, an effective and effi-
cient machine-generated text detection frame-
work that learns generative artifact representa-
tions (GARSs) from the hidden representations
of a proxy language model, aiming to disen-
tangle generative artifacts from stylistic noise.

* We design two complementary mechanisms,
global artifact aggregation and supervised con-
trastive learning based on rewritten text, to
enable the detector to capture generation pat-
terns and improve robustness across diverse
text distributions.

* Experiments show that DisGAR achieves
state-of-the-art performance in cross-domain
and cross-model detection, while maintaining
competitive efficiency and strong robustness
on short texts, multilingual texts, and memo-
rized human-written texts.

2 Related Work

Current MGTD works focus on two primary lines
of work.

Methods based on probability distributions.
These methods primarily rely on the fact that HWT
exhibits a higher degree of uncertainty compared
to MGT. Early methods use simple statistics such
as entropy, likelihood, or ranking (Gehrmann et al.,
2019). Fast-DetectGPT (Bao et al., 2024) compares
the conditional probability curvature between orig-
inal and sampled texts for efficient detection, and
Lastde (Xu et al., 2025) models token probabil-
ity sequences via time-series analysis to capture
temporal dynamics. More recently, the focus has
shifted toward adjusting a proxy model to better
evaluate the uncertainty of human-written versus
machine-generated text (Chen et al., 2025; Fu et al.,
2025). However, these methods are vulnerable to
stylistic noise, which significantly limits their gen-
eralizability.
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Figure 1: Overview of our proposed detection framework DisGAR. First, the proxy model extracts the hidden
representations of all truncated prefixes from the target text. These representations are then processed by an artifact
extractor to generate generative artifact representations, which are subsequently aggregated for final classification.
During training, we adopt rewritten texts to compute a contrastive loss, which is jointly optimized with the
classification loss to guide the DisGAR’s learning via a two-stage training strategy.

Methods based on perturbation and compari- 3.1 Motivation
son. These methods primarily rely on the fact that
after LLM processing, the discrepancy between
the input and output is significantly smaller for
MGT than for HWT. DetectGPT (Mitchell et al.,
2023) provides a novel perspective for MGTD,
distinguishing between MGT and HWT through
perturbation, scoring, and probability curvature.
DPIC (Yu et al., 2024) reconstructs the underly-
ing prompt and compares the candidate text with
prompt-aligned regenerated text. RAIDAR (Mao
et al., 2024) generates multiple rewritten versions
of the entire paragraph and measures consistency
via the edit distance between versions. L2D (Zhou
et al., 2026) adaptively learns the distance between
the target text and the rewritten text. However,
these methods require at least one inference from
LLM, which incurs significant time overhead. Fur-
thermore, their effectiveness is highly constrained
by the quality of the model’s processing. Particu-
larly when handling short texts, the input-output
discrepancy is typically extremely minimal, ren-
dering these methods insufficiently robust in such
scenarios.

Most existing MGTD methods are predicated on
a widely accepted consensus that HWT exhibits
greater uncertainty than MGT. In real-world ap-
plications, this means that when utilizing a proxy
model to estimate token-level probabilities, HWT
typically exhibits lower likelihoods, higher perplex-
ity, and greater statistical variance.

Mechanistically, an LLM predicts next-token
probabilities by computing the hidden representa-
tions of the preceding context and passing them
through a linear classifier. The success of prior
studies in utilizing these probabilities for effective
detection demonstrates that these hidden represen-
tations inherently contain features capable of distin-
guishing between MGT and HWT. However, these
hidden representations also contain stylistic infor-
mation, part of which is noise that causes recon-
struction bias.

To achieve robust detection across diverse do-
mains and LL.Ms, our objective is to disentangle the
hidden representation, filtering out stylistic noise
to extract a generalizable representation for distin-
guishing between HWT and MGT. We term this
the generative artifact representation (GAR).

3 Proposed Method . . .
3.2 Generative Artifact Representation

) ) ) Extraction
We introduce the proposed DisGAR detection

framework in this section. As illustrated in Fig- ~ Givenatarget text X tokenized into L tokens, X =
ure 1, DisGAR comprises three core components: [21,22,...,2L], we employ a proxy model @ to
generative artifact representation extraction, global ~ €xtract its hidden representations:

artifact aggregation, and contrastive learning based

on rewritten text. h=®(X) e R
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where d denotes the representation dimension.
Then, we use a multilayer perceptron (MLP)
as an artifact extractor. By non-linearly project-
ing the high-dimensional mixed representation h
into a low-dimensional latent space, we filter out
redundant stylistic noise from the original represen-
tations, thereby distilling a generalizable GAR:
r=MLP(h) € R™%
where dy denotes the dimension of the generative
artifact representation.

3.3 Global Artifact Aggregation

Text generation by LLMs is fundamentally an au-
toregressive process. Consequently, GAR can be
extracted from any truncated prefix rather than be-
ing confined to the complete text sequence.

Given the truncated prefix X<; = [z1,..., 2]
at the token position ¢, we extract its correspond-
ing local GAR r;. Proceeding in this manner,
we ultimately construct the sequence of GARs
[r1,...,7rL]. Since GAR exhibits a high degree
of homogeneity across the entire autoregressive se-
quence, we aggregate these local representations
globally via average pooling:

1 L
S
=1

Subsequently, the aggregated global represen-
tation rg is mapped into the label space via a
linear classifier, thereby computing the classifica-
tion probabilities for both being human-written and
machine-generated:

p = Softmax(W,.rg + be)

where W, € R2¥4s and b, € R? denote the learn-
able weights and bias of the linear classifier.
During training, we employ the cross-entropy
loss to measure the discrepancy between the pre-
dicted probabilities and the ground-truth labels:

C
Les = — Z Y; IOg(ﬁ])
j=1

This aggregation mechanism effectively prevents
the detector from excessively relying on local stylis-
tic noise. Instead, it impels the GAR extractor to
disentangle stylistic noise from hidden features,
thereby capturing generalizable representations.

3.4 Contrastive Learning Based on Rewritten
Text

Since rewriting constrains the LLLM to stay close
to the source text, the rewritten text may contain
both machine-specific artifacts introduced by the
LLM and stylistic noise inherited from the original
text. Consequently, HWTs and their rewritten texts
exhibit similar stylistic noise, yet their GARs are
entirely distinct. Conversely, texts belonging to the
same category, despite potentially exhibiting sig-
nificant differences in stylistic noise, share highly
consistent GARs.

Inspired by this core insight, we introduce su-
pervised contrastive learning based on rewritten
texts to explicitly optimize the GAR space, thereby
effectively decoupling the GAR 7, information.
Specifically, we first apply ¢2-normalization to the
extracted representation 7y

TL
7z l2
Utilizing these normalized embeddings, we com-
pute the supervised contrastive loss (Khosla et al.,
2020) across the target texts and their rewritten
counterparts within each batch:

exp(zi - zp/T)
Za;él exp(zl ZG/T)

»CSupCon Z | Z 1

pEP
where N denotes the batch size, P(7) is the set of

positive samples with the same class as anchor 1,
and T represents the temperature parameter.

3.5 Two-Stage Training Strategy

The overall loss function combines the classifica-
tion loss and the supervised contrastive loss:

L= »Ccls + Esupcon

Apart from the generative artifact extractor and
classifier, the proxy model also requires fine-tuning.
Because the pre-training next-token prediction ob-
jective biases LLLM attention mechanisms toward
semantic and logical coherence, it is not adaptable
to the downstream MGTD task. Consequently, we
fine-tune the attention layers of the proxy model to
sensitize them to generative artifacts.

During the initial training phase, random initial-
ization of the generative artifact extractor and clas-
sifier can propagate destructive gradients, poten-
tially degrading the proxy model’s representational
capabilities. To mitigate this issue, we employ a
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two-stage training strategy (Kumar et al., 2022) for
our DisGAR framework:

Warm-up Stage. We freeze the proxy model
and all of its LoRA parameters, exclusively training
the generative artifact extractor and linear classifier.
This stage forces the top-level modules to rapidly
adapt to the proxy model’s hidden representations,
thereby establishing initial feature mappings and
decision boundaries.

Joint Fine-tuning Stage. The LoRA parame-
ters are unfrozen, enabling the proxy model and
the top-level modules to conduct joint fine-tuning.
Driven by the joint multitask gradient, the un-
derlying LoRA modules amplify generative arti-
facts, while the top-level modules eliminate stylis-
tic noise. Collaboratively, this two-stage training
strategy achieves highly robust detection across
diverse text distributions.

4 Experiment

4.1 Experimental Setup

Dataset. We employ the Disjoint-Input Generation
(DIG) subset from the MIRAGE benchmark (Fu
et al., 2025) as our primary dataset. This dataset
encompasses real-world corpora across 5 distinct
domains, comprising texts generated by 17 main-
stream open-source and closed-source LL.Ms for
three major tasks: Generate, Polish, and Rewrite.
Furthermore, it is constructed by randomly inject-
ing 16 predefined linguistic styles during the gener-
ation process. Each task-specific test set contains
approximately 14,000 to 16,000 samples.

Evaluation Metrics. To comprehensively eval-
uate the detector’s performance, we utilize four
diverse metrics: Area Under the Receiver Operat-
ing Characteristic Curve (AUROC), Matthews Cor-
relation Coefficient (MCC), Balanced Accuracy,
and True Positive Rate at a 5% false positive rate
(TPR@5%). AUROC and TPR@5% do not rely
on a fixed decision threshold, whereas MCC and
Balanced Accuracy are computed at the optimal
threshold selected on the test set. While AUROC
captures the model’s overall discriminative capabil-
ity, Balanced Accuracy and MCC provide a robust
assessment under potential class imbalance. Addi-
tionally, TPR@5% reflects the detector’s ability to
identify MGTs under a low false positive rate of
5% on HWTs.

Baseline. We primarily compare the pro-
posed DisGAR framework with both zero-shot
methods and training-based methods. The zero-

shot methods include Likelihood (Solaiman et al.,
2019), Entropy (Gehrmann et al., 2019), Detect-
GPT (Mitchell et al., 2023), Fast-DetectGPT (Bao
et al., 2024) and Lastde (Xu et al., 2025). The
training-based methods include RoBERTa se-
ries (Liu et al., 2019), BiScope (Guo et al., 2024),
ImBD (Chen et al., 2025), DetectAnyLLM (Fu
et al., 2025) and L2D (Zhou et al., 2026).

4.2 In-domain Detection

We adopt the few-shot, multi-domain training set
from ImBD, which comprises 500 pairs of HWTs
and GPT-3.5-turbo polished texts. Subsequently,
we evaluate the in-domain MGTD performance on
the MIRAGE benchmark.

As summarized in Table 1, experimental results
demonstrate that our proposed DisGAR achieves
state-of-the-art detection performance across all
metrics and tasks. Specifically, DisGAR achieves
AUROC scores exceeding 99.7%, alongside abso-
lute improvements of 2.9%-3.2% in Accuracy and
5.7%-6.3% in MCC. At TPR@5%, our method
reaches 99.19%-99.90%, yielding an absolute gain
of 3.5%-4.6%. To provide a more comprehensive
view, the detailed ROC curves in Figure 2 demon-
strate that DisGAR consistently maintains higher
TPR than baseline methods, particularly in strin-
gent low-FPR constraints. This meets the practi-
cal requirement of robust MGT detection without
falsely penalizing human creators.

In summary, these results powerfully demon-
strate DisGAR’s exceptional cross-model gener-
alization and its robustness in handling complex
human-AlI collaborative texts.

4.3 Out-of-Distribution (OOD) Detection

To evaluate the generalization capability of the de-
tector on unseen models and domains, we catego-
rize the test set of the Polish task into five domains:
Academic, Comment, Email, News, and Website.
For each domain, we construct a training set
comprising 500 pairs of human-written and Qwen3-
max (Yang et al., 2025) generated texts. We train
the detector independently on the training set of
each domain and evaluate its performance on the
test sets of the remaining four domains. As il-
lustrated in Figure 5, DisGAR consistently out-
performs alternative baselines, exhibiting both sta-
bility and superiority under the cross-domain and
cross-model setting. Notably, when L2D is trained
on Website, its performance experiences a precipi-
tous decline. Our analysis suggests that within this
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Table 1: In-domain detection results. The symbol “#” indicates training-based methods. The “Imp.” represents the
improvement over the previous SOTA, calculated as (new-old)/(1.0-old). Metrics: AUROC, Balanced Accuracy,
MCC and TPR@5%.

Methods Generate Polish Rewrite
AUROC  Accuracy MCC TPR@5% AUROC  Accuracy MCC TPR@5% AUROC  Accuracy MCC TPR@5%

Likelihood 0.4936 0.5091 0.0183 0.0147 0.4653 0.5000 0.0000 0.0214 0.4337 0.5000 0.0000 0.0148
LogRank 0.4992 0.5128 0.0260 0.0220 0.4512 0.5000 0.0000 0.0195 0.4225 0.5000 0.0000 0.0132
Entropy 0.6522 0.6150 0.2543 0.1099 0.5543 0.5417 0.1247 0.0954 0.5805 0.5566 0.1650 0.1189
RoBERTa-Base # 0.5523 0.5397 0.1434 0.1250 0.4859 0.5010 0.0088 0.0460 0.5020 0.5049 0.0293 0.0569
RoBERTa-Large &4  0.4716 0.5217 0.0842 0.0871 0.5171 0.5151 0.0340 0.0633 0.5570 0.5385 0.0864 0.0895
LRR 0.5215 0.5341 0.0777 0.0701 0.4081 0.5000 0.0000 0.0200 0.3930 0.5000 0.0000 0.0188
DNA-GPT 0.5733 0.5595 0.1196 0.0776 0.4771 0.5004 0.0110 0.0309 0.4453 0.5001 0.0080 0.0251
NPR 0.6120 0.6140 0.2604 0.0191 0.5071 0.5370 0.1071 0.0318 0.4710 0.5201 0.0663 0.0226
DetectGPT 0.6402 0.6258 0.2758 0.0275 0.5469 0.5531 0.1328 0.0355 0.5061 0.5266 0.0826 0.0283
Fast-DetectGPT 0.7768 0.7234 0.4628 0.4310 0.5720 0.5570 0.1293 0.1189 0.5455 0.5432 0.1015 0.1025
BiScope & 0.8258 0.8258 0.6549 0.1958 0.6537 0.6537 0.3188 0.1220 0.6362 0.6362 0.2851 0.1131
Lastde 0.8172 0.7485 0.5110 0.4816 0.5851 0.5654 0.1345 0.1108 0.5747 0.5583 0.1328 0.1099
ImBD & 0.8597 0.7738 0.5497 0.4065 0.7888 0.7148 0.4300 0.2730 0.7825 0.7068 0.4139 0.2933
DetectAnyLLM & 0.9525 0.8988 0.7975 0.7770 0.9297 0.8732 0.7487 0.7756 0.9234 0.8705 0.7447 0.7778
L2D & 0.9771 0.9586 0.9179 0.9534 0.9841 0.9542 0.9085 0.9572 0.9839 0.9544 0.9088 0.9570
DisGAR (ours) & 0.9991 0.9906 0.9811 0.9990 0.9977 0.9828 0.9656 0.9919 0.9978 0.9858 0.9717 0.9928
Imp. +96.07% +77.29% +76.98% +97.85% +85.53% +62.45% +62.40% +81.07% +86.34% +68.86% +68.97% +83.26%

=== DisGAR (Ours) == DetectAnyLLM =+~ Lastde [ DNA-GPT B Lastde EEL2D N ImBD 100

= =L2D ImBD [N Fast-DetectGPT [EH BiScope [ DetectAnyLLM &l Ours Qwen3-14B
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False Positive Rate (FPR)

Figure 2: Receiver Operating Char-
acteristic (ROC) curves of different
detectors on the Polish task.

Detection Method

Figure 3: Time cost comparison be-
tween DisGAR and seven baselines
for single-sample processing.

Inference Time (ms)

Figure 4: Comparison of the per-
formance and efficiency of DisGAR
across different open-source LLMs.

domain, L2D fails to effectively separate human-
written texts from their rewritten counterparts, lead-
ing to poor generalization.

4.4 Efficiency Analysis

In real-world applications, detection efficiency is
a critical metric for evaluating a detector’s deploy-
ment viability. To this end, we evaluate the de-
tection time cost for a single sample of DisGAR
alongside seven baseline methods. The detailed
results are presented in Figure 3. Specifically, the
detection time is measured on a text of approxi-
mately 500 tokens and averaged over multiple runs
after a warm-up phase. For a fair comparison, all
methods are evaluated without applying any model
inference acceleration techniques.

DisGAR achieves an optimal trade-off between
computational efficiency and detection perfor-
mance. Since DisGAR avoids the text rewriting
during inference, its computational time is primar-
ily limited by the proxy model, yielding a detection
time cost comparable to Fast-DetectGPT. While

DetectAnyLLM exhibits the shortest time (approx-
imately one-fourth of DisGAR’s), our method
still achieves substantially higher detection perfor-
mance. Meanwhile, although L2D achieves better
detection performance than DetectAnyLLM, its
time cost is approximately 180 that of DisGAR.

4.5 Short-text Robustness

Short-text detection remains a highly challenging
task, as the limited context significantly exacer-
bates the distributional overlap between HWTs and
MGTs. To evaluate the length robustness of detec-
tors, we conduct experiments on a short-text test
set provided by D&R (Sun et al., 2026) (WikiHow,
AG-News, and Reddit), where all MGTs are gen-
erated by Grok-3. To ensure a fair comparison,
all baselines are trained under the same data setup
specified in Section 4.2.

As shown in Figure 6(a), DisGAR exhibits su-
perior short-text robustness compared to baseline
methods, maintaining a high AUROC of 0.9563
even when confronting texts shorter than 40 to-
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Figure 5: OOD detection results. Subfigures (a)-(d) compare performance across different evaluation metrics.
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Figure 6: Impact of target text length on detection per-
formance. (a) shows the AUROC of various detection
methods across different text lengths. (b) presents Dis-
GAR’s detection accuracy across various text lengths at
a fixed classification threshold 0.17.

kens. Meanwhile, Figure 6(b) reveals that while
DisGAR’s detection efficacy for MGTs experiences
a marginal decline on short-text, its performance
on HWTs remains virtually unaffected.

4.6 Ablation Study
4.6.1 Effectiveness of Key Components

To validate the effectiveness of the individual mech-
anisms within the DisGAR framework, we con-
duct an ablation study under the same experimental
setup as in Section 4.3. Specifically, we train the
detector on the Academic training set and evaluate
its performance on the Email domain.

As shown in Table 2, removing individual mod-
ules uniformly leads to noticeable performance
degradation. Specifically, freezing the parameters
of the proxy model results in an accuracy drop of
6.6% on the test set. The general-purpose repre-
sentations of a proxy model without fine-tuning
are not optimized for MGTD, making it inherently
difficult to capture the subtle, underlying machine-
generated patterns. Furthermore, when the global
artifact aggregation and the supervised contrastive
learning based on rewritten texts are individually re-
moved, the detector’s accuracy drops by 1.8% and

4.9%, respectively. These results confirm that both
mechanisms play distinct and complementary roles
in extracting style-agnostic generative artifacts, and
their synergy significantly enhances the generaliza-
tion capability of DisGAR. Notably, removing all
proposed components results in a substantial ac-
curacy drop of approximately 19%, demonstrating
the importance of their combined contribution to
the overall performance.

Table 2: Ablation study results on overall performance.
“w/o LoRA” denotes freezing the proxy model and only
training the GAR extractor and linear classifier. “w/o
Agg.” denotes removing the global artifact aggregation
mechanism. “w/o Con.” denotes removing the super-
vised contrastive learning based on rewritten texts. “w/o
All” denotes removing LoRA, contrastive learning, and
the aggregation module simultaneously. More detailed
ablation results are provided in Appendix C.

Method AUROC TPR@5% MCC  Accuracy
w/o All 0.8036 0.4553 0.4681 0.7356
w/o LoRA  0.9389 0.7247 0.7141 0.8629
w/o Agg. 0.9696 0.8638 0.8106 0.9115
w/o Con. 0.9531 0.7988 0.7499 0.8808
DisGAR 0.9788 0.9010 0.8467 0.9297

4.6.2 Probing Analysis

To verify whether DisGAR effectively suppresses
nuisance information in GAR, we conduct three
probing analyses along three dimensions: do-
main, topic, and generator model. Specifically,
the domain probe distinguishes between academic
texts and user comments, the topic probe between
science-and-technology and world news, and the
model probe between texts produced by GPT-40
and DeepSeek-V3.

We use the cross-entropy loss on the test set as
a proxy for the amount of attribute-specific infor-
mation encoded in the learned representations. A
higher test loss indicates that the corresponding
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Table 3: Test loss of the probing classifiers. “Baseline”
uses the same proxy model, MLP extractor, and classi-
fier as DisGAR, but removes LoRA fine-tuning, global
artifact aggregation, and supervised contrastive learning.
Both methods undergo identical training on the MGTD
task, following the setup described in Section 4.2. More
detailed results are provided in Appendix C.

Method Domain

Baseline  0.2069
DisGAR 0.3981

Topic  Model

04123 0.6116
0.5406 0.6759

information is less recoverable from the represen-
tations. As shown in Table 3, DisGAR consis-
tently yields higher probing losses than the base-
line across all three probing tasks. This observa-
tion indicates that the representations extracted by
DisGAR retain substantially less stylistic noise,
partially corroborating its capability to disentangle
underlying generation artifacts.

4.6.3 Impact of Proxy Models

We evaluate the impact of utilizing various proxy
models on detection performance. Following the
setup in Section 4.2, all models are trained on
the same dataset and evaluated using accuracy on
the Polish test set. Time calculation follows the
methodology described in Section 4.4. As shown
in Figure 4, the empirical results vary across config-
urations, which can be attributed to differences in
parameter scales and model architectures. With the
exception of gpt-neo-2.7B, which performed rela-
tively poorly, all other models consistently achieve
a detection accuracy exceeding 94%. Overall,
larger models generally yielded better results, but
at the expense of increased inference time cost.

4.7 Other Analysis
4.7.1 Other Languages

To assess DisGAR’s performance across languages,
we construct multilingual test suites (comprising
Chinese, German, Italian, and Japanese texts) via
Qwen-turbo. As illustrated in Figure 7(a), the re-
sults indicate that the detector demonstrates strong
performance across all evaluated languages, with
detection accuracy consistently at or above 95%.
Additionally, on the Chinese test set provided by
MIRAGE (Fu et al., 2025), DisGAR achieves an
AUROC of 0.9506 and an average accuracy of
0.8902, underscoring its high efficacy in cross-
lingual scenarios.

(a) Multilingual (MGTs) (b) Memorization (HWTs)
jad 95.00 (n-160) PubMed - 9832 (n=2500)
Story 1 99.47 (n=187)

9688 (n=160) 9884 (n=172)

84.95 (1-2000)
de - 95.63 (n=160)

Speech - 99.10 (1=1000)

] 100.00 (a-200) Song 8.5 (n-2000)

40 60 80 100 70 80 90 100

Figure 7: Other analysis results. (a) Accuracy of Dis-
GAR on generated texts across different languages; (b)
Accuracy of DisGAR on various memorized texts. The
classification threshold is set to 0.17.

4.7.2 Memorization

LLMs are highly prone to memorization overfitting
on content that appears frequently in the training
corpus, such as legal statutes and famous quotes.
Consequently, when evaluating such texts, the
proxy model tends to assign them anomalously
high prediction probabilities, thereby causing the
detector to misclassify them as MGTs.

By fine-tuning the attention layers of the proxy
model to focus on the detection task, DisSGAR mit-
igates the misclassification of memorized texts to a
certain extent. As shown in Figure 7(b), DisGAR
demonstrates an outstanding capability in distin-
guishing memorized texts. Even on the English
song data, where it performs relatively the weakest,
its detection accuracy still reaches 83.55%.

5 Conclusion

In this paper, we propose DisGAR, an MGTD
framework that learns style-invariant generative
artifact representations. Motivated by the obser-
vation that hidden representations of proxy mod-
els contain both generation-specific signals and
stylistic noise, DisGAR disentangles these through
global artifact aggregation and supervised con-
trastive learning based on rewritten text. In this
way, the detector can better capture generalizable
generation patterns while reducing its reliance on
superficial stylistic cues. Extensive experiments
demonstrate that DisGAR consistently outperforms
strong zero-shot and training-based baselines under
in-domain, cross-domain and cross-model settings.
Further analyses show that DisGAR maintains com-
petitive inference efficiency and exhibits strong
robustness on short texts, multilingual generated
texts, and memorized human-written texts. These
results suggest that disentangling generative arti-
facts from stylistic noise is a promising direction
for building more reliable and practical machine-
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generated text detectors.

Limitations

Although our proposed DisGAR framework
demonstrates strong performance, several limita-
tions remain. (1) As generative models continue to
evolve, the generative artifacts produced by these
models may also change over time. Consequently,
detectors trained to identify existing generative arti-
facts may become less effective, potentially leading
to degraded detection performance on newer gener-
ative models. (2) While our method achieves com-
petitive results in multi-domain and multi-model
detection, establishing a universally fixed detection
threshold remains challenging. Based on empiri-
cal observations across our test sets, we selected
0.17 as a relatively stable classification threshold.
(3) Our current research primarily focuses on three
relatively isolated scenarios: generation, polishing,
and rewriting. The more complex task of document-
level detection for human-machine mixed texts has
not yet been fully explored. We plan to improve
these aspects in our future work.

Ethical Considerations

This research focuses on the detection of MGT. We
acknowledge the inherent risk of false positives,
where HWT could be misclassified as machine-
generated, potentially leading to unfair judgments.
Therefore, our framework is designed to serve as
an assistive tool rather than an absolute decision-
maker. Additionally, all datasets used in this study
consist of publicly available text, and our data pro-
cessing strictly adheres to privacy regulations, en-
suring no personally identifiable information (PII)
is exposed.
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A More Details on Dataset

A.1 MIRAGE Benchmark

MIRAGE comprises two subsets: Disjoint-Input
Generation (DIG) and Shared-Input Generation
(SIG). In DIG, each LLM generates MGT based
on an independent HWT, whereas in SIG, multiple
LLMs generate MGT based on the same HWT. We
selected DIG as our test set.

Source Domains and Datasets. MIRAGE en-
compasses a diverse range of text domains, includ-
ing Academic, Email, Website, News, and Com-
ment. The mapping between these domains and
the corresponding source datasets is summarized
in Table 4.

Table 4: Source datasets for each domain.

Domains Datasets
Academic BigPatent (Sharma et al., 2019), NeurIPS,
ArXiv, PubMed-Abstracts (Jin et al., 2019)
Email Enron-Emails
Website OpenWebText
New: CNNDailyMails, XSum (Narayan et al., 2018),
ews XLSum (Hasan et al., 2021)
Comment Amazon-Review
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Source Generator LLMs. The source LLMs
used for data generation in MIRAGE are listed
in Table 5. In total, MIRAGE samples machine-
generated texts (MGT) using 13 powerful commer-
cial LLMs and 4 advanced open source LLMs.

Table 5: Commercial LLMs are highlighted in bold.

Series Models

GPT-40 (Hurst et al., 2024), GPT-03-mini,

GPT GPT-do-mini (Hurst et al., 2024)
Claude Claude-3.5-Haiku, Claude-3.7-sonnet
DeepSeek-V3 (DeepSeek-Al et al., 2025),
DeepSeck DeepSeek-R1 (Guo et al., 2025)
Gemini Gemini-2.0-Flash, Gemini-2.0-Flash-Lite
Qwen-2.5-7B (Qwen et al., 2025),
Qwen Qwen-2.5-7B-R1-Distill (Qwen et al., 2025),
QwQ-Plus
LLaMa LLaMa-3.1-8B (Grattafiori et al., 2024),

LLaMa-3.1-8B-R1-Distill (Grattafiori et al., 2024)
Grok Grok2
Moonshot Moonshot-v1

Doubao Doubao-1.5-pro-32k

Style Control. The style controls used in MI-
RAGE are shown in Table 6.

A.2 The Training Set from the ImBD

The human-written texts included in the training set
were crawled from the internet before 2019. The
texts were then polished by GPT-3.5. The dataset
has 500 pairs of samples for training. The compo-
sition of the dataset is 57.3% papers, 14.2% blogs,
4.0% letters and emails, and 2.1% homework, with
the remaining portion not specified by the authors.

A.3 Single-Domain Training Set for OOD
Testing

For our OOD evaluation, the Polish subset of the
MIRAGE-DIG dataset serves as the primary test
set. To construct our five single-domain training
sets, we sampled 500 HWTs per domain from this
Polish dataset and supplemented them with 500
corresponding MGTs produced via Qwen3-max.
To prevent data leakage and maintain evaluation in-
tegrity, the sampled HWTs were naturally excluded
from the final Polish test set.

The prompts used for text generation are listed
below:

Table 6: Detail style list.

Style List

formal, oral, academic, literary, critical, narrative,
descriptive, lyric, objective, subjective, original,
casual, expository, argumentative, journalistic, poetic

Write an article about 150 words in a
<style> style starting exactly with: <orig-
inal>

The <original> is the first 30 tokens of a HWT.
The <style> is selected from Table 6.

A.4 Multilingual Test Set

We generated a small number of Chinese, German,
Italian, and Japanese texts using Qwen-turbo for
Multilingual testing.

The prompts used for text generation are listed
below:

Topic: <original>

Please write a short paragraph in <lan-
guage> about this topic. The paragraph
should be approximately 300 characters in
length. Keep it natural and fluent in <lan-
guage>.

. v

The <original> is the first 30 tokens of a HW'T.
The <language> is the target language for text gen-
eration.

A.5 Memorized Text Test Set

We selected six categories of memorized texts from
public domains for testing, including English songs,
campaign speeches (Sermpezis et al., 2025), fa-
mous quotes, GDPR legal texts, Andersen’s Fairy
Tales (Daniati et al., 2025), and medical paper ab-
stracts (Dernoncourt and Lee, 2017).

Specifically, we conducted testing on medical
paper abstracts primarily because they contain a
high frequency of memorized terms (proper nouns
and collocations). As for the GDPR legal texts, we
processed them article by article.

A.6 Datasets for Probing Experiments

For domain probing, we used HWTs from the MI-
RAGE, with the Comment and Academic domains
serving as the probing labels. The dataset contains
1,000 training and 1,000 test examples. For model
probing, we used MGTs from MIRAGE produced
by GPT-40 and DeepSeek-V3, with the generator
identity serving as the probing label. The result-
ing dataset contains 1,391 training and 597 test
examples. For topic probing, we used texts from
the World and Sci/Tech categories of AG News,
with the topic category serving as the probing label.
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This dataset contains 2,000 training and 800 test
examples.

B More Details on Experiment

B.1 Experiment Setup

Device. All of our experiments are conducted in
Linux 5.15.0 (Ubuntu 22.04.5), using a single RTX
PRO 6000 GPU with 96GB GPU memory. The
Python version is 3.12.3, the PyTorch version is
2.7.0, and the Transformers version is 4.57.3.

LoRA Config. We adopt a LoRA configuration
specifically designed for feature extraction, with a
rank of 8, a LoRA alpha of 32, and a dropout rate
of 0.1. Additionally, the trainable parameters are
targeted at the attention projection modules with
no bias applied.

Training Setup for DisGAR. The framework is
built upon the Gemma-2-9B-it proxy model, loaded
in bfloat16 precision to optimize memory efficiency.
The model is optimized using the AdamW opti-
mizer with a training batch size of 4. The entire
training process spans 4 epochs and is decoupled
into two distinct stages. Specifically, we conduct
a 1-epoch head warmup phase where only the top-
level learning rate is set to le-4. This is followed
by 3 epochs of joint fine-tuning, during which the
learning rates for both the top-level modules and
the proxy model are uniformly set to le-4. In each
phase, we apply a linear learning rate scheduler
with a warmup ratio of 0.1. Additionally, the tem-
perature parameter for the contrastive learning ob-
jective is set to 0.07, and the dimensionality of the
generative artifact representation is set to 256.

B.2 Baseline Method Setup

Table 7 lists the pre-trained models utilized across
different detection methods. Among them, the
RoBERTa-Base method was not retrained on the
dataset. For L2D (Zhou et al., 2026), we rewrite
the target text only once. All other settings remain
the same.

B.3 Prompts Used for Text Rewriting

We employ DeepSeek-V3.2 to rewrite the target
texts. The prompts used for text rewriting are listed
below:

Table 7: Pre-trained Models for Various Detection Meth-
ods

Methods Model
Likelihood (Solaiman et al., 2019) gpt-neo-2.7B
Entropy (Gehrmann et al., 2019) gpt-neo-2.7B
Log-Rank (Ippolito et al., 2020) gpt-neo-2.7B
LRR (Su et al., 2023) gpt-neo-2.7B

RoBERTa-base
RoBERTa-large
gpt-neo-2.7B
T5-3B /gpt-neo-2.7B
T5-3B / gpt-neo-2.7B
gpt-neo-2.7B/gpt-j-6B

RoBERTa-Base (Liu et al., 2019)
RoBERTa-Large (Liu et al., 2019)
DNA-GPT (Yang et al., 2024)
NPR (Su et al., 2023)
DetectGPT (Mitchell et al., 2023)
Fast-DetectGPT (Bao et al., 2024)

BiScope (Guo et al., 2024) Llama2-7B
ImBD (Chen et al., 2025) gpt-neo-2.7B
DetectAnyLLM (Fu et al., 2025) Qwen2-0.5B
Lastde (Xu et al., 2025) gpt-j-6B
L2D (Zhou et al., 2026) gemma-2-9b-it
DisGAR gemma-2-9b-it

Strictly rewrite the following text, output
only the rewritten result.

[Core Instructions]: 1. Maintain the original
meaning and language style 2. Absolutely
do not add any explanations, introductions,
or summaries 3. The output language must
be exactly the same as the input language
[the original text]: <original>

The <original> is the target text.

B.4 Detailed Results

The detailed results of the OOD test are shown in
Table 8. The detailed results of different proxy
models are shown in Table 9.

C More Details on Ablation Study

C.1 Component Ablation

As shown in Table 10, we provide a more compre-
hensive ablation study covering different combina-
tions of component removal. Our proposed Dis-
GAR model achieves the best performance across
all four metrics. Removing the LoRA, supervised
contrastive loss, or prefix aggregation consistently
degrades performance, demonstrating that each
component contributes to performance. The larger
degradation observed when jointly removing multi-
ple components suggests that these components are
complementary and jointly essential to the overall
performance.
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Table 8: Detailed Results on OOD test

Source Domain Metric DisGAR L2D DetectAnyLLM BiScope

AUROC 09851 0.9731 0.8591 0.6145
academic TPR@5%  0.9529 0.9318 0.5571 0.2717
MCC 0.9130 0.8837 0.5737 0.3228
Bal. Acc. 0.9583 0.9414 0.7884 0.6145
AUROC 0.9827 0.9160 0.8024 0.6226
) TPR@5%  0.9381 0.8099 0.5115 0.0786
commen MCC 0.8882 0.7812 0.5151 0.2461
Bal. Acc. 0.9455 0.8883 0.7498 0.6226
AUROC 0.9957 0.8826 0.9187 0.6884
email TPR@5% 0.9842 0.8034 0.7009 0.0939
MCC 0.9469 0.7703 0.6970 0.3894
Bal. Acc. 0.9739 0.8776 0.8497 0.6884
AUROC 0.9800  0.9810 0.8153 0.6282
news TPR@5%  0.9669 0.9513 0.4872 0.1084
MCC 0.9186 0.9087 0.5201 0.2661
Bal. Acc. 0.9594 0.9533 0.7557 0.6282
AUROC 0.9922 0.6245 0.8067 0.6619
cbsite TPR@5% 0.9748 0.0225 0.5271 0.1916
W MCC 0.9396 0.2455 0.5298 0.3549
Bal. Acc. 09707 0.6144 0.7599 0.6619
Table 9: Evaluation Results of Different Models
Model AUROC TPR@5% MCC Accuracy Time/Sample (s)
Qwen2-0.5B 0.9821 0.9366 0.8891 0.9444 0.0205
Qwen3-0.6B 0.9896 0.9661 0.9295 0.9646 0.0235
Qwen3-4B 0.9933 0.9779 0.9514 0.9756 0.0517
Qwen3-8B 0.9960 0.9866 0.9627 0.9813 0.0596
Qwen3-14B 0.9979 0.9928 0.9691 0.9846 0.0806
gpt-neo-2.7B 0.9688 0.8710 0.8239 09115 0.0309
gpt-j-6B 0.9845 0.9343 0.8856 0.9426 0.0448
llama2-7B 0.9885 0.9630 0.9249 0.9623 0.0593
llama3-8B 0.9918 0.9718 0.9348 0.9673 0.0521
gemma-2-9b 0.9977 0.9919 0.9656 0.9828 0.0780
gemma-3-270M  0.9865 0.9551 0.9143 0.9568 0.0262
gemma-3-1B 0.9838 0.9419 0.8933 0.9466 0.0326
gemma-2-2B 0.9955 0.9808 0.9471 0.9735 0.0377
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Table 10: Ablation study of the individual components in DisGAR. “Con.” denotes supervised contrastive learning
based on rewritten texts and “Agg.” denotes global artifact aggregation mechanism.

Method AUROC TPR@5% Accuracy MCC
DisGAR 0.9788 0.9010 0.9297 0.8467
w/o LoRA 0.9389 0.7247 0.8629 0.7141
w/o Con. 0.9531 0.7988 0.8808 0.7499
w/o Agg. 0.9696 0.8638 09115 0.8106
w/o LoRA + Con. 0.9370 0.7063 0.8581 0.7127
w/o LoRA + Agg. 0.8166 0.3796 0.7435 0.4790
w/o Con. + Agg. 0.8856 0.6362 0.8077 0.6052
w/o All 0.8036 0.4553 0.7356 0.4681

Table 11: Cross-entropy losses of the domain, topic, and model probes on the test set over seven epochs. “Con.”
denotes supervised contrastive learning based on rewritten texts.

Probe Method Epoch1  Epoch2 Epoch3 Epoch4 Epoch5 Epoch6  Epoch?7

DisGAR 2.4530 0.7711 0.5796 0.4954 0.4468 0.4156 0.3981
Domain  w/o Con. 3.3707 0.6343 0.5326 0.4749 0.4299 0.3962 0.3718
Baseline 2.6668 0.5491 0.4037 0.3233 0.2675 0.2313 0.2069

DisGAR 0.9538 0.6533 0.5980 0.5824 0.5611 0.5492 0.5406
Topic w/o Con. 0.7668 0.6238 0.5673 0.5278 0.4996 0.4814 0.4680
Baseline 0.8464 0.5920 0.5231 0.4807 0.4476 0.4283 0.4123

DisGAR 0.7884 0.7592 0.7277 0.7000 0.6873 0.6832 0.6759
Model w/o Con. 2.9760 0.6796 0.6724 0.6670 0.6621 0.6581 0.6569
Baseline 3.5776 0.6695 0.6484 0.6318 0.6234 0.6176 0.6116

C.2 Probing Experiment

To better understand what information is sup-
pressed by DisGAR, we conduct probing exper-
iments on domain, topic, and generator model,
three factors closely related to detector general-
ization. As shown in Table 11, the results show
that DisGAR consistently reduces domain-, topic-,
and model-specific information, which may oth-
erwise hinder generalization across different data
and generators. Further ablations demonstrate that
both contrastive learning and global aggregation
contribute to this reduction, supporting their roles
in improving the generalizability of GAR.
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