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Abstract

As the text generated by large language models
(LLMs) increasingly resembles human-written
text (HWT), detecting LLM-generated text
(LGT) is crucial to avoid malicious use of LGT.
Recent research treats LGT detection as an out-
of-distribution (OOD) detection problem and
views HWT as the OOD. However, existing
OOD detection methods assume that LGT is a
single homogeneous distribution. In practice,
LGT exhibits different characteristics under dif-
ferent generation conditions. Text from weaker
LLMs tends to form distinct clusters and is
easy to detect, whereas text from stronger mod-
els significantly overlaps with HWTs and is
hard to detect. To address the issue, in this
paper, we propose an LGT detection frame-
work based on density-aware manifold learn-
ing and the construction of hybrid Mahalanobis
energy. We apply density-aware manifold learn-
ing with Laplacian smoothness and density reg-
ularization in embedding space, amplifying dif-
ferences between LGT and HWT. We further
propose a density-adaptive hybrid Mahalanobis
metric that combines global and local covari-
ance via density weighting, enabling adapta-
tion to the manifold-aware embedding space.
Finally, based on the metric, we define the dis-
tribution energy as a measure of distribution
discrepancy, and we employ energy learning
and contrastive learning to separate distribu-
tions hierarchically, establishing a clear OOD
decision boundary. Experiments1 show that our
method outperforms strong baselines.

1 Introduction

Large language models (LLMs) like GPT4
(Achiam et al., 2023) have found wide applications
in scientific research, news, and education (Liu and
Lapata, 2019; Tian et al., 2025). However, their
strong human-like capabilities create issues like
academic fraud and rumors (Ahmed et al., 2021),

*Corresponding Authors
1Code is https://github.com/Letliy/OOD-LGT.
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Figure 1: Comparison between LGT and HWT distri-
butions. Unlike the assumption of a single compact
distribution, LGT exhibits non-uniform density: Easy-
LGT is compact and highly dense, while Hard-LGT is
sparse and overlaps with HWT.

detecting LLM-generated text (LGT) has become
crucial. This task aims to detect whether an input
text is LGT or human-written text (HWT). Cur-
rent research mainly focuses on statistical–based
or supervised learning-based methods to identify
discriminative patterns between LGT and HWT,
which are due to statistical and distributional differ-
ences arising from LLMs’ training objectives and
architectures.

Existing LGT detection methods fall into two cat-
egories. Statistical-based methods detect texts by
computing statistical metrics (Bao et al., 2024; Guo
et al., 2024a). However, with the development of
RLHF and adversarial training, LLMs can be opti-
mized to mimic the statistical distribution of HWTs,
weakening the effectiveness of statistical metrics
for discrimination. In contrast, researchers begin
exploring supervised learning-based methods,
which train classifiers by using labeled data (Guo
et al., 2024b; Chen et al., 2025). Despite them
show strong performance on in-distribution data,
the limited training data distribution results in poor
generalization to unseen distributions.

Both of the above methods treat LGT detection
as a binary classification and achieve great per-
formance (Hans et al., 2024; Zhang et al., 2024).
However, this paradigm implicitly treats the open
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and diverse HWT as a limited distribution during
training, so the learned decision boundary only cov-
ers partial (limited) distributions, leading to poor
generalization to unseen distributions. To address
it, some research (Zeng et al., 2025) proposes a
perspective: serving LGT detection as an out-of-
distribution (OOD) detection problem and treating
HWT as the OOD. HWT shows diverse styles and
high degrees of freedom, resulting in a sparse dis-
tribution, which leads to its difficulty in modeling
HWT as one distribution. If treats HWT as a class
of binary classification, the model cannot cover
the full diversity of HWT, tending to overfit to the
observed HWT (Zeng et al., 2025). In contrast,
constrained by factors (e.g., the training data and
model architecture), LGT forms a more compact
distribution (Tang et al., 2024). These properties
make LGT suitable to serve as in-distribution sam-
ples, and serve the HWT as the OOD samples.

Existing OOD LGT detection methods assume
LGT as a compact distribution (Zeng et al., 2025),
overlooking the diversity induced by the genera-
tion mechanisms of LLMs. In practice, LGT ex-
hibits composite distributions. LGTs from weaker
LLMs exhibit clear statistical regularities (Wenger
and Kenett, 2025), leading to reduced semantic
diversity. These samples occupy a limited seman-
tic region, resulting in dense regions, which are
easier to detect (easy-LGT). In contrast, LGTs pro-
duced by stronger LLMs or modified by attacks
exhibit higher diversity, pushing the samples away
from dense LGT patterns and disrupting the statis-
tical regularities of LGT. Hence, the diversity of
stronger LLMs’ LGT samples makes those sam-
ples fall into low-density regions that overlap with
the HWT, making them harder to distinguish (hard-
LGT). This phenomenon indicates that density is an
effective characteristic for LGT detection: explic-
itly modeling density variations enables effective
separation between dense easy-LGT and sparse re-
gions shared by hard-LGT and HWT (as Fig. 1 and
Fig. 6), motivating a density-aware OOD detection
framework for robust LGT identification.

In this paper, we propose an LGT OOD detection
framework based on density-aware manifold learn-
ing and the construction of hybrid Mahalanobis
energy. Our method models the distribution clearly,
reducing the misclassification of LGTs as HWTs.
We apply manifold learning based on density and
construct the density-adaptive Mahalanobis met-
ric, which is used to establish energy margin be-
tween distributions, enabling adaptation to the non-

uniform density. Specifically, (1) we apply density-
aware manifold learning to characterize and am-
plify the distribution differences between LGT and
HWT. By using the Laplacian smoothness and lo-
cal density-aware regularization, we model the den-
sity manifold structures, which maintain LGTs in
the compact region while pushing HWTs toward
low-density areas. Furthermore, (2) we propose a
density-adaptive hybrid Mahalanobis metric. By
combining global and local covariances by den-
sity weighting, the metric quantifies the degree of
deviation of samples in the manifold-aware em-
bedding space more accurately. Finally, (3)based
on the above metric, we define the distribution en-
ergy as a measure of distribution discrepancy, and
we design energy learning and contrastive learning
to achieve hierarchical distribution separation for
LGT detection, establishing a clear OOD decision
boundary for LGT detection. Our method achieves
SOTA across metrics on multi-datasets, includ-
ing attacked, unseen-LLM, and unseen-domain,
demonstrating robustness and generalization.

Our contributions are as follows: (1) We propose
a method for detecting LGTs based on density-
aware manifold learning. We model the density-
varying hierarchical structure of LGT, distinguish-
ing compact LGT manifolds from sparse HWT dis-
tribution. (2) We propose a density-adaptive hybrid
Mahalanobis metric by weighting global and local
covariance by density to correct bias. (3) On the
LGT detection task, our method achieves SOTA on
the unseen-LLMs, -domain and attacked datasets,
highlighting robustness and generalization.

2 Related Work

Statistical-based methods distinguish LGT us-
ing statistical metrics. White-box approaches
compute metrics such as perplexity (Beresneva,
2016), likelihoods (Solaiman et al., 2019) and
ranks (Gehrmann et al., 2019). In black-box set-
tings, DNA-GPT (Yang et al., 2024) exposes output
inconsistencies by comparing outputs from trun-
cated inputs. DetectLLM (Su et al., 2023) uti-
lizes log-rank perturbations. DetectGPT (Mitchell
et al., 2023) measures perturbation-induced curva-
ture changes. Binoculars (Hans et al., 2024) com-
pares token probabilities between a target LLM and
a reference model. Biscope (Guo et al., 2024a) ex-
amines a model’s reliance on memorization of pre-
ceding tokens. Fast-DetectGPT (Bao et al., 2024)
reduces overhead by approximating curvature with
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Figure 2: Overview of our method. During training, the encoder encodes texts into embeddings, and we apply
density-aware manifold learning to construct the manifold-aware embedding space. We also apply Mahalanobis
distance-based energy margin learning to separate LGT and HWT based on density. In inference, we compute the
distance between the sample and the centers to detect whether it is an OOD sample (HWT) or not.

conditional probabilities.
Supervised learning-based methods train de-

tectors on labeled HWT and LGT. RoBERTa-
openai (Solaiman et al., 2019) fine-tunes RoBERTa
for GPT classification. Soto et al. (2024) use
style-based contrastive learning for detection.
RADAR (Hu et al., 2023) employs adversarial
training between a rewriter and a detector. OUT-
FOX (Koike et al., 2024) casts detection as a min-
imax game optimizing the generator and the dis-
criminator. Ghostbuster (Verma et al., 2024) learns
features from LGTs’ multi-level label probabili-
ties. EAGLE (Bhattacharjee et al., 2024) miti-
gates domain shift with contrastive and domain-
adversarial learning. DeTeCtive (Guo et al., 2024b)
extracts representations via multi-level contrastive
objectives. MMD-DP (Zhang et al., 2024) reduces
HWT–LGT distribution gaps using group MMD.
ImBD (Chen et al., 2025) aligns detectors with
LLM preference distributions. Zeng et al. (Zeng
et al., 2025) detect by treating HWT as OOD and
measuring distributional deviations.

3 Method

We propose an LGT OOD detection framework
based on density-aware manifold learning and the
construction of hybrid Mahalanobis energy. As il-
lustrated in Fig. 2. (1) The density-aware manifold
learning module (§ 3.1) builds a density manifold in
the embedding space by combining the Laplacian

smoothness with density-aware regularization. (2)
The density-adaptive Mahalanobis metric module
(§ 3.2) constructs a hybrid Mahalanobis distance
to quantify the degree of deviation of samples. The
metric can adapt to the non-uniform density. (3)
The distribution separation module (§ 3.3) jointly
applies energy learning and contrastive learning to
enforce distribution separation, establishing a clear
decision boundary for detection.

Given data samples as input, we map samples
into the density-aware manifold (§ 3.1), then com-
pute the Mahalanobis metric of samples (§ 3.2).
Finally, we define the distribution energy via the
above metric for energy learning and apply con-
trastive learning (§ 3.3).

3.1 Density-aware Manifold Learning

To characterize and amplify the distribution differ-
ences between LGT and HWT, we propose a mani-
fold learning with local density, which maps sam-
ples into a manifold space with clearer density dif-
ferences. Compared to HWT, LGT exhibits more
regular and lower-noise statistical distributions,
which show structured patterns in the embedding
space. (Tang et al., 2024). Thus, LGT tends to con-
centrate in a compact and smooth low-dimensional
space (i.e., a manifold) (Zhang and Dong, 2025),
while HWT shows a more dispersed and diverse
distribution. Therefore, instead of performing dis-
crimination in the original embedding space, we
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learn the manifold-aware embedding. We construct
this embedding by encouraging nearby samples
to remain close while smoothing local geometric
relationships across the manifold. This enables dis-
crimination to respect the real geometry of the data
and avoid false density structure. The approach
consists of three steps: (1) neighborhood weight
matrix construction, (2) Laplacian-based manifold
smoothing for neighborhood preservation, and (3)
local density-aware regularization to the distribu-
tion structure. These steps aim to preserve the
adjacency relationships while introducing density-
aware constraints for different distributions.
Step 1: Neighborhood Weight Matrix Construc-
tion. To represent the manifold structure, we first
construct a matrix that preserves the weight rela-
tionships among sample embeddings, providing
the foundation for both neighborhood preservation
and density regularization. Given a set of input
texts X = {xi}Ni=1, we compute their embeddings
zi = ϕ(xi). For each embedding zi, we identify its
r-nearest neighborsNr(i) and construct a weighted
neighborhood weight matrix W ∈ RN×N , whose
elements wij are defined as:

wij =




exp

(
−∥zi − zj∥2

2σ2

)
,

zi ∈ Nk(zj)

or zj ∈ Nk(zi),

0, otherwise.
(1)

where σ is a temperature coefficient.
Step 2: Laplacian-based Manifold Smoothing.
To accurately describe the structured distribution
in manifold space, we use a Laplacian smoothing
constraint (Belkin et al., 2006), which strengthens
regularization in compact regions while avoiding
excessive constraints in sparse areas. From the
neighborhood weight matrix W = [wij ] ∈ RN×N ,
we define the unnormalized graph Laplacian as
L = D −W , where D is the degree matrix with
Dii =

∑
j wij , which represents the total connec-

tion strength between zi and its neighboring sam-
ples, reflecting the local density. Following the lo-
cal preservation principle in manifold learning, ad-
jacent samples in the original space should remain
within the same local neighborhood. Therefore,
to constrain samples with high affinity (i.e., large
weights wij) stay close, we apply the Laplacian
smoothing (Eq. 2), which penalizes the differences
between neighboring nodes to encourage large-
weight w sample pairs remain closer, effectively
smoothing the latent manifold structure. (Proof and

analyses of Eq. 2 are shown in App. B.1 and B.2.)

Lmanifold = Tr
(
X⊤LX

)
= 1

2

∑
i,j wij∥zi − zj∥2 (2)

From Eq. 2, the magnitude of wij controls the
strength of the manifold regularization, yielding
larger weights wij and thus applies stronger penal-
ties on the distances ∥zi − zj∥2, forcing samples
within the local neighborhood to be more compact.
Conversely, in sparse regions, the weights wij be-
come smaller, which weakens the smoothing force.
Step 3: Local Density-aware Regularization.
Manifold smoothing only ensures that neighboring
samples stay close, but it cannot regularize den-
sity differences across distributions (i.e., LGT and
HWT) on the manifold. To enhance differences
across distributions, we introduce a local density-
aware regularization, which encourages each dis-
tribution to preserve its density characteristics, en-
abling better discrimination among distributions.
Since the sum of neighborhood weights of zi (i.e.,
Dii) represents the local density around zi, we de-
fine the degree value of the zi as its local density:

dens(zi) = Dii =
∑

j

wij . (3)

A larger dens(zi) indicates that the sample lies in a
higher-density region; conversely, it is located in a
sparse area. Therefore, we apply density-based reg-
ularization to encourage LGT to form high-density
regions, and penalize density increase for HWT to
keep HWT in sparse regions.

We divide the distributions into three categories:
easy-LGT Measy, hard-LGT Mhard, and HWT
Mhuman (The definition of LLM-label and dis-
cussion are shown in App. A.4). We denote
|Mk| as the number of samples in Mk, where
k ∈ {easy, hard, human}. Specifically, Easy-LGT
shows stronger structured patterns and forms high-
density clusters. To maintain this structure dur-
ing manifold smoothing, we use the regulariza-
tion Reasy to encourage higher local density for
zi ∈Measy:

Reasy = − 1

|Measy|
∑

i∈Measy

log
(
dens(zi)

)
. (4)

To encourage hard-LGT to stay in high-density re-
gions, we enforce the compactness ofMhard. How-
ever, since Hard-LGT is closer to HWT and ex-
hibits a relatively sparse distribution, we adopt a
smaller weight ρh to avoid over-regularization.

Rhard = − ρh
|Mhard|

∑

i∈Mhard

log
(
dens(zi)

)
. (5)
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Compared with LGT, the HWT distribution is more
scattered and should stay away from the high-
density regions of LGT; thus, we apply a reverse
regularization term Rhuman to restrain density in-
crease and keep these samples in sparse regions:

Rhuman =
1

|Mhuman|
∑

i∈Mhuman

log
(
1 + dens(zi)

)
(6)

We combine the above regularization terms to ob-
tain the final density-aware regularization loss:

Ldens = Reasy +Rhard +Rhuman. (7)

Finally, the manifold learning objective is:

Lcon = Lmanifold + Ldens. (8)

This module maintains the manifold neighborhood
structure while utilizing the density information of
different distributions to form more discriminative
density distributions.

3.2 Density-adaptive Mahalanobis Metric
Construction

To accurately quantify the degree of deviation of
samples in manifold-aware embedding space, we
construct a hybrid Mahalanobis distance that can
adapt to density variations. When computing the
covariance matrix of the Mahalanobis distance, we
incorporate local density information and build
an adaptive hybrid covariance matrix. The tradi-
tional Mahalanobis distance uses the inverse co-
variance matrix Σ−1 to standardize features (Proof
in App. B.3), which captures the true structure
of the data distribution in an anisotropic embed-
ding space. (Lee et al., 2018). However, the tra-
ditional Mahalanobis distance relies on a global
covariance matrix for standardization. When using
a single global covariance matrix for standardiza-
tion on a non-uniform density manifold, the co-
variance estimation is dominated by high-density
regions. As a result, the global covariance primar-
ily reflects the geometry of dense regions, while
the geometric characteristics of sparse regions are
suppressed during standardization, leading to bi-
ased distance estimates. To address it, we propose
a density-weighted hybrid Mahalanobis distance,
which adapts to density for non-uniform manifolds.

Specifically, for sample embedding zi ∈ Mk,
we search for its k−nearest neighbors Nk(zi) and
compute the local mean µi =

1
k

∑
j∈Nk(zi)

zj . The
local covariance Σlocal

i based on this neighborhood:

Σlocal
i =

1

k − 1

∑

j∈Nk(zi)

(zj − µi)(zj − µi)
T (9)

In sparse regions, the local covariance reflects the
local characteristics and captures the local geomet-
ric structure. In conclusion, an effective distance
metric should balance global and local covariance;
we thus adopt a density-based adaptive weighting
to balance them. Specifically, we use KNN to de-
fine the local density ρi of each sample:

ρi =
k∑

j∈Nk(zi)
∥zj − zi∥

. (10)

If the neighbors around zi are close, the sum of
distances

∑∥zj − zi∥ is small, which leads to a
large density ρi and indicates that the sample lies
in a high-density region. Conversely, sparse neigh-
bors lead to a small ρi, indicating that the sample
lies in a low-density region. Then, we normalize
the densities to obtain the density weight αi:

αi =
ρi − ρmin

ρmax − ρmin + ϵ
, (11)

where ρmin = min(ρ1, . . . , ρ|Mk|), ρmax =
max(ρ1, . . . , ρ|Mk|), and ϵ is a constant to avoid
division by zero. When αi ≈ 1, the sample is
located in a high-density region, while αi ≈ 0 is
located in a low-density region. For each sample
zi, we define a hybrid covariance matrix as:

Σ̃i = αiΣ+ (1− αi)Σ
local
i , (12)

where Σ = 1
N−1

∑N
i=1(zi− µ)(zi− µ)T , N is the

number of training samples. The hybrid covariance
increases the weight of the global covariance in
high-density regions to reduce the local noise. In-
stead, it assigns more weight to the local covariance
in low-density regions to capture local geometry.
Finally, we define the Mahalanobis distance as:

D(zi) =
√
(zi − µk)T Σ̃

−1
i (zi − µk), (13)

where µk = 1
|Mk|

∑
j∈Mk

zj . In the next phase,
we use D to construct the distribution energy in
energy learning (§ 3.3).

3.3 Distribution Separation Based on Energy
and Contrastive Learning

To achieve a clear separation of different distribu-
tions, we utilize energy learning and contrastive
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learning to optimize the distributional representa-
tion jointly, which forces the LGT to be more com-
pact while pushing HWT toward boundary regions.
Energy-Based Margin Learning. To construct a
hierarchical distribution structure, we construct en-
ergy margins between LGT and HWT based on hy-
brid Mahalanobis distance (§ 3.2). Traditional clas-
sification approaches struggle (e.g., cross-entropy)
to capture the hierarchical relationships among dif-
ferent distributions. Therefore, we adopt energy
learning to ensure that the distance between LGT
and HWT is larger than a given threshold. Existing
OOD detection studies (Liu et al., 2020; Ouyang
et al., 2021) show that energy-based learning as-
signs low energy to in-distribution samples and
high energy to OOD samples, thereby creating a
separable energy gap that can serve as a scoring
function for OOD detection tasks. Specifically, to
quantify how much a sample deviates from the cen-
ter, we define the energy by the hybrid Mahalanobis
distance. First, we define the average distance of
different distributionsMk from the center:

D̄(Mk, µ) =
1

|Mk|
∑

zi∈Mk

D(zi, µ). (14)

We denote the center of the Measy as µe =
1

|Measy |
∑

zj∈Measy
zj , and similarly define µh for

Mhard. Then, for different distributionsMk, we
define the energy E(z) as:

Eeasy = D̄(Measy, µe), Ehard = D̄(Mhard, µh),

EH-e = D̄(Mhuman, µe), EH-h = D̄(Mhuman, µh).
(15)

Finally, we construct the energy loss (as Eq. 16).
The loss pushes HWT–LGT pairs into the same
center (e.g., EH-e − Ee) when their energy mar-
gin is smaller than the threshold m. The Eq. 16
enforces HWT samples to exhibit high energy and
LGT samples to retain low energy, establishing a
clear OOD decision boundary.

Lenergy = softplus[m1 − (EH-e − Ee)]

+ softplus[m2 − (EH-h − Eh)] ,
(16)

where m1 and m2 are margin thresholds (Analysis
of m sensitivity in App. C.1).

Contrastive Learning for LGT-HWT Separa-
tion. To further separate the LGT and HWT dis-
tributions, we apply SimCLR-based (Guo et al.,
2024b) contrastive learning loss (as Eq. 17), which
pulls samples from the same distribution closer

and pushes samples from different distributions
apart. Specifically, for the sample zi ∈ Mk, we
use the average embedding zk = 1

|Mk|
∑

zk∈Mk
zk

as the positive sample, which encourages intra-
distribution compactness. The negative sample set
J consists of all samples from the opposite distri-
bution, improving instance-level discrimination.

Lcon = − log
exp(zi · zk/τ)

exp(zi · zk/τ) +
∑

j∈J exp(zi · zj/τ)
(17)

where τ is the temperature coefficient.

3.4 Training Objective and Inference

Training. We first apply density-aware manifold
learning to optimize Ld-manifold (§ 3.1), which
maps samples into the manifold-aware embedding
space. On this basis, the density-adaptive Maha-
lanobis metric module computes a distance (§ 3.2)
to measure the distance of a sample from the center
(i.e., µe and µh). We then use this distance as the
energy to perform energy learning Lenergy (§ 3.3).
Finally, we combine a contrastive loss Lcon (§ 3.3)
to enhance instance-level discriminative ability.

Overall, our final training objective is (Eq. 18),
which enables the model to utilize density informa-
tion together with supervised signals. It aims to
establish a clear OOD decision boundary between
the LGT and HWT, achieving robust detection.

Lour-OOD = Lenergy + Lcon + Ld-manifold. (18)

Inference. Given a query sample x with embed-
ding zq, we compute two distances between zq and
the LGT centers (µe and µh). The decision score is
defined as the smaller of the two distances. If the
distance score exceeds a given threshold, the sam-
ple is recognized as an OOD sample (i.e., HWT).
Otherwise, the sample is an ID sample (LGT). No-
tably, the inference does not require access to the
generator’s identity (easy or hard). The identity
label is used solely as a proxy for fine-grained mod-
eling of the LGT distribution (the discussion of the
label is shown in App. A.4).

4 Experiments

4.1 Experimental Settings

Datasets. Deepfake (Li et al., 2024) contains
texts from 27 LLMs across 10 domains, comprising
332K training and 57K test samples. M4 (Wang
et al., 2024) includes 8 LLMs, 9 languages, and
6 domains, with 157K training and 42K testing
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Type Method Deepfake M4 Raid
AUROC↑ Acc↑ FPR95↓ AUROC↑ Acc↑ FPR95↓ AUROC↑ Acc↑ FPR95↓

Stat.

DetectLLM 0.5746 0.5898 0.9785 0.8351 0.7932 0.4803 0.7397 0.7818 0.8147
DetectGPT 0.5512 0.5529 0.9322 0.6558 0.6409 0.8421 0.5513 0.5355 0.7314
DNA-GPT 0.5534 0.5372 0.9992 0.6366 0.5693 0.7874 0.5847 0.5388 0.9955
BiScope 0.7574 0.8142 0.8871 0.7836 0.8662 0.8537 0.7386 0.6725 0.9042
Binoculars 0.5897 0.4958 0.7006 0.8384 0.7381 0.3172 0.7846 0.7581 0.4439
Fast-Detect 0.7872 0.8146 0.7999 0.8064 0.8205 0.6525 0.7172 0.7646 0.5932

SL

RoBERTa 0.2288 0.5001 0.9971 0.7052 0.6608 0.9895 0.7549 0.7125 0.7995
RADAR 0.5824 0.5091 0.9089 0.6394 0.7188 0.9478 0.7915 0.7556 0.6794
MMD-MP 0.7927 0.7625 0.9752 0.9335 0.8745 0.4237 0.8238 0.7465 0.7125
Detective 0.9479 0.9130 0.1756 0.9251 0.9016 0.4879 0.8856 0.8822 0.5833
ImBD 0.3911 0.5158 0.9998 0.9298 0.8997 0.2685 0.7843 0.7435 0.8426
HTAO 0.9714 0.9308 0.0909 0.9376 0.8619 0.2172 0.9633 0.9897 0.0953
DMHM (Ours) 0.9886 0.9887 0.0456 0.9666 0.9591 0.1446 0.9902 0.9927 0.0605

Table 1: Main results. Our method is statistically significant via the t-test (p < 0.01), details are in App. C.6.

data. Its test data is attacked by OUTFOX (Koike
et al., 2024) to increase difficulty. RAID (Dugan
et al., 2024) contains texts from 11 models, 8 do-
mains, and 11 attack forms, and we follow Zeng et
al. to construct the Raid datasets. In analysis ex-
periments, we use the unseen-LLMs datasets (GPT-
4o, Claude-3.5, and Gemini-2.5), unseen-domains
datasets (Deepfake unseen-domain setting), and
attack datasets (Raid, Dipper, and Outfox). All
datasets’ details are shown in App. A.1.

Baselines. We compare DMHM with the main-
stream method. Statistical-based (Stat.) base-
lines includes DetectLLM (Su et al., 2023), De-
tectGPT (Mitchell et al., 2023), DNA-GPT (Yang
et al., 2024), Binoculars (Hans et al., 2024), De-
tectLLM (Su et al., 2023), BiScope (Guo et al.,
2024a), and Fast-Detect (Bao et al., 2024). Su-
pervised learning-based (SL) baselines include
RoBERTa (Liu et al., 2019), RADAR (Hu et al.,
2023), MMD-MP (Zhang et al., 2024), Detective
(Guo et al., 2024b), ImBD (Chen et al., 2025), and
HTAO (Zeng et al., 2025). See details in App. A.2.

Metric. Following mainstream research, we use
AUROC, Accuracy (Acc), and FPR95 as evaluation
metrics. AUROC measures the overall discrimi-
native ability of the model and is robust to class
imbalance. Acc reflects the proportion of correctly
classified samples. The FPR95 is the false positive
rate when the true positive rate reaches 95%.

Implementation details is provided in App. A.3
and hyperparameter analyses is shown in
App. C.2. Effect of batch-size is shown in B.4.

4.2 Main Results
We conduct a comprehensive evaluation of main-
stream LGT detection methods on three challeng-

ing benchmarks: DeepFake, M4-multilingual, and
Raid. Our method achieves SOTA across all met-
rics in all benchmarks, which are shown in Tab. 1.

On DeepFake, our method achieves the SOTA
performance across all metrics. Specifically, com-
pared with the best statistical-based method (Fast-
Detect), our method improves AUROC and Acc
by 27.14% and 22.41%, while reducing FPR95
by 85.43%. Compared with the strongest super-
vised learning-based baseline (HTAO), our method
improves AUROC and Acc by 1.72% and 5.79%,
and reduces FPR95 by 4.53%. On M4-multilingual,
compared with the second-best method, it improves
AUROC and Acc by 2.90%, 5.75%, and reduces
FPR95 by 7.26%, demonstrating its effectiveness
under cross-lingual and outfox attack. Raid evalu-
ates robustness under various attacks. While exist-
ing methods such as DetectGPT suffer from perfor-
mance degradation, our method maintains strong
performance and improves AUROC and Acc by
2.79% and 0.30% over the second-best baseline.
These results highlight the robustness and general-
ization of our method. Notably, these results indi-
cate that our method remains effective even when
the overall metrics are already high (near-perfect).
Evaluation of time and memory efficiency across
baselines is provided in App. C.5.

4.3 Ablation Studies
We conduct ablation studies on each component
(see Tab. 2). (1) Removing the density-aware mani-
fold learning module Lmanifold (§ 3.1) leads to AU-
ROC drops on all datasets, showing its role in char-
acterizing differences between LGT and HWT. (2)
Removing the energy learning term Lenergy (§ 3.3)
degrades performance, indicating its importance in
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Method Deepfake M4 Raid

w/o Lmanifold 0.9477 0.9199 0.9615
w/o Lenergy 0.9272 0.8370 0.9047
w/o Lcon 0.9228 0.9275 0.9129
w/ Euclidean Distance 0.9238 0.8769 0.9513
w/o density weight αi 0.9354 0.9209 0.9594
w/o Hard-Easy Modeling 0.9614 0.9301 0.9508
DMHM (Ours) 0.9886 0.9666 0.9902

Table 2: The ablation study of each component is evalu-
ated by removing or replacing it. (metric: AUROC).

separating distributions to form an OOD decision
boundary. (3) Removing the contrastive learning
term Lcon (§ 3.3) degrades performance, showing
that it helps separate the LGT and HWT distri-
bution. (4) Replacing the Mahalanobis distance
(§ 3.2) with Euclidean distance results in a large
drop in the M4 dataset, indicating the Mahalanobis
adapts to the complex cross-language scenario.
(5) Removing the adaptive weight αi (relying on
global covariance) lowers AUROC, confirming its
necessity for complex distributions (§ 3.2). (6) Sim-
plifying Hard–Easy LGT to single LGT modeling
degrades performance on M4 and Raid datasets,
proving the advantage of fine-grained modeling.
The whole result is shown in Tab. 12.

Method Unseen Advanced LLMs
GPT-4o Claude-3.5 Gemini-2.5

Fast-Dectect 0.5414 0.5512 0.5295
Detective 0.8565 0.9425 0.7882
ImBD 0.8462 0.8544 0.7229
HTAO 0.9256 0.8892 0.7735
DMHM (Ours) 0.9666 0.9971 0.8314

Table 3: The results on unseen advanced LLMs gener-
ated texts detection (metric: AUROC).

4.4 Analyses of Generalization

Unseen-Advanced-LLMs LGTs Detection. Ta-
ble 3 reports the results on detection of LGTs from
unseen advanced LLMs, including GPT-4o (Hurst
et al., 2024), Claude-3.5-Haiku (Anthropic, 2024),
and Gemini-2.5-Flash (Comanici et al., 2025). On
GPT-4o, our method achieves the highest AUROC
(0.9666). On Claude-3.5, our method shows near-
perfect performance (0.9971). Although Gemini-
2.5 shows a challenging distribution, our method
improves AUROC by 5.79%. The results show that
even when the hard-LGT samples in the test set are
unseen with respect to the training hard-LGT dis-

tribution, the proposed method still achieves strong
performance, demonstrating its generalization. The
whole result is shown in Tab. 9.
Unseen Domains LGTs Detection. Following the
deepfake unseen domains setting, we compared our
method with the strong supervised-based baselines
(Tab. 10). Compared with the second-best method,
our methods improve AUROC and Acc by 1.40%,
1.23%, and reduce FPR95 by 3.44%.

4.5 Analyses of Robustness under Attack
To evaluate robustness against adversarial attacks,
we conducted experiments under three types of at-
tacks: Raid, DIPPER, and OUTFOX, as shown in
Tab. 4. The analysis of Raid is shown in Sec. 4.2.
DIPPER applies paraphrasing to perturb text pat-
terns (Krishna et al., 2023), while OUTFOX (Koike
et al., 2024) utilize detector adversarial feedback to
mimic HWT. Our method outperforms existing ap-
proaches across attacks, demonstrating robustness
under attack. The relatively lower performance
under DIPPER highlights paraphrasing as a major
challenge. The whole results are shown in Tab. 11.

Method Raid Dipper-attack Outfox-attack

Fast-Detect 0.6172 0.6077 0.7030
DeTeCtive 0.8856 0.9619 0.9818
ImBD 0.7843 0.8841 0.9495
HTAO 0.9633 0.9735 0.9853
DMHM (Ours) 0.9902 0.9870 0.9951

Table 4: The results under attacks (metric: AUROC).

4.6 Visualizing Embedding via UMAP
We apply UMAP (McInnes et al., 2018) to visu-
alize the embedding during our method train, as
shown in Fig. 3. Without training, easy-hard LGT
and HWT embeddings are overlapping. (as Fig. 3a).
After training, the LGT and HWT embedding dis-
tributions show a clear separation (as Fig. 3b).

(a) Before Training (b) After Training 

HWT hard-LGT easy-LGT

Figure 3: The visualization of the embeddings.
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5 Conclusion

We propose DMHM, a density-aware manifold
learning framework with hybrid Mahalanobis en-
ergy for LGT OOD detection. Our method mod-
els LGT distribution via density-aware manifold
learning, compacting LGTs while pushing HWTs
toward low-density regions. The density-adaptive
hybrid Mahalanobis metric combines global and
local covariance via density weighting to measure
deviation. Moreover, energy and contrastive learn-
ing enhance distribution separation, which provides
a clear decision boundary. Experiments show that
DMHM achieves strong performance.

Limitations

In this work, we focus exclusively on text-based
methods and do not explore multimodal approaches
for LLM-generated text detection. Incorporating
multimodal information (e.g., vision signal) may
provide complementary cues and further enhance
detection robustness. We leave the investigation of
such multimodal techniques for future work.
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A.1 Datasets Details.
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cluded in the Deepfake dataset are summarized in
Tab. 5, and the corresponding writing tasks covered
are detailed in Tab. 6. Tab. 7 outlines the character-
istics of the M4-multilingual dataset. The details
of the Raid dataset are presented in Tab. 8.
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Unseen-LLMs Datasets. The GPT-4o (Hurst
et al., 2024), Claude-3.5-Haiku (Anthropic,
2024), and Gemini-2.5-Flash (Comanici et al.,
2025) datasets cover three domains: news
(XSum) (Narayan et al., 2018), story writing (Writ-
ingPrompts) (Fan et al., 2018), technical QA
(PubMed) (Jin et al., 2019), business reviews
& user data (Yelp) 2. For each domain, 150
LLM-generated samples were created by GPT-4o,
Claude-3.5-Haiku, and Gemini-2.5-Flash in con-
versational settings, where models were instructed
to emulate professional news, fiction, and techni-
cal writing styles, ensuring diverse and naturalistic
outputs.

Unseen-Domain Datasets. For the deepfake
unseen-domain setting, the objective is to evaluate
the classifier’s ability to detect texts from domains
that were not present during the training phase.
Specifically, data from a particular domain is ex-
cluded from the training set, and the classifier is
trained on the remaining texts from other domains.
The model is then tested on the excluded domain
to assess its performance in an out-of-distribution
scenario. This process is repeated using a cross-
validation approach across 10 different testbeds to
report the weighted average performance, thereby
rigorously testing the detector’s robustness against
novel writing tasks.

Unseen-Attacked Datasets. The dataset com-
prises texts generated by ChatGPT and GPT-3.5
under three scenarios: No-attack, DIPPER-attack,
and OUTFOX-attack. The DIPPER attack employs
the 11B document-level paraphrasing model pro-
posed by (Krishna et al., 2023), which rewrites
LLM outputs with controlled lexical diversity and
content reordering. The OUTFOX attack gener-
ates adversarial essays through iterative in-context
learning. A detector trained on triplets of human
and LLM essays provides feedback used as in-
context exemplars, prompting ChatGPT to produce
more human-like and detector-evasive texts.

A.2 Baseline Details
All baselines are evaluated using official implemen-
tation settings, which can get the best performance.

DetectLLM (Su et al., 2023) DetectLLM lever-
ages the sensitivity of machine-generated text to
minor modifications in the input. It specifically
utilizes log-rank perturbations to measure how the

2https://business.yelp.com/data/resources/open-dataset

text’s probability fluctuates, identifying LGT based
on its distinct robustness characteristics compared
to human writing.

DetectGPT (Mitchell et al., 2023) DetectGPT
relies on the hypothesis that machine-generated
text lies in regions of negative curvature on the
model’s log-probability function. It detects LGT
by generating slight perturbations of the candidate
text and measuring the resulting drop in probability,
identifying peaks distinct to model outputs.

DNA-GPT (Yang et al., 2024) DNA-GPT oper-
ates on the premise that LLMs generate the remain-
ing parts of a text differently depending on whether
the prefix is truncated. It exposes these generation
inconsistencies by comparing the outputs derived
from original versus truncated inputs to distinguish
machine text from human writing.

Biscope (Guo et al., 2024a) Biscope focuses
on the distinct structural dependencies found in
machine-generated text versus human writing. It
detects LGT by examining the model’s reliance on
memorizing preceding tokens, highlighting differ-
ences in contextual consistency and redundancy.

Binoculars (Hans et al., 2024) Binoculars func-
tions without training data by using a pair of pre-
trained language models to assess text. It computes
a perplexity gap or anomaly score by comparing
the token probabilities assigned by a target scoring
LLM against a smaller, more regularized reference
model.

Fast-DetectGPT (Fast-Detect) (Bao et al., 2024)
Fast-DetectGPT improves upon the efficiency of
DetectGPT by avoiding the costly generation of
perturbed samples. Instead, it approximates the
local curvature of the probability landscape using
conditional probability assessments, significantly
reducing computational overhead.

RoBERTa-openai (Solaiman et al., 2019) This
baseline involves fine-tuning a RoBERTa model
specifically for the task of GPT output classifi-
cation. It acts as a supervised binary classifier,
trained on a dataset of web-scraped human text and
neural-generated text to distinguish between the
two sources.

RADAR (Hu et al., 2023) RADAR utilizes a
holistic adversarial framework involving a para-
phraser and a detector. The paraphraser attempts to
rewrite machine text to evade detection, while the
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detector is trained to identify these rewritten texts,
creating a robust defense against paraphrasing at-
tacks.

MMD-DP (Zhang et al., 2024) MMD-DP aims
to improve the generalization of detectors by align-
ing the feature distributions of human and machine
text. It employs Maximum Mean Discrepancy
(MMD) to reduce the distributional gaps between
Human-Written Text (HWT) and Large Language
Model-Generated Text (LGT).

DeTeCtive (Guo et al., 2024b) DeTeCtive fo-
cuses on learning fine-grained nuances between hu-
man and machine text representations. It extracts
robust text features using a multi-level contrastive
objective that captures differences at both the token
and sequence levels.

ImBD (Chen et al., 2025) ImBD introduces an
Imitation-Based Detection framework that aligns
the detector’s behavior with the inherent preference
distributions of LLMs. By mimicking the genera-
tion process, it enhances the ability to identify text
that aligns too perfectly with model likelihoods.

HTAO (Zeng et al., 2025) This method ap-
proaches detection from an anomaly detection per-
spective, treating Human-Written Text (HWT) as
Out-Of-Distribution (OOD) data. It detects ma-
chine text by measuring distributional deviations,
effectively identifying human text as an anomaly
within the model’s generated distribution.

A.3 Implementation Details and Analyses.
Experiments are conducted using Python 3.10 and
PyTorch 2.8.0, with pretrained weights from the
HuggingFace Transformers library (Wolf et al.,
2019). All baselines are evaluated using official
implementation settings under the same experi-
mental environment. We adopt Unsup-SimCSE-
RoBERTabase as the encoder and optimize it with
the AdamW optimizer (Loshchilov and Hutter,
2017) under a cosine annealing learning rate sched-
ule. The maximum learning rate of deepfake and
Raid is set to 2 × 10−5 and the M4 is 5 × 10−6,
and the weight decay is 1 × 10−4. The ρh = 0.5,
m1 = 2 ,and m2 = 1.5. We set k and r to 10.
The maximum input sequence length is 512 to-
kens. Training is performed for 20 epochs on a
single NVIDIA A800 GPU with a batch size of
128. For Deepfake, M4, and Raid, we use joint
estimation of covariance and neighborhoods across-
LLMs, across-languages, and across-domains. The

distribution means µe and µh, as well as the global
covariance matrix, are initialized prior to training
using the entire training dataset (without validation
and test datasets).
Covariances Computational Feasibility and Sta-
bility. For each sample zi, we define a hybrid
covariance matrix as

Σ̃i = αiΣ+ (1− αi)Σ
local
i , (19)

where Σ = 1
N−1

∑N
i=1(zi − µ)(zi − µ)T denotes

the global covariance. Although Σ̃i is defined at the
sample level, our implementation does not require
explicitly inverting a distinct covariance matrix for
each sample. The local covariance Σlocal

i is used
only to capture neighborhood-level second-order
statistics, while all matrix inversions are performed
on a single batch-level covariance constructed from
these statistics. Consequently, the expensive O(d3)
matrix inversion is executed once per batch and is
independent of the batch size. Increasing the batch
size only improves the estimation of the global and
local statistics, but does not introduce additional
inversions or change the asymptotic computational
complexity.

To prevent rank deficiency and numerical insta-
bility inherent to k ≪ d, we mix with a full-rank
global covariance and apply diagonal regulariza-
tion Σmix ← Σmix + ϵI . When the batch size is
too small to reliably estimate local structure, the
method safely falls back to the global covariance.
As a result, the computational overhead is amor-
tized at the batch level, making the method stable
and scalable even for large batch sizes and high-
dimensional embedding spaces.
kNN Neighborhoods Setting. All kNN graphs,
Laplacian weights, local density estimates, and
covariance matrices are computed independently
within each mini-batch. For a batch of size N ,
pairwise similarities are used to identify k near-
est neighbors and derive graph- and density-based
terms. Local covariance matrices are estimated
from batch-level kNN neighborhoods and com-
bined with a global covariance via a density-
adaptive coefficient. These quantities are recom-
puted at every iteration without caching, avoiding
the construction of a global kNN graph and en-
abling scalability to large datasets. With N ≤ 512
and k ≤ 10, the overhead is negligible.
More implementation setting analyses. The influ-
ence and theoretical proof of a moderate batch size
is sufficient to capture stable manifold geometry,
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which is discussed in the App. B.2. The result of
the influence of batch size is shown in Tab.13.

A.4 Analyses and Criterion for Easy-Hard
LGT Sample Selection

Clarification on Label Usage and Practical De-
ployability. Notably, the inference does not re-
quire access to the generator’s identity (easy or
hard). The identity label is used solely as a proxy
for fine-grained modeling of the LGT distribution.
They shape the global geometry of the represen-
tation space during optimization, but do not con-
stitute oracle-assisted detection or label leakage at
inference.

In our framework, generator identity is not
treated as a semantic label to be predicted, but as
an instrumental variable for approximating a latent
detectability factor that cannot be directly observed.
Prior studies (Sadasivan et al., 2023; He et al.,
2024) have shown that detection difficulty exhibits
consistent, model-level regularities correlated with
capacity, alignment, and scale. Leveraging gen-
erator identity, therefore, provides a practical and
reproducible means to inject a structural prior over
detection difficulty, rather than supervision over
source attribution. Crucially, the learned detector
is never trained to distinguish between generators,
nor is generator identity available at inference time.
Instead, the Easy/Hard stratification constrains how
generated texts are modeled in terms of their ex-
pected detectability regimes. As a result, the de-
tector learns representations that are sensitive to
difficulty-related distributional properties, rather
than generator-specific artifacts. Moreover, we ex-
plicitly decouple difficulty from generator identity
by labeling all adversarially perturbed samples as
Hard-LGT regardless of their source. This reflects
our assumption that detection difficulty arises from
the interaction between model capability, prompt-
ing, and decoding strategies, rather than being an
intrinsic property of any fixed generator.

Consequently, the proposed framework general-
izes to unseen or future LLMs without requiring
prior knowledge of their identities. As long as
the generated outputs fall within similar detectabil-
ity regimes, the learned difficulty-aware modeling
remains effective. Importantly, generator-aware
labeling functions purely as a training-time mech-
anism for structural regularization: external anno-
tations are used only to impose weak, distribution-
level geometric biases during training, analogous to
curriculum learning or class-conditional regulariza-

tion. This design avoids label leakage and places
no assumptions on the test-time data distribution,
allowing the final detector to be fully deployable
without oracle access.

Criterion Selection. To construct a robust evalu-
ation benchmark, we categorize the source LLMs
into Hard-LGT (Hard-to-detect LGT) and Easy-
LGT based on a composite criterion of empirical
detectability, model capability, and architectural
sophistication. First, drawing upon recent bench-
marking studies (Wang et al., 2024; Dugan et al.,
2024; Bao et al., 2024), we observe a consistent
inverse correlation between detection performance
(e.g., AUROC) and the generator’s scale and align-
ment quality. Specifically, detectors exhibit signif-
icant performance degradation when identifying
texts from models undergoing extensive RLHF or
possessing massive parameter scales (Sadasivan
et al., 2023). Second, to ensure our selection re-
flects the current state-of-the-art, we incorporate
several major Leaderboards 3 4 as a dynamic refer-
ence for model "human-likeness." Models ranking
high on the leaderboard are proven to generate texts
that are statistically closer to human distributions,
thereby posing greater challenges for detection.

We define text generated by LLMs with more
than 30B parameters together with attacked text as
hard-LGT. Prior studies (Wang et al., 2024; Dugan
et al., 2024) show that text generated by LLMs with
more than 30B parameters (e.g., Cohere and GPT4)
achieves relatively low detection accuracy (<60%)
against mainstream detectors, which supports that
this type of text is harder to detect. Guided by
these principles, we designate the source LLMs
for Hard-LGT across three datasets as follows: (1)
In the Deepfake dataset, we select high-capacity
models,s including OpenAI-GPT (text-davinci-003,
text-davinci-002), LLaMA (65b, 30b), OPT (30b)
and GLM-130B, as they have demonstrated supe-
rior evasion capabilities in zero-shot detection tasks.
(2) For the M4 dataset, we isolate ChatGPT, GPT-4,
and Cohere as Hard-LGT sources due to their ad-
vanced instruction-following alignments. (3) In the
Raid dataset, ChatGPT, GPT-4, Cohere, Mistral,
and MPT are categorized as Hard-LGT.Conversely,
texts from smaller or earlier-generation models
(e.g., GPT-2) are classified as Easy-LGT. Further-
more, to evaluate robustness under worst-case sce-
narios, all text samples subjected to adversarial

3https://lmarena.ai/zh/leaderboard
4https://huggingface.co/open-llm-leaderboard
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LLMs Set LLMs

OpenAI GPT (Brown et al., 2020) GPT-3.5-Turbo, Text-DaVinci-002, Text-DaVinci-003

Meta LLaMA (Touvron et al., 2023) LLaMA-13B, LLaMA-30B, LLaMA-65B, LLaMA-7B

Facebook OPT (Zhang et al., 2022) OPT-125M, OPT-350M, OPT-1.3B, OPT-IML-Max-1.3B,
OPT-2.7B, OPT-6.7B, OPT-13B, OPT-30B, OPT-IML-30B

GLM-130B (Zeng et al., 2022) GLM-130B

Google FLAN-T5 (Chung et al., 2024) FLAN-T5-Small, FLAN-T5-Base, FLAN-T5-Large,
FLAN-T5-XL, FLAN-T5-XXL

BigScience BLOOM-7B (Muennighoff et al., 2022), T0-3B(Sanh et al., 2021), T0-11B

EleutherAI GPT-J(Vasilatos et al., 2023), GPT-NeoX(Black et al., 2022)

Table 5: The type of LLMs contained in the Deepfake

Dataset CMV Yelp XSum TLDR ELI5

Train 4,461/21,130 32,321/21,048 4,729/26,372 2,832/20,490 17,529/26,272
Valid 2,549/2,616 2,700/2,630 3,298/3,297 2,540/2,520 3,300/3,283
Test 2,431/2,531 2,685/2,557 3,288/3,261 2,536/2,451 3,193/3,215

WP ROC HellaSwag SQuAD SciGen all

6,768/26,339 3,287/26,289 3,129/25,584 15,905/21,489 4,644/21,541 95,596/236,554
3,296/3,288 3,286/3,288 3,291/3,190 2,536/2,690 2,671/2,670 29,467/29,462
3,243/3,192 3,275/3,207 3,292/3,078 2,509/2,535 2,563/2,338 29,015/28,365

Table 6: The number of instances of the source in the Deepfake. The left side of the "/" is HWT, and the right side is
LGT.

Split Language DaVinci-003 ChatGPT LLaMA 2 Jais Other Machine Human

Train

English 11,999 11,995 - - 35,036 59,030 62,994
Chinese 2,964 2,970 - - - 5,934 6,000
Urdu - 2,899 - - - 2,899 3,000
Bulgarian 3,000 3,000 - - - 6,000 6,000
Indonesian - 3,000 - - - 3,000 3,000

Dev
Russian 500 500 - - - 1,000 1,000
Arabic - 500 - - - 500 500
German - 500 - - - 500 500

Test

English 3,000 3,000 - - 9,000 15,000 13,200
Arabic - 1,000 - 100 - 1,100 1,000
German - 3,000 - - - 3,000 3,000
Italian - - 3,000 - - 3,000 3,000

Table 7: M4 Multilingual Dataset

Category Values

Models ChatGPT, GPT-4, GPT-3 (text-davinci-003), GPT-2 XL, Llama 2
70B (Chat), Cohere, Cohere (Chat), MPT-30B, MPT-30B (Chat),
Mistral 7B, Mistral 7B (Chat)

Domains ArXiv Abstracts, Recipes, Reddit Posts, Book Summaries, NYT
News Articles, Poetry, IMDb Movie Reviews, Wikipedia, Czech
News, German News, Python Code

Adversarial Attacks Article Deletion, Homoglyph, Number Swap, Paraphrase, Syn-
onym Swap, Misspelling, Whitespace Addition, Upper-Lower
Swap, Zero-Width Space, Insert Paragraphs, Alternative Spelling

Table 8: The content of the Raid datasets
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attacks are universally labeled as Hard-LGT, re-
gardless of their source generator. In contrast, text
generated by the remaining source LLMs in the
dataset, whose outputs can be consistently detected
with high confidence across multiple mainstream
detectors, is categorized as easy-LGT.

B Theories and Proofs

B.1 Proof of Smoothing Laplacian Manifold
Given an adjacency matrix W = [wij ] ∈ RN×N ,
we define the unnormalized graph Laplacian as

L = D −W, (20)

where D denotes the degree matrix with diagonal
entries

Dii =
∑

j

wij . (21)

The degree Dii characterizes the local density of
the neighborhood around node i.

To encourage samples with high similarity (i.e.,
large edge weights wij) to be close to each other
on the learned manifold, we introduce a Lapla-
cian smoothing regularization that minimizes the
weighted Euclidean distances between neighboring
embeddings, thereby enforcing smoothness with
respect to the intrinsic manifold structure.

Consider an undirected weighted graph

G = (V, E ,W ), |V| = N, (22)

with an adjacency matrix

W = [wij ] ∈ RN×N , wij = wji ≥ 0, (23)

and degree matrix

D = diag(d1, . . . , dN ), di =

N∑

j=1

wij . (24)

Each node i is associated with an embedding
vector

zi ∈ Rd. (25)

Stacking all node embeddings yields the matrix

X =




z⊤1
z⊤2
...
z⊤N


 ∈ RN×d. (26)

The manifold regularization term induced by the
graph Laplacian is given by the quadratic form

Lmanifold = Tr
(
X⊤LX

)
= Tr

(
X⊤(D −W )X

)
.

(27)

By linearity of the trace operator, this expression
can be decomposed as

Tr
(
X⊤LX

)
= Tr

(
X⊤DX

)
− Tr

(
X⊤WX

)
.

(28)
We first expand the degree term. Using the iden-

tity Tr(A) =
∑

k Akk, we obtain

Tr
(
X⊤DX

)
=

d∑

k=1

(X⊤DX)kk

=
N∑

i=1

di

d∑

k=1

X2
ik

=

N∑

i=1

di∥zi∥2.

(29)

Substituting di =
∑

j wij yields

Tr
(
X⊤DX

)
=

N∑

i=1

N∑

j=1

wij∥zi∥2. (30)

Next, we expand the adjacency term as

Tr
(
X⊤WX

)
=

d∑

k=1

∑

i,j

Xik wij Xjk

=
∑

i,j

wij z
⊤
i zj .

(31)

Combining the two expanded terms gives

Tr
(
X⊤LX

)
=

∑

i,j

wij∥zi∥2 −
∑

i,j

wijz
⊤
i zj .

(32)
Exploiting the symmetry wij = wji and sym-
metrizing the expression, we arrive at

Tr
(
X⊤LX

)
=

1

2

∑

i,j

wij

×
(
∥zi∥2 + ∥zj∥2 − 2z⊤i zj

)
.

(33)
Noting that the term inside the parentheses cor-

responds to the squared Euclidean distance

∥zi − zj∥2 = ∥zi∥2 + ∥zj∥2 − 2z⊤i zj . (34)

We finally obtain the equivalent formulation of the
Laplacian quadratic form:

Tr
(
X⊤LX

)
=

1

2

∑

i,j

wij∥zi − zj∥2. (35)
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Method
GPT-4o Claude-3.5 Gemini-2.5

Auroc↑ Acc↑ FPR95↓ Auroc↑ Acc↑ FPR95↓ Auroc↑ Acc↑ FPR95↓

Fast-Detect 0.5414 0.5301 0.9999 0.5512 0.5512 0.9999 0.5295 0.5065 0.9999
Detective 0.8565 0.8683 0.4733 0.9425 0.9141 0.5916 0.7882 0.7028 0.6501
ImBD 0.8462 0.7667 0.9383 0.8544 0.7683 0.8651 0.7229 0.6725 0.9983
HTAO 0.9256 0.9016 0.1483 0.8892 0.9356 0.3966 0.7735 0.6991 0.5601
DMHM (Ours) 0.9666 0.9275 0.0951 0.9971 0.9851 0.0067 0.8314 0.7841 0.1333

Table 9: The whole results of the unseen-LLMs generated texts detection.

Method Unseen Domain
AUROC ↑ Acc ↑ FPR95 ↓

DeTeCtive 0.7958 0.8051 0.6064
ImBD 0.5841 0.5673 0.8064
HTAO 0.9702 0.9714 0.1173
DMHM (Ours) 0.9842 0.9837 0.0829

Table 10: The results on the unseen domain.

This formulation shows that the graph Laplacian
penalizes large discrepancies between embeddings
connected by edges with high affinity, thereby en-
forcing smoothness of the learned representations
on the underlying data manifold.

We construct the adjacency matrix using a k-
nearest-neighbor graph based on cosine similarity.
For each sample, edges are formed to its top-k
neighbors, and the edge weights are defined using
an exponential kernel:

wij =




exp

(
−∥zi − zj∥2

2σ2

)
,

zi ∈ Nk(zj)

or zj ∈ Nk(zi),

0, otherwise.
(36)

which guarantees non-negative affinities. Due to
the directed kNN construction, the resulting adja-
cency matrix W is generally asymmetric. Never-
theless, the Laplacian regularization term remains
well-behaved, as it can be written as a weighted
smoothness penalty:

∑

i,j

wij∥xi − xj∥2, (37)

which is non-negative as long as wij ≥ 0. This for-
mulation provides stable manifold regularization
without explicitly enforcing symmetry. In imple-
mentation, this is equivalent to applying Laplacian
regularization on a directed graph or its implicit
symmetrized form, which is commonly adopted in
kNN-based manifold learning.

B.2 Manifold Approximation under
Finite-Sample kNN Graphs

Classical manifold learning theory typically as-
sumes access to sufficiently dense samples from
the underlying data distribution, so that the intrinsic
low-dimensional manifold structure can be accu-
rately recovered. LetM ⊂ Rd be a compact and
smooth manifold with intrinsic dimension m≪ d.
Assume that samples {zi}Ni=1 are drawn indepen-
dently from a probability distribution p(z) sup-
ported onM. In the asymptotic regime N →∞,
it is well known that graph-based constructions,
such as k-nearest neighbor (kNN) graphs, converge
to the geometry of M, and the associated graph
Laplacian converges to the Laplace–Beltrami oper-
ator on the manifold. In practical training settings,
however, manifold regularization is computed on
mini-batches (e.g., B = 128), which are far too
small to globally approximate the full data mani-
fold. As a result, the kNN graph constructed on
a mini-batch cannot recover the global topology
of M. Instead, it provides a local stochastic ap-
proximation of the manifold geometry induced by
random batch sampling.
Mathematical Framework for Local Stochastic
Approximation. Let X = {zi}Ni=1 denote the full
dataset, and let B = {zi}Bi=1 ⊂ X be a randomly
sampled mini-batch. The empirical distribution of
the batch is defined as

pB(z) =
1

B

B∑

i=1

δ(z − zi), (38)

where δ(·) denotes the Dirac delta function. The
kNN graph on the batch is denoted by GB =
(VB,WB), with weight matrix WB = (wij) de-
fined as

wij =




exp

(
−∥zi − zj∥2

2σ2

)
,

zi ∈ Nk(zj)

or zj ∈ Nk(zi),

0, otherwise.
(39)
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Method Raid Dipper Outfox
AUROC↑ Acc↑ FPR95↓ AUROC↑ Acc↑ FPR95↓ AUROC↑ Acc↑ FPR95↓

Fast-Detect 0.6172 0.6646 0.7932 0.6077 0.6512 0.4390 0.7030 0.6634 0.5869
DeTeCtive 0.8856 0.8822 0.5833 0.9619 0.9680 0.1319 0.9818 0.9850 0.0992
ImBD 0.7843 0.7435 0.8426 0.8841 0.8039 0.4152 0.9495 0.9562 0.1869
HTAO 0.9633 0.9897 0.0953 0.9735 0.9778 0.0832 0.9853 0.9894 0.0718
DMHM (Ours) 0.9902 0.9927 0.0605 0.9870 0.9907 0.0735 0.9951 0.9984 0.0201

Table 11: The whole results under attacks.

Method (Ablation) Deepfake M4 Raid
AUROC↑ Acc↑ FPR95↓ AUROC↑ Acc↑ FPR95↓ AUROC↑ Acc↑ FPR95↓

w/o Lmanifold 0.9477 0.9102 0.4259 0.9199 0.8491 0.4222 0.9615 0.9885 0.1538
w/o Lenergy 0.9272 0.9225 0.5120 0.8370 0.7607 0.5246 0.9047 0.9617 0.3925
w/o Lcon 0.9228 0.9129 0.5198 0.9275 0.8507 0.2544 0.9129 0.9717 0.1857
w/ Euclidean Distance 0.9238 0.9084 0.7305 0.8769 0.8333 0.8911 0.9513 0.9608 0.2547
w/o density weight αi 0.9354 0.9265 0.8269 0.9209 0.8788 0.1864 0.9594 0.9712 0.1621
w/o Hard–Easy Modeling 0.9214 0.9108 0.3909 0.8801 0.8332 0.5871 0.9008 0.9348 0.3837
DMHM (Ours) 0.9886 0.9887 0.0456 0.9666 0.9591 0.1446 0.9902 0.9927 0.0605

Table 12: Ablation study results on three datasets. The impact of each component is evaluated by removing or
replacing it.

where Nk(zi) denotes the set of k nearest neigh-
bors of zi within B, and σ is a bandwidth param-
eter. Although the kNN relation is constructed in
a directed manner, the final weight matrix WB is
symmetrized by taking the union of mutual neigh-
borhoods. This ensures that WB is symmetric and
the resulting graph Laplacian corresponds to an
undirected, unnormalized Laplacian as used.

The corresponding (unnormalized) graph Lapla-
cian is defined as LB = DB − WB , where
DB = diag(

∑
j wij) is the degree matrix. The

exponential kernel is used solely to define edge
weights that decay with local distance, and does
not introduce any normalization on the Laplacian.
After symmetrizing the kNN graph, the resulting
weight matrix WB is symmetric, and the operator
LB = DB −WB remains an unnormalized graph
Laplacian, consistent with the formulation in Eq. 2.
The manifold regularization term computed on a
batch is given by:

L
(B)
manifold(f) =

1
kB

∑B
i=1

∑
j∈Nk(zi)

wij∥f(zi)− f(zj)∥2,
(40)

where f : M → Rm is the embedding func-
tion. After symmetrizing the kNN graph, the re-
sulting weight matrix WB is symmetric. Thus, up
to a constant scaling factor, the mini-batch regu-
larizer L(B)

manifold is equivalent to Tr(F⊤LBF ) with
LB = DB − WB , which is consistent with the
unnormalized Laplacian formulation.

Expectation Convergence Analysis. To study the
statistical behavior of this regularizer, we consider
its expectation over random mini-batches. Let B
be drawn i.i.d. from p(z) with size B, and define
the expected manifold regularization as

L̄manifold(f) = EB∼pB

[
L
(B)
manifold(f)

]
, (41)

where pB denotes the B-fold product measure of
p(z).

Under the following assumptions: (1) The mani-
foldM is compact, C2 smooth, and has bounded
curvature; (2) The density p(z) is continuous and
bounded onM, and there exist constants c1, c2 > 0
such that c1 ≤ p(z) ≤ c2; (3) The embedding
function f ∈ C2(M); (4) As B → ∞, k → ∞
with k/B → 0, the bandwidth σ → 0, and
σ > Θ

(
(logB/B)1/m

)
, the following asymptotic

expansion holds:

L̄manifold(f) = C1(σ,m)

∫

M
∥∇Mf(z)∥2p2(z) dV (z)

+O

(
1√
k

)
+O

(
σ2

k1/m

)
,

(42)

where

C1(σ,m) =
σm+2

(2π)m/2

∫

Rm

∥u∥2e−∥u∥2/2 du,

and dV denotes the volume element onM.
Finite-Sample Bias Analysis. For a fixed batch
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size B, define the bias term as

EB(f) =
∣∣∣∣L̄manifold(f)− C1

∫

M
∥∇Mf∥2p2 dV

∣∣∣∣ .
(43)

Under the assumptions of the theorem, there
exist constants C2, C3 > 0 such that

EB(f) ≤ C2
∥∇2

Mf∥∞√
k

+ C3
σ2

k1/m
∥∇Mf∥2∞.

(44)
This result shows that even with small mini-

batches, the bias can be controlled as long as k
is sufficiently large and σ is chosen properly. In
particular, choosing

k = Θ
(
B

2m
m+2

)
, σ = Θ

(
B− 1

m+2

)
,

yields a bias decay rate of O
(
B− 1

m+2

)
.

Variance Analysis and Batch Size Trade-off. In
addition to bias, we must account for the variance
due to random batch sampling. Define the variance
term as

VarB(f) = EB

[(
L
(B)
manifold(f)− L̄manifold(f)

)2
]
.

(45)
There exists a constant C4 > 0 such that

VarB(f) ≤
C4

B
∥∇Mf∥4∞. (46)

Combining the bias and variance terms, we ob-
tain the following mean squared error bound:

E

[(
L
(B)
manifold(f)− C1

∫

M
∥∇Mf∥2p2 dV

)2
]

≤ E2B(f) + VarB(f).

(47)

This bound shows that as the batch size B in-
creases, the variance decreases at a rate O(1/B),
while the bias is governed by k and σ. The per-
formance saturation observed in experiments (Ta-
ble 13) can thus be explained by the fact that,
beyond a certain batch size, the bias term domi-
nates and further increasing B yields diminishing
returns.

For discriminative tasks, preserving local geom-
etry is often more important than recovering global
topology. We define a local distortion measure as

κ(zi) =
∥∇Mf(zi)∥2

1
k

∑
j∈Nk(zi)

wij∥f(zi)− f(zj)∥2

·
1
k

∑
j∈Nk(zi)

wij∥zi − zj∥2
∥∇M Id(zi)∥2

,

(48)

where Id : M → Rd is the identity embedding,
and κ(zi) ≈ 1.

Under the assumptions of the theorem, the fol-
lowing concentration inequality holds:

P (|κ(zi)− 1| > ϵ) ≤ 2 exp

(
− kϵ2

2C5

)
, ∀ϵ > 0,

(49)
where C5 is a constant depending on the manifold
curvature and density variation. This result im-
plies that, with high probability and sufficiently
large k, the kNN graph preserves the local differ-
ential geometry of the manifold, which is exactly
the first-order geometric consistency required for
discriminative learning.

We further analyze the effect of batch size on the
effectiveness of the proposed manifold-aware regu-
larization. As shown in Table 13, the performance
consistently improves as the batch size increases
from 32 to 128, indicating that enlarging the batch
provides more reliable local neighborhood statis-
tics and a better approximation of the underlying
data geometry. Notably, the performance gains ex-
hibit a clear diminishing-return behavior beyond a
batch size of 128. While increasing the batch size
from 32 to 64 and from 64 to 128 yields measurable
improvements in AUROC and accuracy, further en-
larging the batch size to 256 or 512 does not lead
to additional benefits and even causes slight degra-
dation. This observation suggests that a batch size
of 128 is already sufficient to capture the essen-
tial local manifold structure required for effective
discrimination.

In summary, although kNN graphs constructed
on finite mini-batches cannot recover the global
manifold topology, they provide an effective
stochastic approximation of local manifold geom-
etry. The expected regularization term converges
to a density-weighted Dirichlet energy, with both
bias and variance being controllable. The observed
performance saturation with increasing batch size
is consistent with the theory: once the batch size
exceeds a certain threshold, the bias term domi-
nates the error. Overall, the proposed method can
be viewed as a stochastic local manifold regular-
izer that enforces global manifold-aware structure
in expectation through repeated local smoothing
constraints, while avoiding the high computational
cost of constructing a full graph.
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Batch Size AUROC ↑ Acc ↑ FPR95 ↓
32 0.9786 0.9779 0.0974
64 0.9839 0.9822 0.0896
128 0.9886 0.9887 0.0456
256 0.9855 0.9858 0.0851
512 0.9847 0.9850 0.0879

Table 13: Effect of batch size on deepfake datasets.
Batch size 128 achieves the best marginal performance,
balancing neighborhood reliability and noise robustness.

B.3 Covariance Adaptive Normalization
One-Dimensional Case. Let the feature z ∈ R be
one-dimensional. The covariance matrix reduces
to a scalar

Σ = σ2. (50)

The Mahalanobis distance becomes

d2 =
(z − µ)2

σ2
. (51)

When the variance σ2 is large, the denomina-
tor increases and the distance decreases, implying
that this direction is down-weighted in the metric.
Conversely, when σ2 is small, the denominator de-
creases and the distance increases, implying that
this direction is up-weighted.

Multidimensional Case. Let z ∈ Rd and let
the covariance matrix Σ ∈ Rd×d be symmetric and
positive definite. Its eigendecomposition is given
by

Σ = QΛQT , (52)

where Q is an orthogonal matrix whose
columns are the eigenvectors of Σ, and
Λ = diag(λ1, . . . , λd) is a diagonal matrix
of eigenvalues, with each λi representing the
variance along the corresponding principal
direction.

Define the coordinates in the principal-axis
(PCA) basis as

y = QT (z − µ). (53)

The covariance of y is

Cov(y) = QTE
[
(z − µ)(z − µ)T

]
Q. (54)

Then, we obtain

Cov(y) = QTΣQ. (55)

Substituting Σ = QΛQT and using the orthogo-
nality property QTQ = I , we have

Cov(y) = Λ = diag(λ1, . . . , λd). (56)

Since y = QT (z − µ), it follows that

z − µ = Qy. (57)

The squared Mahalanobis distance is

D2
M = (z − µ)TΣ−1(z − µ). (58)

Substituting z − µ = Qy yields

D2
M = (Qy)TΣ−1(Qy) = yTQTΣ−1Qy. (59)

Since

Σ−1 = (QΛQT )−1 = QΛ−1QT , (60)

we obtain
D2

M = yTΛ−1y. (61)

Noting that

Λ−1 = diag

(
1

λ1
, . . . ,

1

λd

)
, (62)

The Mahalanobis distance can be written as

D2
M =

d∑

i=1

y2i
λi

. (63)

Therefore, if the variance λi along principal di-
rection i is large, the corresponding term y2i

λi
is

small, and that direction is down-weighted in the
distance computation; conversely, if λi is small,
that direction is up-weighted. Here yi denotes the
i-th coordinate of z in the PCA coordinate system.

B.4 Effect of Batch Size on Density
Estimation and αi Normalization.

The batch size plays a critical role in local density
estimation and the stability of the αi normalization.
When the batch size is small, kNN graphs are con-
structed from sparsely sampled neighborhoods, re-
sulting in high-variance density estimates and noisy
αi values that are sensitive to stochastic sampling.
As the batch size increases, neighborhood coverage
becomes more reliable, which reduces variance in
the density estimation and yields smoother, more
stable αi normalization. This improvement allows
the regularization term to more accurately approxi-
mate a density-weighted Dirichlet energy, leading
to performance gains in the moderate batch-size
regime.

As shown in Table 13, the performance improve-
ment saturates once the batch size exceeds a certain
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threshold (e.g., 128). Beyond this point, further in-
creasing the batch size provides limited benefit,
as the variance in density estimation has already
been sufficiently suppressed and the remaining er-
ror is dominated by the bias introduced by the
finite-batch kNN approximation. As a result, larger
batches do not yield significant additional gains in
stability or performance, despite incurring higher
computational cost.

C More Analysis Experiments

C.1 Analyses of Threshold m1 & m2

To study the effect of distance margins in energy
margin learning, we conduct a grid search over hy-
perparameters m1 and m2, where m1 denotes the
energy margin between easy-LGT and HWT, and
m2 denotes the minimum margin between hard-
LGT and HWT. Since easy-LGT is compact while
hard-LGT lies closer to HWT, we enforce the con-
straint m1 > m2 to avoid over-constraining hard-
LGT. The results are shown in Fig. 4.

The heatmap indicates that the model is highly
robust in the lower triangular region (m1 > m2),
with performance consistently above 0.94. The
best performance (0.9886) is achieved at (m1 =
2,m2 = 1.5), suggesting that enlarging the mar-
gin between LGT and HWT effectively improves
inter-distribution discrimination. In contrast, overly
small or large margins degrade performance, im-
plying increased optimization difficulty.

When the hierarchical constraint is violated
(m1 ≤ m2), performance drops to the range of
0.85–0.91 and further decreases as the margin gap
(m2 −m1) increases. This degradation indicates
that enforcing equal or larger margins on hard-LGT
disrupts the intended energy hierarchy and leads to
suboptimal discrimination. These results demon-
strate that the constraint m1 > m2 is essential
rather than a mere hyperparameter preference.

C.2 Hyperparameter Analysis of k and r

We analyze the sensitivity of our method to the key
hyperparameters involved in KNN-based density
estimation and manifold regularization on the deep-
fake datasets, including: (1) the number of nearest
neighbors k used for local covariance estimation,
and (2) the neighborhood size r used to construct
the manifold graph. All other settings are fixed
throughout the experiments, as shown in Fig. 5.

Overall, the performance exhibits low sensitivity
to both k and r within a reasonable range, indicat-

𝑚
1

𝑚2

Figure 4: The heatmap of hyperparameter sensitivity
analyses of the threshold m1 and m2.

Figure 5: The hyperparameter sensitivity analyses.

ing good robustness of the proposed method. When
k is set too small, the estimated local covariance
becomes unstable due to insufficient neighborhood
samples, leading to performance degradation. In
contrast, overly large k results in excessive smooth-
ing, which weakens local geometric characteristics
and slightly harms performance. In practice, we
observe a broad performance plateau, where the
accuracy remains consistently high, with k = 10
providing the best balance between estimation sta-
bility and locality preservation. A similar trend
is observed for the neighborhood size r. Smaller
values of r restrict the expressive power of the
neighborhood graph and limit information propa-
gation, while excessively large r tends to introduce
non-local connections that violate the manifold as-
sumption. Nevertheless, the performance variation
across different r values is relatively minor, sug-
gesting that the method is not overly sensitive to
this parameter. Empirically, r = 10 consistently
yields strong and stable results. These observa-
tions indicate that the proposed method does not
rely on careful hyperparameter tuning. As long as
k and r are chosen within a moderate range, the
performance remains stable. We therefore adopt
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Table 14: Ablation study on the weight coefficients of
different loss terms.

(λ1, λ2, λ3) AUROC ↑ Acc ↑ FPR95 ↓
(0, 1, 1) 0.9272 0.9225 0.5120
(1, 0, 1) 0.9228 0.9129 0.5198
(1, 1, 0) 0.9477 0.9102 0.4259
(2, 1, 1) 0.9821 0.9746 0.0813
(1, 2, 1) 0.9834 0.9758 0.0789
(1, 1, 2) 0.9852 0.9779 0.0742
(0, 2, 1) 0.9316 0.9261 0.4882
(2, 0, 1) 0.9289 0.9186 0.5035
(1, 0, 2) 0.9301 0.9197 0.4981
(0, 1, 2) 0.9342 0.9279 0.4720
(2, 1, 0) 0.9513 0.9217 0.4016
(1, 2, 0) 0.9538 0.9243 0.3897
(1, 1, 1) 0.9886 0.9887 0.0456

the default setting k = r = 10 in all experiments,
which offers a reliable trade-off between robustness
and accuracy.

In addition, we find that the performance is
largely insensitive to the batch size used for KNN-
based estimation, provided that each batch contains
a sufficient number of samples to form meaningful
local neighborhoods (as Sec. B.4). Tiny batch sizes
may lead to noisy neighborhood statistics, while
moderate to large batch sizes yield comparable per-
formance.

C.3 Hyperparameter Analysis of Loss
Weights

We conducted an ablation study on the loss co-
efficients. Specifically, the proposed objective is
formulated as:

Lour = λ1Lenergy + λ2Lcon + λ3Ld-manifold, (64)

where λ1, λ2, and λ3 control the contributions of
the three sub-objectives.

We evaluate three categories of weight configu-
rations: (1) Removing one loss term. (2) Increasing
the weight of a single objective. (3) Asymmetric
weight assignments. The results are reported in
Table 14.

First, removing any individual objective causes
a substantial performance degradation, demonstrat-
ing that each sub-loss contributes meaningfully to
the final representation learning process. Second,
although unbalanced weight settings still produce
competitive results, they remain consistently infe-
rior to the balanced configuration. This suggests
that over-emphasizing any single objective may

weaken the complementary effects among the three
objectives.

Overall, the balanced setting (1, 1, 1) achieves
the best AUROC, accuracy, and FPR95 simultane-
ously, indicating that the three optimization targets
play comparably important and mutually beneficial
roles during training.

C.4 Transferability Across Base Encoders

We further investigate the transferability of our
framework by employing various base encoders
on the Deepfake dataset. We specifically con-
sider SimCSE-based encoders, as they utilize con-
trastive learning to refine semantic representation
and promote embedding uniformity. Experimental
results in Table 15 indicate that Unsup-SimCSE-
RoBERTabase strikes the best balance between de-
tection accuracy and model efficiency (parame-
ter size). The stable performance gains observed
across different backbones underscore that our
method is not tied to a specific architecture but
possesses broad applicability.

Notably, despite not being explicitly trained on
all languages in the M4 dataset, Unsup-SimCSE-
RoBERTabase maintains strong performance on
unsupported languages. This is mainly due to
the contrastive learning objective, which promotes
language-agnostic semantic representations and a
well-structured embedding space.

Text Encoders Params AUROC Acc FPR95

BERTbase 110M 0.9624 0.9712 0.0821
Sup-SimCSE-BERTbase 110M 0.9615 0.9683 0.0796
Unsup-SimCSE-BERTbase 110M 0.9528 0.9691 0.0734
RoBERTabase 125M 0.9602 0.9768 0.0779
Sup-SimCSE-RoBERTabase 125M 0.9716 0.9759 0.0853
Unsup-SimCSE-RoBERTabase 125M 0.9894 0.9881 0.0417

Table 15: Our method was evaluated on the encoder
transferability experiments conducted using the Cross-
Domain and Cross-Model subsets of the Deepfake
dataset (Li et al., 2024). Unsup refers to unsupervised
training without the use of manually annotated data,
while Sup denotes supervised learning with annotated
pairs of similar and dissimilar sentences.

C.5 Evaluation of Time and Memory
Efficiency

Table 16 summarizes the computational overhead
of baselines and our method, encompassing train-
ing and inference latency alongside model complex-
ity. In practical deployment, inference speed and
memory footprint are the primary determinants of
user experience and operational viability—factors
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Method Training Time Inference Time Memory Model Size

Fast-detect \ 98.52 ms/it 11662 MB \
MMD-MP 6.87 ms/it 26.62 ms/it 2932 MB 125M
Detective 4.85 ms/it 1.76 ms/it 2803 MB 125M
ImBD 234.74 ms/it 371.74 ms/it 10422 MB 2.72B
HTAO 4.83 ms/it 1.74 ms/it 2513 MB 125M
Ours 4.82 ms/it 1.84 ms/it 1999 MB 125M

Table 16: Evaluation of time and memory efficiency
across different methods, \ indicates that the model size
is not fixed.

that often outweigh training-phase efficiency. As
shown in the table, our method achieves a highly
competitive inference speed of 1.84 ms/it. This
represents an approximate 14.5× speedup over
MMD-MP and a remarkable 200× improvement
compared to the large-scale ImBD detector. While
HTAO and Detective exhibit marginally lower infer-
ence latency, our approach offers the most balanced
performance profile.

Regarding training efficiency, our method attains
the lowest cost among all evaluated approaches
at 4.82 ms/it, significantly outperforming ImBD
(234.74 ms/it) and even slightly surpassing efficient
variants like HTAO and Detective. Furthermore,
while zero-shot methods such as Fast-detect elimi-
nate training entirely, they suffer from substantial
inference latency (98.52 ms/it) and reliance on ex-
ternal scoring models with variable parameters. In
terms of memory usage, Ours achieves the lowest
memory consumption (1999 MB) among all 125M-
parameter models, demonstrating superior memory
efficiency. Our model maintains a compact foot-
print of 125M parameters, ensuring high scalability.
In conclusion, our method strikes a superior trade-
off between detection efficiency and computational
expenditure, making it exceptionally well-suited
for real-time, large-scale online deployment.

Dataset Acc AUROC FPR95

Deepfake 2.14E-05 4.82E-11 1.95E-06
M4-multi 5.08E-06 3.17E-13 6.22E-08
Raid 4.27E-04 2.11E-06 2.03E-04

Table 17: The p-values of the t-test on our method in all
metrics, which are all smaller than 0.01.

C.6 Statistical Significance Testing

The T-test (Bartlett, 1937) is a widely used statisti-
cal method for assessing the significance of experi-
mental results. It determines whether the observed
differences between two sets of results are due to

Figure 6: Density distributions of sample distances to
the unified semantic center. The easy-LGT (blue) ex-
hibits a compact, high-density peak. In contrast, the
hard-LGT (green) shows a flatter, dispersed distribution
that significantly overlaps with the low-density regions
of HWT (red), illustrating the difficulty in distinguish-
ing high-quality generated text.

a true effect rather than random variation. The
outcomes of the T-test are typically reported using
p-values, which represent the probability of obtain-
ing the observed data under the null hypothesis
H0 (i.e., assuming no effect or difference). When
p < 0.05, the null hypothesis is rejected, indicating
that the difference is statistically significant. In our
study, we employ the T-test to evaluate whether
the improvements introduced by our method are
statistically significant. As shown in the Tab. 17,
all p-values are less than 0.01, confirming the sta-
tistical significance of our improvements.

D Observation

We visualize the density of sample distances to a
unified center. As illustrated in Fig. 6, the X-axis
represents the distance of samples from a global
centroid, while the Y-axis is the density, which is
estimated by centering a Gaussian kernel at each
sample point. The easy-LGT concentrates in a high-
density region with a sharp peak at short distances,
reflecting statistical regularities of weaker LLMs.
Conversely, hard-LGT exhibits a flatter, more dis-
persed distribution that significantly overlaps with
the low-density regions of HWTs, demonstrating
how stronger LLMs achieve higher diversity that
mimics human writing. This clear distinction,
where easy samples cluster in dense regions while
hard samples spread into sparse, human-shared re-
gions, confirms that density is a critical discrimina-
tor, justifying the need for a density-aware frame-
work to effectively separate these composite distri-
butions.
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E Societal Impacts

As large language models (LLMs) generate increas-
ingly human-like text, societal risks such as mis-
information, malicious content, and academic mis-
conduct have intensified, making reliable detection
of LGTs an urgent challenge. At the same time,
false positives (misclassifying HWTs) can cause
serious harm in academic and journalistic settings.
To address it, our proposed method achieves state-
of-the-art performance on text generated by recent
LLMs and adversarial examples, while maintaining
a low false positive rate and a substantially higher
true positive rate than existing approaches. This
technical advancement provides an efficient and
robust solution for LGT detection, ensuring long-
term effectiveness in complex, real-world scenarios
and offering critical support for fostering a trust-
worthy digital environment and promoting the safe,
ethical, and responsible use of AI technologies.

F AI Assistants Disclosure

AI tools were used solely for language polishing,
grammar correction, improvement of English ex-
pressions, and correction of code syntax errors.
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