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Abstract

Large Language Models have shown growing ability to gen-
erate fluent and coherent texts that are highly similar to
the writing style of humans. Current detectors for Machine-
Generated Text (MGT) perform well when they are trained
and tested in the same domain but generalize poorly to un-
seen domains, due to domain shift between data from differ-
ent sources. In this work, we propose MGT-Prism, an MGT
detection method from the perspective of the frequency do-
main for better domain generalization. Our key insight stems
from analyzing text representations in the frequency do-
main, where we observe consistent spectral patterns across di-
verse domains, while significant discrepancies in magnitude
emerge between MGT and human-written texts (HWTs). The
observation initiates the design of a low frequency domain
filtering module for filtering out the document-level features
that are sensitive to domain shift, and a dynamic spectrum
alignment strategy to extract the task-specific and domain-
invariant features for improving the detector’s performance
in domain generalization. Extensive experiments demonstrate
that MGT-Prism outperforms state-of-the-art baselines by an
average of 0.90% in accuracy and 0.92% in F1 score on 11
test datasets across three domain-generalization scenarios.

Introduction
Large Language Models (LLMs) are becoming popular as
writing assistants in daily work for their incredible ability
to generate fluent and coherent texts following users’ in-
structions. However, the widespread applications of LLMs
have raised substantial concerns regarding their misuse in
fake news generation (Liu et al. 2024a), ghostwriting (Ku-
mar et al. 2025), spamming, etc. (Wang et al. 2024; Li et al.
2025b), which calls for an urgent need to detect MGTs pre-
cisely and reliably.

Due to the diversity in application scenarios, model archi-
tectures, and scales of LLMs, an ideal MGT detector should
perform consistently well in domain generalization (DG)
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1The data used in our experiments consist of 3,000 randomly

sampled HWTs and 3,000 MGTs from both the source and target
domains, covering all three datasets used in domain generalization.
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Figure 1: Comparison of the textual features and their corre-
sponding frequency features. The horizontal axis represents
the feature dimension index for both textual and frequency-
domain features, while the vertical axis shows the magni-
tude of raw feature values in the text domain and trans-
formed frequency components, respectively. Frequency fea-
tures exhibit more consistent patterns between intra-class
samples from different domains, providing the foundation
for frequency-based detection under domain shift1.

settings where the detector is trained on datasets from dif-
ferent source domains and tested on unseen target domains.
Two mainstream approaches dominate current MGT detec-
tion methods, i.e., fine-tuning and metrics-based methods,
yet both largely neglect the detector’s ability to generalize.
Existing fine-tuning methods either focus on capturing dis-
tinguishing features between MGT and HWT, such as text
coherence (Liu et al. 2023), token probabilities (Chen et al.
2025), and attention patterns (Kushnareva et al. 2021), or ex-
plore novel training strategies, including contrastive learn-
ing (Liu et al. 2024b), and adversarial training (Hu, Chen,
and Ho 2023; Li et al. 2025b). However, these methods do
not explicitly disentangle task-specific and domain-specific
features during training, resulting in limited DG. Metric-
based methods work in an unsupervised manner. They cal-
culate a single score for distinguishing MGTs from HWTs
using perplexity (Bao et al. 2024), entropy (Shum, Diao, and
Zhang 2023), or re-sampling (Shi et al. 2024). Metric-based
methods also suffer from performance degradation in DG
settings, as they rely on a specific training set for deciding
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the optimized classification threshold.
Inspired by the potential of the frequency domain to dis-

entangle the feature representations into orthogonal compo-
nents (Tamkin, Jurafsky, and Goodman 2020a; Sun et al.
2024; Guo et al. 2023), we examine the inter- and intra-
class features from the perspective of spectra using Discrete
Fourier Transform (DFT) (Bracewell 1986). The prelimi-
nary analysis in Sec. reveals a critical property of text rep-
resentations in the frequency domain. As shown in Figure
1, the spectrum of intra-class text representation from dif-
ferent domains exhibits differences in the magnitude but is
more consistent in the distribution pattern, indicating that
i) distinguishable features between MGT and HWT exist in
the frequency domain; ii) transfer from features space to fre-
quency domain mitigates the domain shift.

Based on the natures of spectra, which are decompos-
ability and insensitivity to domain shift, we propose MGT-
Prism, an MGT detection framework from the perspec-
tive of the frequency domain, to align intra-class features
from different domains for emphasizing the task-specific
and domain-invariant inter-class features, therefore enabling
strong DG ability of MGT detectors. Specifically, we design
a frequency spectrum filter block to suppress domain-related
features (Tamkin, Jurafsky, and Goodman 2020a). To miti-
gate the domain shift in finer-grain, we further introduce a
frequency spectrum alignment strategy to reduce the distri-
bution discrepancy among intra-class instances in the fre-
quency domain. By aligning intra-class features in the fre-
quency domain, MGT-Prism successfully extracts and uti-
lizes the task-specific and domain-invariant features from
the training set and generalizes well to unseen domains. Ex-
tensive experiments demonstrate the strong generalization
ability of MGT-Prism among multiple settings. Compared to
state-of-the-art approaches in accuracy and F1 score, MGT-
Prism achieves average improvements of 0.92% and 1.56%,
0.90% and 0.69%, and 0.88% and 1.24% in cross-generator,
cross-domain, and cross-scale, respectively, highlighting its
efficacy. Our contributions are summarized as follows:

• We propose to analyze MGT detection in the frequency
domain and observe a similar distribution pattern with
varied magnitudes between MGT and HWT spectra, of-
fering a new insight and broad applicability in MGT de-
tection.

• We design a novel model, MGT-Prism, which aligns the
intra-class features in text spectra from different domains
to extract task-specific and domain-invariant features for
enhancing domain generalizability in MGT detection.

• We conduct extensive experiments on 11 test sets across
three generalization scenarios. The results demonstrate
that our model consistently outperforms state-of-the-art
methods in both effectiveness and generalization capa-
bility for MGT detection.

Related Work
Domain Generalization. In the context of MGT detection,
DG means a detector should remain reliable when faced
with text from new generators or domains not encountered

during training. Many metric-based detectors rely on head-
token analysis (Gehrmann, Strobelt, and Rush 2019), logis-
tic regression on perplexity features (Bao et al. 2024, 2023),
or token-wise log probabilities (Wang et al. 2023a; Hans
et al. 2024) from white-box LLMs to address this challenge.
While metric-based methods are training-free, their predic-
tion accuracy is often lower than supervised approaches.
In contrast, fine-tuned detectors benefit from perturbation-
based methods (Li et al. 2025a; Shum, Diao, and Zhang
2023), contrastive learning (Tack et al. 2020; Gunel et al.
2021), or a combination of both (Liu et al. 2024a), which
have proven effective in improving model generalization. In
addition, adversarial training frameworks (Li et al. 2025b;
Hu, Chen, and Ho 2023) have been employed to address ro-
bustness issues. Unlike prior methods based on overall text
features, our approach introduces the Fourier Transform to
extract multi-scale frequency information, emphasizing both
global and local patterns, and mitigates distributional bias to
enable effective detection in DG.
Fourier Transforms. Recently, frequency-based techniques
have been increasingly integrated into the computer vision
field (Yi et al. 2023; Guo et al. 2023). By analyzing how
low frequencies in an image typically capture global struc-
tures (Fan et al. 2022) and color information (Cao et al.
2020), while high frequencies contain fine details of ob-
jects, a series of methods to enhance predictive capabilities
have emerged (Fan et al. 2022). Some works have applied
these techniques to the natural language processing (NLP)
field (Wu et al. 2021; Lee-Thorp et al. 2021), combining
them with attention mechanisms to accelerate computations
(Tamkin, Jurafsky, and Goodman 2020a; Lee-Thorp et al.
2021; Choromanski et al. 2020), and embedding spectral fil-
ters in different tasks (Fang and Xu 2024; Tamkin, Jurafsky,
and Goodman 2020a; Khan, Hayat, and Porikli 2019), where
the low-frequency components are considered to represent
slower-changing features. Inspired by this, we observe that
transforming representations from the feature space to the
frequency domain reduces dimensional complexity. It also
enhances the structural regularity of feature distributions in
frequency domain. This transformation amplifies distribu-
tional irregularities (e.g., lexical repetition, unnatural con-
junctions, and templated phrasing), making MGT and HWT
more distinguishable for downstream detection.

Preliminary
This section briefly introduces the problem formulation and
the DFT in traditional signal processing and its application
in our work.

MGT Detection Under DG
The DG2 task is defined as follows: given a training set
consisting of multiple observed source domains DS =

{Dn}Nn=1, where each domain Dn = {(x(n)
i , y

(n)
i )}Tn

i=1 con-
tains Tn labeled samples, the goal is to learn a model from
DS that generalizes to arbitrary unseen target domains DT

whose distributions differ from those of the sources.
2We use domain generalization to refer to generalization across

domains, generators, and generator scales in MGT detection.
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Discrete Fourier Transform
The Continuous Fourier Transform (CFT) is one of the
core mathematical tools in the field of signal processing
(Bracewell 1986). The idea is that any complex signal can
be decomposed into a superposition of sine waves (or com-
plex exponentials) of different frequencies. Specifically, for
any time-domain signal x(t), its frequency component X(f)
at frequency f in the frequency domain is expressed as:

X(f) =

∫ ∞

−∞
x(t)e−2πjftdt, (1)

where e−2πjft is the complex exponential basis and j de-
notes the imaginary unit. The DFT extends the CFT to dis-
crete signals, where x[n] denotes uniformly sampled values
of x(t). The k-th component in the frequency domain is:

X[k] =

N−1∑
n=0

x[n]e−2πj kn
N , 0 ≤ k ≤ (N − 1), (2)

where N represents the length of the signal, which is the
number of sampling points of the input sequence x[n].

Applying DFT to Contextual Word
Representations
Given an input sequence x[n], an encoder-only Trans-
former (e.g., RoBERTa) produces final-layer token vectors
V = (v0, . . . , vN−1), where vt ∈ Rd. Fix a neuron i ∈
{0, . . . , d − 1} and consider its trajectory across tokens
s(i) = (v0[i], . . . , vN−1[i]) ∈ RN . Building on Eq. (2),
which treats the final-layer [CLS] vector as a length-d sig-
nal along the hidden dimension, we generalize to the token
axis: fixing neuron i, we apply the same DFT to its activa-
tions across tokens s(i). The spectral coefficients h(i)

k are:

h
(i)
k =

N−1∑
t=0

s
(i)
t e−2πikt/N , k = 0, . . . , N − 1. (3)

Here k = 0 is the lowest component (Direct Current com-
ponent). Low-, high-, or band-pass effects are obtained by
applying a spectral mask mk (e.g., zeroing selected h

(i)
k ).

Why Frequency Helps MGT Detection Generalize
Across Domains
A common property of modern NLP models is their abil-
ity to produce contextualized token representations by mod-
eling a sequence of tokens (e.g., characters or subword
units). We collect the frequency-domain features as H =

{hk}N−1
k=0 , where hk = [h

(0)
k , . . . , h

(d−1)
k ]⊤. To capture

global structural patterns, we keep components that com-
plete at most one full oscillation over the input. Conse-
quently, we define the low-frequency band as:

Hlow = {hk}dlow
k=0, dlow =

⌈
N

tnum

⌉
. (4)

where tnum is the number of tokens in the input text. Sim-
ilarly, to capture sentence-level features, we retain compo-
nents with at most one oscillation per sentence, based on the

sentence count snum:

Hmid = {hk}dmid
k=dlow+1, dmid =

⌈
N

snum
+ (N − dlow)

⌉
. (5)

After obtaining the mid frequency band Hmid, we divide the
remaining frequency features into high frequency band:

Hhigh = {hk}N−1
k=dmid+1. (6)

The inverse DFT (IDFT; Lee-Thorp et al. (2021)), which
transforms the input from the frequency domain Hf back to
the text feature space Hf , can be expressed as:

Hf = IDFT(Hf) (7)

Previous studies (Tamkin, Jurafsky, and Goodman 2020b)
have shown that the high-frequency components reflect
word-level features (e.g., perplexity, log-probability ), while
low-frequency components are associated with document-
level characteristics (e.g., topic, style). Correspondingly, re-
cent studies DetectGPT(Mitchell et al. 2023) and Binocu-
lars (Hans et al. 2024) demonstrate that the distinct writing
preference at the word-level plays a key role in MGT de-
tection. Therefore, we conduct two complementary valida-
tions 3: i) in the frequency domain, we examine whether
high-frequency components are particularly sensitive to
token-level changes; and ii) in the feature space , we as-
sess whether low-frequency components effectively capture
global structural features. These findings support the subse-
quent use of low-frequency filtering and frequency-domain
alignment to improve DG in MGT detection.
Analyzing the Correlation Between Frequency Compo-
nents and Feature Space. To validate whether different
frequency components effectively capture distinct linguis-
tic features, we apply three types of content-preserving
perturbations in the feature space, namely token perturba-
tions (word-level), sentence reordering (sentence-level), and
theme transformations (document-level). As shown in Ta-
ble 1, token-level perturbations tend to cause larger MAE4

values in the high-frequency components, while theme
transformations primarily increase the MAE in the low-
frequency components compared to other perturbations.
This indicates that high-frequency components are more
sensitive to token-level changes and predominantly encode
token-level features. Conversely, low-frequency components
are more sensitive to document-level perturbations, captur-
ing domain-specific information (e.g., topic, style).

Perturbation low-frequency mid- high-

Theme-Transformation 0.0072 0.0166 0.0349
Sentence-Reordering 0.0002 0.0744 0.0250

Token-Replacement 0.0041 0.0867 0.3225
Token-Delete 0.0034 0.2453 0.4122
Token-Repetition 0.0048 0.2703 0.5592

Table 1: MAE Shift in Frequency Bands.

3Our experimental data are identical to those used in Figure 1.
4Mean Absolute Error is a standard metric for measuring

signal-level differences, and a higher MAE reflects greater spec-
tral deviation between the perturbed and original inputs in the fre-
quency domain (Yi et al. 2023). The perturbation rate is 15%.
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Topic Coherence in Feature Space. To evaluate the coher-
ence between frequency components and global semantic
features, we project each frequency band back into the fea-
ture space via IDFT and compute its similarity to the original
document-level embedding using BERTScore5 . As shown
in Table 2, low-frequency components exhibit the highest
similarity, whereas high-frequency components score the
lowest, indicating that low-frequency features better pre-
serve global topical information.

Perturbation low-frequency mid- high-

BERTSore 0.8671 0.4062 0.1945

Table 2: Topic Coherence Compared to the Original Text.

Methodology
The workflow of the proposed MGT-Prism is shown in Fig-
ure 2, comprising two main components: a Low Frequency
Filtering Module (LFF), and a Spectrum Alignment Module
(SAM), to reduce the domain gap for intra-class samples.
LLF cuts out the low-frequency band to reduce domain-
sensitive but task-irrelevant features. SAM sets an optimiza-
tion objective to mitigate domain gap for data within the
same class.

Low Frequency Filtering Module
Previous studies (Tamkin, Jurafsky, and Goodman 2020b;
Sun et al. 2024) on frequency domain analysis in the field
of natural language processing and analysis about the dis-
crepancy between MGT and HWT (Chen et al. 2025; Liu
et al. 2024b) observe that the low-frequency band corre-
sponds with document-level features. We transform the text
input into a frequency domain representation (Lee-Thorp
et al. 2021; Yi et al. 2023) and decompose it into three fre-
quency bands (i.e., low, mid, and high), and propose a low-
frequency filtering module to suppress the common features
between MGT and HWT.

With the improvement of text generation capabilities of
LLMs, MGT hardly differs from HWT at the discourse level
(Chen et al. 2025; Liu et al. 2024a). In frequency domain
analysis, this phenomenon is reflected in the fact that low
frequency components are often smoother (Tamkin, Juraf-
sky, and Goodman 2020a). Furthermore, in the DG settings,
changes in style, generator, or theme are more likely to
cause the migration of text document-level features. There-
fore, we filter out low-frequency components Hlow while re-
taining mid and high frequency components to enhance the
classifier’s ability to distinguish between MGT and HWT
under DG. The final frequency domain features after low-
frequency filtering can be expressed as:

dmid =

⌈
N

snum
· τ + (N − dlow) · (1− τ)

⌉
, (8)

5BERTScore (Angelov and Inkpen 2024) is a widely used met-
ric for assessing the topic coherence of learned representations.
Higher scores indicate stronger global semantic coherence between
the reconstructed embeddings and the original embeddings.

Hmid = {hk}dmid
k=dlow+1, Hf = Hmid ⊕Hhigh, (9)

where τ ∈ [0, 1] is the scaling factor. By adjusting τ ,
the mid-frequency band will be affected by the number of
sentences and the remaining frequency bands, avoiding the
overflow problem caused by too few or too many sentences.
⊕ denote the concatenation operation. From the perspective
of natural text, Hf retains more fine-grained information of
words and sentences in the text input x.

Spectral Alignment Module
Frequency Spectrum Reconstruction. After removing the
low-frequency features that are easily affected by domain-
shift, we restore the remaining frequency-domain features
to the original features to reduce the detector’s excessive at-
tention to specific domain information during the training
process. Specifically, given a batch of training data D =
{xb, yb}B−1

b=0 with B text-label pairs. Through the previous
section, we can obtain the frequency domain features repre-
sentation {Hb

f }
B−1
b=0 = {Hb

mid⊕Hb
high}

B−1
b=0 of each input text

Tb. Subsequently, we compute the average modulus values
of the frequency-domain features within the mid- and high-
frequency intervals for the current batch D. These values are
then compared with the corresponding average modulus val-
ues of the entire training dataset to determine the weighting
factors αmid and αhigh for reconstructing the features in the
mid and high frequency bands.

µmid =
1

B

B−1∑
b=0

∣∣∣Hb
mid

∣∣∣ , µhigh =
1

B

B−1∑
n=0

∣∣∣Hb
high

∣∣∣ , (10)

αmid =
µ̄mid
µmid

, αhigh =
µ̄high

µhigh
, (11)

where |.| represents the modulus operation, µ̄mid and µ̄high
represent the average modulus values of the mid and high
frequency of the entire training set, respectively. Therefore,
the final frequency domain features can be expressed as:

Hb
f = αmidH

b
mid ⊕ αhighH

b
high, 0 ≤ b ≤ (B − 1). (12)

The natural text features after filtering and reconstruction
can be expressed as:

Hb
f = IDFT(Hb

f ), 0 ≤ b ≤ (B − 1), (13)

By low frequency filtering and reconstructing frequency do-
main features, we strip away the global information that is
less discriminative between MGT and HWT, thereby pro-
moting more effective learning of local features.
Frequency Spectrum Alignment. To further promote fea-
ture alignment among samples from the same class and en-
hance generalization to unseen domains, we introduce a fre-
quency domain feature alignment loss LMAE. Building on
the standard signal level dissimilarity metric, mean abso-
lute error (MAE) (Yi et al. 2023), LMAE reduces distribu-
tional differences by minimizing the average L1 distance
between samples from the same class in the frequency do-
main. Specifically, given a batch of training data D and cor-
responding frequency features {Hb

f }
B−1
b=0 , for any frequency

features Hb
f , let the set of remaining frequency features with
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Figure 2: Overview of MGT-Prism. In the Low Frequency Filtering Module (Sec. ), we transform features from feature space
into the frequency domain, where we analyze information distribution across multiple frequency bands (i.e., low-, mid-, and
high-frequency). Then, we propose a low-frequency filtering module to suppress redundant features shared between MGT and
HWT. In the Spectral Alignment stage (Sec. ), we compute the global frequency spectrum distribution and reconstruct the
frequency components accordingly. Furthermore, we design a frequency alignment loss to enhance DG.

the same label as Dpos, and the set of remaining frequency
features with different labels be denoted as Dneg. Then the
loss function LMAE can be defined as:

Lpos = EHb
f ∈DEHi

f ∈Dpos
(∥(|Hb

f | − |Hi
f |)∥1), (14)

Lneg = EHb
f ∈DEHi

f ∈Dneg
(max(0, (ξ−∥(|Hb

f |−|Hi
f |)∥1))), (15)

LMAE = Lpos + Lneg, (16)

where ∥ · ∥1 denotes the MAE computed over the modu-
lus values, ξ represents the maximum same class distance,
which is used to control the distance between samples with
different labels. Then, the total loss is computed by:

L = LCE + LMAE, (17)

where the cross-entropy classification loss LCE is computed
on natural text features Hb

f , describing in Eq. (13), and cor-
responding labels Yb.

Experiments
Experiment Settings
To evaluate DG in MGT detection, we conduct exten-
sive experiments on three open-source datasets, including
M4 (Wang et al. 2023b), DetectRL (Wu et al. 2024), and
MAGE (Li et al. 2024) dataset, under three experimental
settings: i) Cross-Domain, composed of the DetectRL and
MAGE datasets, and including MGTs from Opinion State-
ment (Opinion.S), Question Answering (Question.A), Story
generation (Story.G), and Scientific Writing (Scientific.W).
ii) Cross-Generator, composed of the M4 and MAGE
datasets, in which we obtain MGTs generated by Flan-T5
(Chung et al. 2024), ChatGPT (OpenAI 2025), GLM (Zeng
et al. 2022), and LLaMA (Touvron et al. 2023). iii) Cross-
Scale, based on the MAGE dataset, including MGTs gener-
ated by LLaMA2-13B, LLaMA2-30B, and LLaMA2-65B.

We randomly sample 1,000 training instances balanced
across datasets, domains, and categories. Training is per-
formed for 30 epochs using AdamW (ϵ = 2×10−5), with a
learning rate of 0.01 and a scaling factor τ of 0.6.

Competitors
We evaluate MGT-Prism against nine methods for MGT de-
tection, including metric-based and fine-tuned detectors.
Metric-based detectors. Log-probabilities from a genera-
tive LM are often used for classification with a predefined
threshold 6, including GLTR (Gehrmann, Strobelt, and Rush
2019), DetectGPT (Mitchell et al. 2023), Fast-DetectGPT
(Bao et al. 2024), Binoculars (Hans et al. 2024) 7.
Fine-tuned detectors. Supervised detectors trained on a
PLM, typically optimized with a classification loss, includ-
ing RoBERTa (Liu et al. 2019), Ghostbuster (Verma et al.
2023), RADAR (Hu, Chen, and Ho 2023), PECOLA (Liu
et al. 2024a), ImBD (Chen et al. 2025).

Performance Comparison
We report the experimental results in Table 3. We first
compare MGT-Prism with state-of-the-art metric-based and
model-based detectors. In the DG setting, compared to
the strongest baselines RoBERTa and Binoculars, MGT-
Prism achieves average improvements of 3.62% in accu-
racy and 4.75% in F1 score, demonstrating strong DG.
Broadly speaking, the mostly fine-tuned detectors outper-
form metric-based methods across all datasets because the
performance significantly drops when the scoring model dif-
fers from the target model (Mitchell et al. 2023). Moreover,

6We utilizing the GPT-Neo-2.7B (Black et al. 2021) to align
with Fast-DetectGPT (Bao et al. 2024) experiments.

7Under the original Falcon-7B and Falcon-7B-Instruct setting.
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Method Metric-based Model-based

Dataset Test data Metric GLTR DetectGPT Fast-Dete. Binoculars RoBERTa† RADAR Ghostbuster PECOLA† ImBD MGT-Prism†
C

ro
ss

–G
en

er
at

or FLAN-T5 Acc 67.10 60.30 74.70 63.46 86.801.90 65.824.06 79.554.16 86.301.80 71.552.06 89.621.67
F1 52.11 49.33 60.70 52.70 85.951.76 60.755.06 75.454.26 86.201.62 65.543.46 89.021.97

ChatGPT Acc 78.12 60.71 76.60 87.60 85.013.74 61.503.01 77.062.04 84.213.50 85.683.76 88.962.03
F1 62.01 68.70 69.70 87.63 84.651.76 69.955.15 72.655.07 84.252.01 79.553.26 89.221.67

GLM Acc 75.50 73.20 76.02 95.28 89.941.68 70.044.09 80.942.58 89.602.70 87.482.06 92.421.56
F1 60.10 62.43 69.62 95.36 86.952.06 62.903.09 74.654.13 84.222.01 89.043.76 92.821.67

LLaMA Acc 72.40 70.80 79.65 80.95 85.312.67 70.124.67 80.452.76 82.992.61 84.223.07 87.661.74
F1 60.17 62.33 61.60 83.15 80.853.66 67.953.05 79.654.01 84.201.92 85.342.06 87.201.77

C
ro

ss
–D

om
ai

n Opinion.S Acc 71.15 70.40 76.30 95.04 93.612.65 74.393.05 90.972.91 93.493.06 94.850.33 96.061.08
F1 65.60 60.70 72.70 95.20 92.241.93 60.042.56 91.271.83 91.142.20 92.582.06 96.901.53

Question.A Acc 72.90 72.20 76.90 93.60 93.921.15 72.521.95 92.824.06 94.122.95 93.230.92 96.531.45
F1 70.60 76.10 70.80 93.62 93.041.93 78.643.64 91.452.74 92.642.10 92.281.06 96.201.13

Scientific.W Acc 41.24 50.90 66.90 79.92 70.438.29 70.1810.79 62.739.19 68.909.17 80.265.10 79.887.22
F1 32.60 35.22 48.70 79.95 61.948.23 50.648.94 55.956.93 60.257.80 74.284.56 77.807.43

Story.G Acc 70.60 60.22 76.70 90.62 98.620.42 75.763.23 95.601.32 98.200.40 92.750.54 98.960.25
F1 65.25 67.06 70.90 90.90 98.041.63 70.843.06 94.652.63 97.092.00 93.082.76 98.901.03

C
ro

ss
–S

ca
le LLaMa-13b Acc 73.92 71.20 82.90 94.65 93.851.72 76.282.60 90.951.92 93.482.12 94.910.95 95.941.62

F1 70.60 75.02 78.98 93.70 92.741.50 70.603.14 92.501.93 92.142.01 92.782.06 95.911.70

LLaMa-30b Acc 77.90 73.20 80.62 93.65 93.281.20 77.491.25 94.442.10 94.441.19 92.261.71 94.671.20
F1 73.90 77.25 84.21 94.02 92.601.93 71.643.14 92.152.76 93.041.40 90.283.66 93.701.73

LLaMa-65b Acc 75.60 74.90 77.92 92.05 92.241.63 74.702.60 91.952.03 92.061.10 86.382.90 93.602.13
F1 70.70 72.12 78.09 91.40 92.101.43 70.143.20 92.052.13 91.141.70 83.483.96 93.921.73

Average Acc 70.58 67.09 76.83 87.82 89.36 71.70 85.04 88.89 87.59 92.21
F1 62.14 64.20 69.63 87.06 87.37 66.73 82.94 86.93 85.29 91.96

Table 3: Accruacy and F1 score (%) of MGT-Prism and baseline methods for MGT detection under the DG setting. The results
are average values of 10 runs with different random seeds. The subscript means the standard deviation (e.g., 93.921.73 means
93.92 ± 1.73). Metric-based methods’ results are deterministic, so we do not report standard deviation. Also, these metric-based
methods must have the white-box generator as the base model, which is different from the model-based methods. † denotes
using the RoBERTa-base (125M) as the backbone model. The best and second-best are bolded and underlined respectively.

the detection results in the cross-generator setting are gen-
erally lower than those in the cross-domain and cross-scale
settings, likely due to more severe domain shifts introduced
by different generators. It demonstrates that the different
generation paradigms across models lead to a larger domain
shift, degrading the model performance. In the cross-domain
setting, testing the model on the Scientific.W dataset leads
to consistent low accuracy below 81% because of the large
difference between general writing and the scitific writing
which uses more technical words (Liu et al. 2024a).

Ablation Study
We conduct ablation experiments to understand the con-
tribution of each component of MGT-Prism in the cross-
generator setting. The core components we examine are:
Low Frequency Filtering Module (LFF), Frequency Spec-
trum Reconstruction (FSR), and Frequency Spectrum Align-
ment (FSA). As shown in Table 4, we find that every block in
MGT-Prism contributes to the DG of MGT detector, shown
by the improvement over the RoBERTa baseline. Moreover,
the FSA module contributes to the detection performance
most, indicating the alignment of frequency-domain features
plays an important role in mitigating domain shift. In aver-
age, the combination of two components is always superior
to only incorporating one module into the training process,

Modules Cross-Generator
LFF FSR FSA Flan-T5 ChatGPT GLM LLaMa Avg.

– – – 85.95 84.65 86.95 80.85 84.60
✓ – – 87.84 85.61 88.61 84.92 86.75
– ✓ – 86.40 84.82 89.15 83.91 86.07
– – ✓ 88.05 85.27 89.01 85.28 86.90

✓ ✓ – 87.42 86.49 90.02 85.81 87.44
✓ – ✓ 88.04 88.05 89.99 85.71 87.94
– ✓ ✓ 87.21 86.85 89.25 86.93 87.56
✓ ✓ ✓ 89.02 89.23 92.82 87.20 89.57

Table 4: F1 score (%) for Ablation study on different mod-
ule combinations. ✓ means that we keep the corresponding
block and - means the block is removed.

indicating that different modules are complementary to each
other and collectively boost the DG of MGT detector. We
also discuss the effects of different scale factors and test
lengths in Appendix.

Discussion
Effect of Individual Frequency Components. Compared
to style and theme, which are coarse-grained and unstable
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across domains or generators, sentence structure and token-
level statistics provide more reliable signals for detection.
While many existing methods exploit such fine-grained cues
(e.g., LM probabilities and perturbations), our approach fur-
ther aligns multi-granular features with frequency bands. As
shown in Table 5, results reveal that using only the low-
frequency band leads to an average F1 score of 83.22%, rep-
resenting a 1.38% drop compared to the all-features model.
In contrast, isolating the mid- and high-frequency bands in-
dividually leads to performance gains of 1.01% and 1.47%,
respectively, compared to the all-features model.

Modules Cross-Generator
Low- Mid- High- Flan-T5 ChatGPT GLM LLaMa Avg.

✓ – – 85.01 83.64 85.29 79.96 83.22
– ✓ – 86.01 85.31 88.64 83.49 85.61
– – ✓ 87.65 85.07 89.49 83.08 86.07

✓ ✓ ✓ 85.95 84.65 86.95 80.85 84.60

Table 5: F1 score from Ablation on Individual Components.

Robustness under Perturbation. We test the robustness of
detectors under four attacks (i.e., Delete, Insert, Repeat, and
Generate) with a perturbation rate of 15%, following Wang
et al. (2024). As shown in Table 6, our method exhibits
a consistently smaller drop in F1 score than the baselines
RoBERTa and Binoculars. MGT-Prism achieves an average
improvement of 5.29% in F1 score. Specifically, under the
deletion and repetition perturbations, the averaged F1 score
of MGT-Prism decreases by only 5.10% and 5.23% in the
two scenarios (i.e., cross-generator and cross-domain), un-
derscoring its remarkable robustness. The complete evalua-
tion results for all attacks are provided in the Appendix.

Perturbation Delete Insert Repeat Generate Avg.

Binoculars

Cross-Generator 65.41 65.12 65.66 59.59 63.95
Cross-Domain 83.97 81.10 82.45 67.45 78.74
Cross-Scale 84.78 76.19 68.53 61.55 72.76

RoBERTa-base

Cross-Generator 75.065 59.91 81.285 60.03 69.07
Cross-Domain 85.35 74.81 81.40 72.90 78.61
Cross-Scale 83.15 73.22 68.16 65.06 72.39

MGT-Prism

Cross-Generator 79.61 67.99 84.58 67.40 74.90
Cross-Domain 89.32 77.12 85.12 77.67 82.30
Cross-Scale 85.74 76.53 73.95 69.51 76.43

Table 6: Performance on diverse perturbation attacks. Re-
sults are reported as the average F1 score (%) across three
domain generalization settings and four perturbation scenar-
ios. GPT-2 XL (1.5B) (Solaiman et al. 2019) is employed to
construct perturbations, including generating and inserting.

Applicability to Different Backbones. We evaluate the ef-
fectiveness of MGT-Prism with RoBERTa-large and BERT-

large and Qwen3-0.6B (Zhang et al. 2025) as the backbones
in both in-domain (IND) and DG settings. As shown in Ta-
ble 7, MGT-Prism always outperforms vanilla fine-tuning
with different backbones, in all settings. Specifically, MGT-
Prism improves over the vanilla fine-tuning by 1.16% and
2.11% in RoBERTa-large, and by an average of 1.53% on
Qwen3-0.6B. The results demonstrate that MGT-Prism is
applicable to different backbones with different scales. More
test results and feature distribution visualizations are pro-
vided in the Appendix.

In-domain (IND)

Model Method Generator Domain Scale Avg.

RoBERTa-base base 93.45 96.01 94.90 94.78
MGT-Prism 94.89 97.43 95.32 95.88

RoBERTa-large base 94.75 97.87 96.24 96.28
MGT-Prism 96.05 98.98 97.29 97.44

BERT-large base 88.21 94.49 92.23 91.64
MGT-Prism 90.01 95.24 92.94 92.73

QWen3-0.6B base 93.81 96.82 95.82 95.48
MGT-Prism 95.28 98.24 96.49 96.67

Domain Generalization (DG)

RoBERTa-large base 88.13 93.10 93.81 91.49
MGT-Prism 90.84 95.02 95.37 93.60

BERT-large base 81.4 82.68 89.88 84.17
MGT-Prism 84.18 88.71 92.97 88.22

QWen3-0.6B base 86.17 89.08 93.86 89.32
MGT-Prism 87.47 92.04 95.03 91.19

Table 7: F1 score (%) Comparison with Different Back-
bones. For the DG setting, the reported results are averaged
across all test subsets. For the IND setting, all subcategories
are merged for training and testing. The best and second-best
are bolded and underlined respectively.

Conclusion
In this work, we focus on enhancing the DG ability of
MGT detectors with concentration on mitigating domain
shift brought by data sources. We transfer the text represen-
tation to frequency domain using DFT and find that the spec-
tra of text features mitigate the domain shift among intra-
class samples. Based on the decomposability of frequency
domain, we design a low-frequency spectrum filtering mod-
ule to remove the low-frequency feature which is more af-
fected by the domain shift. Moreover, we align the spec-
tra of intra-class samples from different domains with fre-
quency spectrum alignment module to mitigate the domain
shift, therefore enabling the model to learn task-specific and
domain-invarient features from frequency domain. Exper-
imental results show that our method outperforms SOTA
metric-based and model-based baselines. We hope that our
work can inspire future research in AI-generated content de-
tection in other modalities, and serve as a foundation for de-
veloping a unified detecting approach. The code and datasets
are released at https://github.com/lsc-1/MGT-Prism.
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