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Abstract

This research addresses the challenge of developing a uni-
versal deepfake detector that can effectively identify un-
seen deepfake images despite limited training data. Exist-
ing frequency-based paradigms have relied on frequency-
level artifacts introduced during the up-sampling in GAN
pipelines to detect forgeries. However, the rapid advance-
ments in synthesis technology have led to specific artifacts
for each generation model. Consequently, these detectors
have exhibited a lack of proficiency in learning the fre-
quency domain and tend to overfit to the artifacts present
in the training data, leading to suboptimal performance on
unseen sources. To address this issue, we introduce a novel
frequency-aware approach called FreqNet, centered around
frequency domain learning, specifically designed to enhance
the generalizability of deepfake detectors. Our method forces
the detector to continuously focus on high-frequency infor-
mation, exploiting high-frequency representation of features
across spatial and channel dimensions. Additionally, we in-
corporate a straightforward frequency domain learning mod-
ule to learn source-agnostic features. It involves convolu-
tional layers applied to both the phase spectrum and am-
plitude spectrum between the Fast Fourier Transform (FFT)
and Inverse Fast Fourier Transform (iFFT). Extensive experi-
mentation involving 17 GANs demonstrates the effectiveness
of our proposed method, showcasing state-of-the-art perfor-
mance (+9.8%) while requiring fewer parameters. The code
is available at https://github.com/chuangchuangtan/FreqNet-
DeepfakeDetection.

Introduction
The proliferation of Generative Adversarial Networks
(GANs) (Goodfellow et al. 2014; Karras et al. 2018, 2019)
has significantly simplified the generation of lifelike syn-
thetic images, resulting in an alarming surge in the preva-
lence of forgeries that are virtually indistinguishable from
authentic images to the human visual system. This escalating
trend poses potential, unpredictable societal repercussions.
In response, a multitude of deepfake detection mechanisms
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Figure 1: Frequency space learning network. (a) The
traditional studies are usually limited to developing
frequency-level artifacts. (b) Distinguishing itself from prior
frequency-based research, our approach shifts its focus to
the frequency-related attributes of the features within the de-
tector.

have been conceived (Frank et al. 2020; Li et al. 2021),
with specific emphasis on detecting facial forgeries. How-
ever, the majority of existing forgery detection techniques
suffer from a fundamental limitation: they are constrained
to the same domain during both their training and evalua-
tion phases. This limitation severely hampers their ability to
generalize effectively to unseen domains, such as those in-
volving unfamiliar generation models or novel categories.

The pursuit of Generalizable Deepfake Detection strives
to create a universal detector capable of effectively identify-
ing deepfake images even when faced with limited training
data, a necessity given the continual emergence of increas-
ingly sophisticated synthesis technologies. Recently, prior
investigations (Frank et al. 2020; Durall et al. 2020) have
substantiated the efficacy of frequency artifacts in the realm
of deepfake detection, notably in the context of facial de-
tection (Qian et al. 2020; Luo et al. 2021). The findings
of (Frank et al. 2020; Durall et al. 2020) have unveiled the
presence of significant artifacts within the frequency domain
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stemming from the upsampling operations within GAN ar-
chitectures. Consequently, this revelation has spurred the de-
velopment of numerous frequency-based methods aimed at
detecting images with pronounced frequency-related char-
acteristics.

Nonetheless, owing to the extraordinary advancements
in synthesis technology, an increasing array of distinctive
frequency-level artifact representations have emerged. In
Figure 2, we present the mean Fast Fourier Transform (FFT)
(Cooley et al. 1969) spectrum of images sampled from var-
ious sources. This mean spectrum computation involves av-
eraging over 2,000 images, following the methodology de-
tailed in (Frank et al. 2020). Notably, the results exhibit dis-
cernible differences in artifact characteristics across differ-
ent GANs, further accentuated by variations within the same
GAN architecture when training on dissimilar datasets. The
frequency attributes of images indeed possess the capacity
to unveil distinctions between real and generated images.
However, they exhibit limitations in terms of generalization
across a diverse range of sources.

To surmount this challenge, the primary approach entails
the development of a robust classifier specifically designed
for frequency representations. (Jeong et al. 2022c), in ad-
dressing this issue, chooses to disregard frequency-level ar-
tifacts in images by devising a frequency-level perturbation
generator. However, this solution introduces complexity and
incurs considerable computational expenses. In the realm of
deepfake detection, it is imperative to factor in the notion
of the detector learning within the frequency domain. We
deliberately refrain from directly utilizing the frequency in-
formation as the artifact representation to train a CNN clas-
sifier. Instead, we strategically compel the detector to ac-
quire its understanding within the frequency space. This nu-
anced strategy holds the key to achieving a more generaliz-
able deepfake detection framework.

Drawing upon intuitive insights, we introduce a novel and
lightweight approach named FreqNet, which integrates fre-
quency domain learning into a lightweight CNN classifier,
aimed at enhancing the generalization capabilities of the
detector. Diverging from existing frequency-based studies
that predominantly focus on the frequency domain of im-
ages, the principal innovation of our FreqNet method re-
sides in the simultaneous development of both frequency-
domain information derived from images and the features
extracted by CNN model. Specifically, our approach intro-
duces two critical modules: the high-frequency represen-
tation and the frequency convolutional layer, each meticu-
lously designed to facilitate frequency space learning. The
first module serves to compel the detector to consistently
prioritize high-frequency information, augmenting its sensi-
tivity to significant details. Additionally, to capture broader
forgery indicators within the frequency domain, we incor-
porate a frequency convolutional layer, which effectively di-
minishes the reliance on source-specific characteristics. By
virtue of this frequency domain-based learning strategy, our
proposed FreqNet remarkably extends its generalizability to
previously unseen sources with few parameters.

To comprehensively assess the extent of its generalization
capabilities, we conduct extensive simulations using an ex-

 Apple CycleGAN-Apple

Lsun-Bedroom StyleGAN-Bedroom BigGANImageNet Dataset

Zebra Dataset CycleGAN-Zebra

Figure 2: Frequency analysis on various sources. This mean
FFT spectrum computation involves averaging over 2,000
images, following the methodology detailed in (Frank et al.
2020).

tensive image database generated by 17 distinct models 1.
Despite its modest scale, FreqNet, boasting 1.9 million pa-
rameters, significantly outperforms the current state-of-the-
art model boasting 304 million parameters, demonstrating a
remarkable improvement of 9.8%.

Our paper makes the following contributions:
• We present a novel frequency space learning network,

FreqNet, to achieve generalizable deepfake detection.
Our approach strategically incorporates frequency do-
main learning within a CNN classifier, resulting in a sig-
nificant enhancement of the detector’s ability to general-
ize across diverse scenarios.

• We utilize convolutional layers on both the phase spec-
trum and the amplitude spectrum as a deliberate strat-
egy to capture broader forgery indicators within the fre-
quency domain. This allows us to enhance the detector’s
capability to identify a broader range of artifacts.

• The proposed lightweight FreqNet, consisting of a mere
1.9 million parameters, impressively outperforms the
current state-of-the-art model featuring 304 million pa-
rameters, attributed mainly to its utilization of frequency
domain learning.

Related Work
In this section, we present a concise survey of deepfake de-
tection methodologies, categorizing them into two primary
classes: image-based detection and frequency-based detec-
tion.

Image-based Deepfake Detection
There has been a significant effort in the field of forgery
detection, with many studies focusing on leveraging spa-
tial information from images. Rossler et al.(Rossler et al.
2019) utilize images to train the Xception (Chollet 2017) to
achieve fake face image detection. Other image-based de-
tection methods have developed specific artifact detection in

1ProGAN, StyleGAN, StyleGAN2, BigGAN, CycleGAN, Star-
GAN, GauGAN, Deepfake, AttGAN, BEGAN, CramerGAN, Info-
MaxGAN, MMDGAN, RelGAN, S3GAN, SNGAN, STGAN
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distinct facial regions, such as eyes(Li et al. 2018) and lips
(Haliassos et al. 2021). Chai et al.(Chai et al. 2020) adopt
limited receptive fields to identify patches that render im-
ages detectable, highlighting the importance of specific local
features. With the emergence of deepfake technology, efforts
are being made to enhance the generalization ability of de-
tectors, particularly for unseen data. Yu et al.(Yu et al. 2020)
introduce artifacts from the camera imaging process. Fur-
thermore, various methods (Wang et al. 2020, 2021; Chen
et al. 2022; Cao et al. 2022; He et al. 2021; Shiohara et al.
2022) aim to enrich the diversity of training data, employing
techniques such as data augmentation, adversarial training,
reconstruction, and blending images. CDDB (Li et al. 2023)
adopts incremental learning to achieve continual deepfake
detection. Notably, recent works by Ojha et al.(Ojha et al.
2023) and Tan et al.(Tan et al. 2023) employ the feature map
and gradients as the general representation, respectively.

Frequency-based Deepfake Detection
The research by (Frank et al. 2020; Durall et al. 2020),
which highlights the effectiveness of frequency artifacts in
the domain of deepfake detection, has significantly influ-
enced subsequent studies. These findings have led many im-
age forgery detectors to shift their attention toward capturing
unique patterns within the frequency domain. The work by
Masi et al. (Masi et al. 2020) stands out as it meticulously
investigates artifacts present in both the color space and the
frequency domains, while F 3-Net (Qian et al. 2020) sug-
gests using the discrepancy of frequency statistics between
real and forged images as a means to differentiate face im-
age manipulations. An adaptive frequency features learning
is designed by FDFL (Li et al. 2021) to mine subtle arti-
facts from the frequency domain, enabling the detection of
forged images. Moreover, ADD (Woo et al. 2022) incor-
porates two meticulously designed distillation modules to
emphasize the significance of frequency information, incor-
porating frequency attention distillation and multi-view at-
tention distillation. Recently, frequency-based studies have
been proposed for generalized detection. BiHPF (Jeong et al.
2022a) emphasizes amplifying artifact magnitudes through
the utilization of dual high-pass filters. The FreGAN model,
introduced by (Jeong et al. 2022c) ingeniously mitigates the
impact of frequency-level artifacts through the deployment
of frequency-level perturbation maps. (Wang et al. 2023)
introduces dynamic graph learning to exploit the relation-
aware features in spatial and frequency domains.

Methodology
In this section, we present our FreqNet technique, a univer-
sal deepfake detection method for generalizable deepfake
detection. We illustrate the overall architecture of FreqNet
in Figure 3, leveraging frequency domain learning to miti-
gate source-specific dependencies.

Problem Definition
Our primary focus lies within the realm of Generalizable
Deepfake Detection. Our objective is to construct a universal
detector capable of accurately identifying deepfake images

even when confronted with constrained training sources. In
this context, let us consider a real-world image scenario de-
noted as X sampled from n different sources:

X = {X1, X2, ..., Xi, ..., Xn},
Xi = {xi

j , yj}
Ni
j=1,

(1)

where Ni represents the number of images originating from
the ith source Xi, xi

j is the jth image of Xi. Each image is
labeled with y, indicating whether it belongs to the category
of ”real”(y = 0) or ”fake” (y = 1). Here we train a binary
classifier D(·), utilizing the training source Xi:

Di = argmin
θ

l(D(Xi; θ), y), (2)

where l() denote the loss function. Our overarching goal is to
design a detector that is trained on the data originating from
Xi, but demonstrates strong performance when confronted
with images coming from previously unseen sources, de-
noted as Xt. This generalizability across unseen sources is a
crucial objective of our detector.

Overall Architecture
With the primary objective of bolstering generalizability to
unseen sources, we have devised a frequency domain learn-
ing network to effectively enhance deepfake detection capa-
bilities. The comprehensive architecture of the FreqNet ap-
proach is depicted in Figure 3. Within our methodology, we
introduce practical and compact frequency learning plugin
modules designed to compel the CNN classifier to operate
within the frequency domain. These modules include the
high-frequency representation and the frequency convolu-
tional layer. The modular nature of these components allows
seamless integration into the CNN classifier. This architec-
tural innovation has culminated in the creation of a novel and
lightweight detector, FreqNet, incorporating the frequency
learning plugins alongside a limited number of CNN layers.

High-Frequency Representation of Images High-
frequency artifacts have been recognized as valuable
indicators for distinguishing between real and fake images
(Qian et al. 2020; Luo et al. 2021). Consequently, we lever-
age this valuable insight by adopting the high-frequency
components of images as the input for the detector in our
approach. In the case of each training image denoted as
x ∈ RW×H×3, our initial step involves converting it into the
frequency domain using the Fast Fourier Transform (FFT).
Subsequently, we proceed to extract the high-frequency
components, represented as fh, through the application of a
high-pass filter denoted as Bh:

fh = Bh(F(x)), (3)

where F denotes FFT, fh ∈ RW×H×3 denotes the fre-
quency repersentation of images. The zero-frequency is
shifted to the center. The high-pass filter Bh(·) can be de-
fined by:

Bh(fi,j) =

{
fi,j , otherwise,

0, if |i| < W/4, |j| < H/4
(4)
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Figure 3: Architecture of FreqNet for generalizable deepfake detection. To augment the capacity for generalization, our FreqNet
focuses on the enhancement of frequency spectrum information, prioritizing frequency domain learning within the classifier,
consisting of (a) High-Frequency Representation of Image(HFRI), (b) High-Frequency Representation of Feature(HFRF), and
(c) Frequency Conv Layer(FCL).

where the center of the image is adopted as the origin.
Following the extraction of high-frequency components,

we proceed to transform this frequency information back to
image space:

xh = IF(fh), (5)

where the IF denotes inverse Fast Fourier Transform
(iFFT). The result of this transformation, denoted as xh,
represents the high-frequency components within the image
space. This process ensures that our focus remains on the
pertinent high-frequency information.

High-Frequency Representation of Feature Indeed, the
varying GAN architectures incorporate distinct frequency
patterns, which can potentially lead the detector to overfit to
the specifics of the training source. To mitigate this issue and
enhance the detector’s generalization capacity, we adopt a
strategy that involves compelling the detector to consistently
prioritize and focus on high-frequency information within
the feature space. By emphasizing the importance of high-
frequency cues in the feature space, we effectively counter-
act the overfitting tendencies, promoting a more robust and
adaptable deepfake detection capability.

Specifically, for output of the kth convolutional layer de-
noted as Mk ∈ RH×W×C , we transform it to frequency
space across spatial (W,H) and the channel dimension C
using the Fast Fourier Transform (FFT), respectively. The
zero frequency component is moved to the center. Subse-
quently, we apply a high-pass filter Bh to extract the high-
frequency information from this transformed representation.
Finally, we reverse this frequency transformation, convert-
ing the extracted high-frequency information back to the fea-

ture space:

Mk
h (dim)=

{
IFW,H(Bh(FW,H(Mk))),dim=W,H

IFC(Bh(FC(M
k))),dim=C

(6)
where Mk

h (W,H), Mk
h (C) represent the high-frequency

components of feature maps Mk acorss spatial (W,H) and
channel C dimension in feature space, respectively. We im-
plement two distinct high-frequency component extractors,
each targeting different CNN layers within our method. This
strategic differentiation allows us to leverage the unique in-
formation present at different stages of the network, enhanc-
ing the overall sensitivity to high-frequency cues.

Frequency Convolutional Layer Many existing
frequency-based approaches follow a paradigm of ex-
tracting frequency information from images and employing
it to train a CNN classifier. However, this approach often
results in the detector overfitting to the specifics of the
training source, leading to suboptimal performance when
faced with previously unseen sources. In contrast, our
approach not only employs the frequency information as
the artifact representation. We also introduce frequency
space learning as a strategy to significantly enhance the
generalization ability of the detector.

Specifically, within our approach, the feature maps from
the CNN layers are initially transformed from the feature
space to the frequency domain. Following this transforma-
tion, we apply convolutional layers on both the phase spec-
trum and the amplitude spectrum, thereby enabling the de-
tector to learn within the frequency space. Subsequently, the
learned spectrum information is transformed back to the fea-
ture space using the inverse Fast Fourier Transform. This
comprehensive process effectively emphasizes the represen-

The Thirty-Eighth AAAI Conference on Artificial Intelligence (AAAI-24)

5055



tation ability of the detector within the frequency domain,
enhancing its sensitivity to critical features present in this
space.

Let’s consider the given feature maps Mk ∈ RW×H×C

from kth CNN layer. The learning process within the fre-
quency space can be formally defined as follows:

f = fam + fphi = FW,H(Mk)

f̃am = Lconv(fam)

f̃ph = Lconv(fph)

M̃k = IFW,H(f̃am + f̃phi)

(7)

where FW,H , IFW,H denote FFT and iFFT, fam, fph are
amplitude spectrum and phase spectrum of feature maps
Mk, and Lconv denotes a CNN layer, f̃am, f̃ph are the
learned amplitude spectrum and phase spectrum of feature
maps Mk. Subsequently, The feature map M̃k learned in
spectrum space can be calculated by iFFT.

As a result, the comprehensive training procedure for Fre-
qNet can be formally defined as:

Dfreq = argmin
θ

l(Dfreq(xh; θ), y), (8)

where l() denotes the standard cross entropy loss, and Dfreq

is our frequency sapce learning network. Our FreqNet har-
nesses spectrum learning to accomplish domain-invariant
deepfake detection. Within our approach, we have meticu-
lously designed two key modules: the high-frequency repre-
sentation module and the frequency convolutional layer. Im-
portantly, this work places emphasis on training our detec-
tor using a constrained amount of training data, followed by
comprehensive evaluations in the challenging wild scenes,
encompassing a diverse set of 17 GAN models.

Experiments
In this section, we provide a comprehensive evaluation of the
FreqNet. We cover various aspects, including datasets, im-
plementation details, detection performance, and more de-
tails to be described. Further elaborations on each of these
aspects will be presented to offer a comprehensive under-
standing of the capabilities and effectiveness of FreqNet.

Datasets
Training set. To ensure a consistent basis for compari-
son, we employ the training set of ForenSynths (Wang et al.
2020) to train the detectors, aligning with baselines (Wang
et al. 2020; Jeong et al. 2022a,c). The training set consists
of 20 distinct categories, each comprising 18,000 synthetic
images generated using ProGAN, alongside an equal num-
ber of real images sourced from the LSUN dataset. In line
with previous research (Jeong et al. 2022a,c), we adopt spe-
cific 1-class, 2-class, and 4-class training settings, denoted as
(horse), (chair, horse), (car, cat, chair, horse), respectively.

Real-world Scene Test set. To assess the generalization
ability of the proposed method on the real-world scene, we
adopt various images and diverse GAN models. Firstly, we
employ the test set of ForenSynths for evaluation. It includes

(b) StyleGAN(a) ProGAN (c) CelabA-HQ

Figure 4: The visualization of Class Activate Map (CAM)
(Zhou et al. 2016) extracted from detector on face images.

fake images generated by 8 generation model 2. The real im-
ages are sampled from 6 datasets 3. Additionally, to replicate
the unpredictability of wild scenes, we extend our evalua-
tion by collecting images generated by 9 additional GANs 4.
There are 36K test images, with equal numbers of real and
fake images. Simultaneously, we curate a dedicated face test
set comprising 20,000 real images sourced from Celeba-HQ
(Karras et al. 2018), and 60,000 fake face images from Pro-
GAN (Karras et al. 2018), StyleGAN (Karras et al. 2019),
and StyleGAN2 (Karras et al. 2020).

Implementation Details
We design a lightweight CNN classifier, employing residual
convolutional blocks without pretraining. During the train-
ing process, we utilize the Adam optimizer (Kingma et al.
2015) with an initial learning rate of 2 × 10−2. The batch
size is set at 32, and we train the model for 100 epochs. A
learning rate decay strategy is employed, reducing the learn-
ing rate by twenty percent after every ten epochs. Consistent
with established baselines (Jeong et al. 2022a,c), we utilize
the average precision score (A.P.) and accuracy (Acc.) as
the primary evaluation metrics to gauge the effectiveness of
our proposed method. These metrics provide a comprehen-
sive assessment of the performance of our approach against
the baselines. We employ the PyTorch framework (Paszke
et al. 2019) for the implementation of our method, utiliz-
ing the computational power of the Nvidia GeForce RTX
3090 GPU. For the critical task of Fast Fourier Transform
(FFT), we leverage the torch.fft.fftn function within the
PyTorch library.

2ProGAN (Karras et al. 2018), StyleGAN (Karras et al. 2019),
StyleGAN2 (Karras et al. 2020), BigGAN (Brock et al. 2018), Cy-
cleGAN (Zhu et al. 2017), StarGAN (Choi et al. 2018), GauGAN
(Park et al. 2019) and Deepfake (Rossler et al. 2019)

3LSUN (Yu et al. 2015), ImageNet (Russakovsky et al. 2015),
CelebA (Liu et al. 2015), CelebA-HQ (Karras et al. 2018), COCO
(Lin et al. 2014), and FaceForensics++ (Rossler et al. 2019)

4AttGAN(He et al. 2019), BEGAN(Berthelot et al. 2017),
CramerGAN(Bellemare et al. 2017), InfoMaxGAN(Lee et al.
2021), MMDGAN(Li et al. 2017), RelGAN(Nie et al. 2019),
S3GAN(Lučić et al. 2019), SNGAN(Miyato et al. 2018), and
STGAN(Liu et al. 2019)
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Methods
Settings Test Models

Input #n ProGAN StyleGAN StyleGAN2 BigGAN CycleGAN StarGAN GauGAN Deepfake Mean
Acc. A.P. Acc. A.P. Acc. A.P. Acc. A.P. Acc. A.P. Acc. A.P. Acc. A.P. Acc. A.P. Acc. A.P.

Wang(2020) Img 1 50.4 63.8 50.4 79.3 68.2 94.7 50.2 61.3 50.0 52.9 50.0 48.2 50.3 67.6 50.1 51.5 52.5 64.9
Frank(2020) Freq 1 78.9 77.9 69.4 64.8 67.4 64.0 62.3 58.6 67.4 65.4 60.5 59.5 67.5 69.1 52.4 47.3 65.7 63.3
Durall(2020) Freq 1 85.1 79.5 59.2 55.2 70.4 63.8 57.0 53.9 66.7 61.4 99.8 99.6 58.7 54.8 53.0 51.9 68.7 65.0
F3Net(2020) Freq 1 96.9 99.9 86.3 99.8 80.5 99.8 66.6 72.2 76.7 84.0 99.1 100.0 59.1 60.6 61.2 82.3 78.3 87.3
BiHPF(2022a) Freq 1 82.5 81.4 68.0 62.8 68.8 63.6 67.0 62.5 75.5 74.2 90.1 90.1 73.6 92.1 51.6 49.9 72.1 72.1
FrePGAN(2022c) Img 1 95.5 99.4 80.6 90.6 77.4 93.0 63.5 60.5 59.4 59.9 99.6 100.0 53.0 49.1 70.4 81.5 74.9 79.3
LGrad (2023) Grad 1 99.4 99.9 96.0 99.6 93.8 99.4 79.5 88.9 84.7 94.4 99.5 100.0 70.9 81.8 66.7 77.9 86.3 92.7
Ojha (2023) Fea 1 99.1 100.0 77.2 95.9 69.8 95.8 94.5 99.0 97.1 99.9 98.0 100.0 95.7 100.0 82.4 91.7 89.2 97.8
FreqNet Freq 1 98.0 99.9 92.0 98.7 89.5 97.9 85.5 93.1 96.1 99.1 94.2 98.4 91.8 99.6 69.8 94.4 89.6 97.6
Wang(2020) Img 2 64.6 92.7 52.8 82.8 75.7 96.6 51.6 70.5 58.6 81.5 51.2 74.3 53.6 86.6 50.6 51.5 57.3 79.6
Frank(2020) Freq 2 85.7 81.3 73.1 68.5 75.0 70.9 76.9 70.8 86.5 80.8 85.0 77.0 67.3 65.3 50.1 55.3 75.0 71.2
Durall(2020) Freq 2 79.0 73.9 63.6 58.8 67.3 62.1 69.5 62.9 65.4 60.8 99.4 99.4 67.0 63.0 50.5 50.2 70.2 66.4
F3Net(2020) Freq 2 97.9 100.0 84.5 99.5 82.2 99.8 65.5 73.4 81.2 89.7 100.0 100.0 57.0 59.2 59.9 83.0 78.5 88.1
BiHPF(2022a) Freq 2 87.4 87.4 71.6 74.1 77.0 81.1 82.6 80.6 86.0 86.6 93.8 80.8 75.3 88.2 53.7 54.0 78.4 79.1
FrePGAN(2022c) Img 2 99.0 99.9 80.8 92.0 72.2 94.0 66.0 61.8 69.1 70.3 98.5 100.0 53.1 51.0 62.2 80.6 75.1 81.2
LGrad (2023) Grad 2 99.8 100.0 94.8 99.7 92.4 99.6 82.5 92.4 85.9 94.7 99.7 99.9 73.7 83.2 60.6 67.8 86.2 92.2
Ojha (2023) Fea 2 99.7 100.0 78.8 97.4 75.4 96.7 91.2 99.0 91.9 99.8 96.3 99.9 91.9 100.0 80.0 89.4 88.1 97.8
FreqNet Freq 2 99.6 100.0 90.4 98.9 85.8 98.1 89.0 96.0 96.7 99.8 97.5 100.0 88.0 98.8 80.7 92.0 91.0 97.9
Wang(2020) Img 4 91.4 99.4 63.8 91.4 76.4 97.5 52.9 73.3 72.7 88.6 63.8 90.8 63.9 92.2 51.7 62.3 67.1 86.9
High-Freq Freq 4 98.9 100.0 74.4 98.3 68.8 97.3 75.2 92.1 71.0 87.9 92.7 100.0 75.5 86.5 57.0 74.9 76.7 92.1
Frank(2020) Freq 4 90.3 85.2 74.5 72.0 73.1 71.4 88.7 86.0 75.5 71.2 99.5 99.5 69.2 77.4 60.7 49.1 78.9 76.5
Durall(2020) Freq 4 81.1 74.4 54.4 52.6 66.8 62.0 60.1 56.3 69.0 64.0 98.1 98.1 61.9 57.4 50.2 50.0 67.7 64.4
F3Net(2020) Freq 4 99.4 100.0 92.6 99.7 88.0 99.8 65.3 69.9 76.4 84.3 100.0 100.0 58.1 56.7 63.5 78.8 80.4 86.2
BiHPF(2022a) Freq 4 90.7 86.2 76.9 75.1 76.2 74.7 84.9 81.7 81.9 78.9 94.4 94.4 69.5 78.1 54.4 54.6 78.6 77.9
FrePGAN(2022c) Img 4 99.0 99.9 80.7 89.6 84.1 98.6 69.2 71.1 71.1 74.4 99.9 100.0 60.3 71.7 70.9 91.9 79.4 87.2
LGrad (2023) Grad 4 99.9 100.0 94.8 99.9 96.0 99.9 82.9 90.7 85.3 94.0 99.6 100.0 72.4 79.3 58.0 67.9 86.1 91.5
Ojha (2023) Fea 4 99.7 100.0 89.0 98.7 83.9 98.4 90.5 99.1 87.9 99.8 91.4 100.0 89.9 100.0 80.2 90.2 89.1 98.3
FreqNet Freq 4 99.6 100.0 90.2 99.7 88.0 99.5 90.5 96.0 95.8 99.6 85.7 99.8 93.4 98.6 88.9 94.4 91.5 98.5

Table 1: Cross-model performance on the test set of ForenSynths(Wang et al. 2020). Bold and underline represent the best and
second-best performance, respectively.

Method AttGAN BEGAN CramerGAN InfoMaxGAN MMDGAN RelGAN S3GAN SNGAN STGAN Mean
Acc. A.P. Acc. A.P. Acc. A.P. Acc. A.P. Acc. A.P. Acc. A.P. Acc. A.P. Acc. A.P. Acc. A.P. Acc. A.P.

Wang(2020) 51.1 83.7 50.2 44.9 81.5 97.5 71.1 94.7 72.9 94.4 53.3 82.1 55.2 66.1 62.7 90.4 63.0 92.7 62.3 82.9
F3Net(2020) 85.2 94.8 87.1 97.5 89.5 99.8 67.1 83.1 73.7 99.6 98.8 100.0 65.4 70.0 51.6 93.6 60.3 99.9 75.4 93.1
LGrad (2023) 68.6 93.8 69.9 89.2 50.3 54.0 71.1 82.0 57.5 67.3 89.1 99.1 78.5 86.0 78.0 87.4 54.8 68.0 68.6 80.8
Ojha (2023) 78.5 98.3 72.0 98.9 77.6 99.8 77.6 98.9 77.6 99.7 78.2 98.7 85.2 98.1 77.6 98.7 74.2 97.8 77.6 98.8
FreqNet 89.8 98.8 98.8 100.0 95.2 98.2 94.5 97.3 95.2 98.2 100.0 100.0 88.3 94.3 85.4 90.5 98.8 100.0 94.0 97.5

Table 2: Cross-model performance on the self-synthesis dataset.

Methods Parameters ↓ mAcc. ↑ of 17 models
F3Net(2020) 48.9 M 77.8
LGrad(2023) 46.6 M 76.8
Ojha(2023) 304.0 M 83.0
FreqNet 1.9 M 92.8(+9.8)

Table 3: Comparison of Parameters.

Deepfake Performance on Real-world Scene
In order to demonstrate the remarkable generalization abil-
ity of our FreqNet on unseen sources, we carry out evalua-

tions on a real-world scene dataset. This dataset comprises
images sourced from a total of 17 different generation mod-
els, encompassing 8 models from the ForenSynths test set
and an additional 9 models from our own self-synthesis pro-
cess. This evaluation setup introduces increased complexity
compared to the previous experiments, as the testing sets en-
compass a diverse range of GANs. This challenging scenario
effectively simulates an open-world scene, making it a rig-
orous test of our approach’s adaptability and robustness in
real-world, unpredictable settings.

We compare with the previous methods: BiHPF (Jeong
et al. 2022a), FreGAN (Jeong et al. 2022c), LGrad (Tan et al.
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2023), Ojha (Ojha et al. 2023). To ensure fair and meaning-
ful comparisons, we adopt the same experimental setting as
the established baselines (Jeong et al. 2022a,c). Specifically,
the 1-class, 2-class and 4-class settings refer to training with
the (horse), (chair, horse), (car, cat, chair, horse) categories
of ProGAN, respectively.

The results of the ForenSynths dataset are presented in
Table 1. The proposed FreqNet surpasses its counterparts in
terms of mean Acc. metric and mean A.P. metrics, except
for the value of A.P. on the 1-class setting. Notably, with
the 4-class setting, FreqNet achieves a mean Acc. value of
91.5%, demonstrating its strong performance. In compari-
son to the current state-of-the-art methods LGrad and Ojha,
our FreqNet exhibits substantial improvements, surpassing
these methods by 5.4% and 2.4% in mean Acc., using fewer
parameters. In the 1- and 2-class settings, our FreqNet also
achieves gains of 2.9% and 0.4% compared to Ojha. Fur-
thermore, compared to FingerprintNet(Jeong et al. 2022b)
tested on six unseen models, our FreqNet achieves a marked
improvement in mean accuracy, rising from 82.6% to 90.6%
and exhibiting a significant gain of 8.0%. Additionally, we
provide results on 9 models from self-synthesis in Table
2. We adopt the 4-class setting detector to perform testing.
Compared to Ojha, our FreqNet achieves a marked improve-
ment in mean accuracy, soaring from 77.6% to an impressive
94.0%, resulting in a significant gain of 16.4%. When test-
ing on face images, the proposed FreqNet achieves accuracy
rates of 98.7%, 99.0%, and 99.5% on the ProGAN, Style-
GAN, and StyleGAN2 datasets, respectively.

Furthermore, we provide a comprehensive overview of
the number of parameters and the mean accuracy across
all real-world scenes in Table 3. It is evident that our Fre-
qNet, with a modest parameter count of 1.9 million, signif-
icantly outperforms the current state-of-the-art model Ojha
(Ojha et al. 2023), which boasts an extensive 304 million
parameters. This substantial difference in parameter count
translates into a notable performance gain, with our FreqNet
achieving a remarkable improvement of 9.8% in mean accu-
racy compared to the larger model. This result underscores
the efficiency and effectiveness of our FreqNet approach,
demonstrating that superior performance can be achieved
with significantly fewer parameters, a crucial advantage in
real-world applications.

Compared to other frequency-based methods, such as
BiHPF (Jeong et al. 2022a), FrePGAN (Jeong et al. 2022c),
F3Net(Qian et al. 2020), our FreqNet achieves better per-
formance on the real-world scene. The results confirm the
generalization capability of the proposed frequency domain
learning to extract a general representation of artifacts, and
generalize this representation across various GAN models
and categories.

We perform ablation analyses on our FreqNet by individ-
ually removing the proposed modules. The results of these
ablation experiments are presented in Table 4. Upon removal
of the designed modules, we observe a decline in the detec-
tion performance, underscoring the efficacy of the proposed
components. In the revised version, we will expound further
on the specifics of the ablation analysis to provide a more
comprehensive understanding.

HFRI HFRFS HFRFC FCL mean Acc.
✓ ✓ ✓ 84.3

✓ ✓ ✓ 85.3
✓ ✓ ✓ 87.8
✓ ✓ 82.0
✓ ✓ ✓ 83.8
✓ ✓ ✓ ✓ 91.5

Table 4: Ablation Study of FreqNet on the Foren-
Synths(Wang et al. 2020).

Visualization of Class Activate Map. To visually
demonstrate the discriminative regions identified by our de-
tector, we present the Class Activation Maps (CAM) in Fig-
ure 4. The CAMs are generated using images from ProGAN,
StyleGAN, StyleGAN2, and CelebA-HQ. The CAMs pro-
vide insights into the areas of focus for the detector in dis-
tinguishing real from fake images. It’s noteworthy that the
CAMs for real images highlight a broader portion of the
image, while the CAMs for fake images tend to emphasize
localized regions. Interestingly, even though the detector is
primarily trained using a dataset containing cars, cats, chairs,
and horses, it showcases the ability to recognize face images
effectively. This highlights the versatility and adaptability of
our detector in identifying distinct deepfake characteristics,
even beyond the classes it was primarily trained on.

Conclusion

This study has focused on the introduction of FreqNet, a
lightweight frequency space learning network designed for
the task of generalizable forgery image detection. Our ap-
proach capitalizes on the power of frequency domain learn-
ing, offering an adaptable solution for the challenging prob-
lem of deepfake detection across diverse sources and GAN
models. Within our methodology, we introduce practical
and compact frequency learning plugin modules designed to
compel the CNN classifier to operate within the frequency
domain. The extensive experiments conducted on 17 differ-
ent generation models serve as compelling evidence of Fre-
qNet’s generalization ability. This research contributes to ad-
vancing the field of deepfake detection, showcasing the po-
tential of FreqNet to effectively combat the challenges posed
by evolving forgery techniques and diverse image sources.
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