
MMD based Discriminative Learning for Face

Forgery Detection

Jian Han and Theo Gevers

University of Amsterdam, Amsterdam, the Netherlands
{j.han, th.gevers}@uva.nl

Abstract. Face forensic detection is to distinguish manipulated from
pristine face images. The main drawback of existing face forensics de-
tection methods is their limited generalization ability due to differences
in domains. Furthermore, artifacts such as imaging variations or face at-
tributes do not persistently exist among all generated results for a single
generation method. Therefore, in this paper, we propose a novel frame-
work to address the domain gap induced by multiple deep fake datasets.
To this end, the maximum mean discrepancy (MMD) loss is incorpo-
rated to align the different feature distributions. The center and triplet
losses are added to enhance generalization. This addition ensures that
the learned features are shared by multiple domains and provides better
generalization abilities to unseen deep fake samples. Evaluations on var-
ious deep fake benchmarks (DF-TIMIT, UADFV, Celeb-DF and Face-
Forensics++) show that the proposed method achieves the best overall
performance. An ablation study is performed to investigate the effect of
the different components and style transfer losses.

1 Introduction

With the rapid development of face manipulation and generation, more and more
photo-realistic applications have emerged. These modified images or videos are
commonly known as deep fakes [1]. Even human experts find it difficult to make a
distinction between pristine and manipulated facial images. Different generative
methods exist nowadays to produce manipulated images and videos. In fact,
it’s easy to generate new types of synthetic face data by simply changing the
architectural design or hyper parameters. Attackers don’t need to have profound
knowledge about the generation process of deep fake (face) attacks [2]. Therefore,
it is of crucial importance to develop robust and accurate methods to detect
manipulated face images.

Face forensic detection is to distinguish between manipulated and pristine
face images. Using the same pair of subjects, different manipulation methods
may generate significantly different outcomes (see Fig. 1). If the same modifi-
cation method is applied on different pairs of data, the results can have quite
diverse artifacts due to the variations in pose, lighting, or ethnicity. Because
these artifacts do not exist in all samples, simple artifacts-based detection sys-
tems are not sufficiently robust to unseen artifacts in the test set. Other methods
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choose to exploit cues which are specific for the generative network at hand [3,
4]. When the dataset is a combination of multiple domains of deep fake data like
FaceForensics++, each category of manipulated face images can be a different
domain compared to the rest of the data. Performance may be negatively af-
fected by this cross-domain mismatch. In summary, the major challenges of face
forensics detection are: 1) The difference among positive and negative samples is
much smaller than the difference among positive examples. 2) The artifacts in-
cluding imaging variations and face attributes do not persist across all generated
results for a single generation method.

Our paper focuses on detecting manipulated face images which are produced
by generative methods based on neural networks. To distinguish real and fake
face images is equivalent to performance evaluations of different generative meth-
ods. To this end, the maximum mean discrepancy (MMD) is used to measure
different properties and to analyze the performance of different generative ad-
versarial networks [5]. The face manipulation process requires a pair of faces
from source and target subjects. This process resembles the neural style transfer
operation between content and reference images [6]. The final results are con-
tingent on the source and target images. Inspired by [7], we use a MMD loss to
align the extracted features from different distributions. A triplet loss is added
to maximize the distance between real and fake samples and to minimize the
discrepancies among positive samples. Center loss is further integrated to en-
hance the generalization ability. In order to fully investigate the performance of
the proposed method, we evaluate our method on several deep fake benchmarks:
DF-TIMIT [8], UADFV [9], Celeb-DF [10], and FaceForensics++ [1].

Our main contributions are:

– We propose a deep network based on a joint supervision framework to detect
manipulated face images.

– We systematically examine the effect of style transfer loss on the performance
of face forgery detection.

– The proposed method achieves the overall best performance on different deep
fake benchmarks.

2 Related Work

2.1 Face Manipulation Methods

In general, face manipulation methods can be classified into two categories: facial
reenactment and identity modification [1]. Deep fake has become the name for all
face modification methods. However, it is originally a specific approach based on
an auto-encoder architecture. Face swap represents methods that use information
of 3D face models to assist the reconstructing process. Face2Face [11] is a facial
reenactment framework that transfers the expressions of a source video to a
target video while maintaining the identity of the target person. NeuralTextures
[12] is a GAN-based rendering approach which is applied to the transformation
of facial expressions between faces.
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Fig. 1. Visualization of a number of samples from FaceForensics++. The first row
shows pristine and generated face images and the second row contains face masks used
to add the modifications. “DF”: “DeepFakes”; “NT”: “Neural Textures”; “FS”: “Face
Swap”; “F2F”: “Face2Face”. Although NT and F2F share the same face mask, NT
only modifies the region around the mouth.

2.2 Face Forgery Detection

A survey of face forensics detection can be found in [13]. Several methods are pro-
posed to detect manipulated faces [14–17]. While previous literature often relies
on hand-crafted features, more and more ConvNet-based methods are proposed.
There are two main directions to detect face forgery.

The most straightforward approach is data-driven. Forensic transfer [18] uses
the features learned from face forensics to adapt to new domains. [19, 20] com-
bine forgery detection and location simultaneously. [21] uses a modified semantic
segmentation architecture to detect manipulated regions. Peng et al. [22] pro-
vide a two stream network to detect tampered faces. Shruti et al. [2] concentrate
on detecting fake videos of celebrities. Ghazal et al. [23] proposes a deep net-
work based image forgery detection framework using full-resolution information.
Ekraam et al. [24] propose a recurrent model to include temporal information.
Irene et al. [25] propose an optical flow based CNN for deep fake video detection.

Another category of deep network-based methods is to capture features from
the generation process. The features include artifacts or cues introduced by the
network [26]. The Face Warping Artifacts (FWA) exploit post processing arti-
facts in generated videos [9]. Falko et al. [27] use visual artifacts around the
face region to detect manipulated videos. [28] proposes a capsule network based
method to detect a wide range of forged images and videos. Xin et al. [29] pro-
pose a fake video detection method based on inconsistencies between head poses.
[30, 31] exploit the effect of illumination. [3] monitors neuron behavior to detect
synthetic face images. [4] uses fingerprints from generative adversarial networks
to achieve face forensic detection. And [32] proposes a framework based on de-
tecting noise from blending methods.
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2.3 Domain Adaptation

Domain adaptation has been widely used in face-related applications. It aims
to transfer features from a source to a target domain. The problem is how to
measure and minimize the difference between source and target distributions.
Several deep domain generalization methods are proposed [33, 34] to improve
the generalization ability. Rui et al. [35] propose a multi-adversarial based deep
domain generalization with a triplet constraint and depth estimation to handle
face anti-spoofing. Maximum mean discrepancy (MMD) [36] is a discrepancy
metric to measure the difference in a Reproducing Kernel Hilbert Space. [37]
uses MMD-based adversarial learning to align multiple source domains with a
prior distribution. [7] considers neural style transfer as a domain adaptation task
and theoretically analyzes the effect of the MMD loss.

Feature 
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Embedding

real/fake
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Fig. 2. Overview of the proposed method. Inputs of the network are frames of manip-
ulated face videos. Deep network is used to extract features. Here we use the cross-
entropy loss for binary classification. A MMD loss is added to learn a generalized feature
space for different domains. Moreover, the triplet and center losses are integrated to
provide a discriminative embedding.

3 Method

3.1 Overview

Most current forensic detection approaches fail to address unique issues in face
manipulation results. The learned features may not generalize well to unseen
deep fake samples. Some approaches choose to extract features from the modi-
fication process (e.g., detecting artifacts in manipulated results). Nevertheless,
artifacts are dependent on the discrepancy between source and target face im-
ages. The discrepancy may originate from differences in head pose, occlusion,
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illumination, or ethnicity. Therefore, artifacts may differ depending on the dis-
crepancies between source and target face images. Other methods choose to
exploit characteristic cues induced by different generative models. However, any
minor changes in the architecture or hyper-parameter setting may negatively
influence the forgery detection performance. In contrast, our aim is a generic
approach to forgery detection.

To this end, we propose a ConvNet-based discriminative learning model to
detect forgery faces. A maximum mean discrepancy (MMD) loss is used to pe-
nalize the difference between pristine and fake samples. As a result, extracted
features are not biased to the characteristics of a single manipulation method or
subject. A center loss is introduced to guide the network to focus on more influ-
ential regions of manipulated faces. Furthermore, a triplet loss is incorporated
to minimize the intra-distances. We consider the task as a binary classification
problem for each frame from real or manipulated videos. In Fig. 2, we provide
an overview of the proposed framework. Input images are pristine and fake face
samples from a deep fake dataset.

3.2 MMD based Domain Generalization

Maximum mean discrepancy (MMD) measures the difference between two dis-
tributions. MMD provides many desirable properties to analyze the performance
of GAN [5]. In this paper, we use MMD to measure the performance of forgery
detection as follows. Suppose that there are two sets of sample distributions Ps

and Pt for a single face manipulation method. The MMD between the two dis-
tributions is measured with a finite sample approximation of the expectation. It
represents the difference between distribution Ps and Pt based on the fixed ker-
nel function k. A lower MMD means that Ps is closer to Pt. MMD is expressed
by

MMD2(Ps, Pt) = E
xs,x

′

s
∼Ps,xt,x

′

t
∼Pt

[

k(xs, x
′

s)− 2k(xs, xt) + k(xt, x
′

t)
]

(1)

where k (a, b) = 〈φ (a) , φ (b)〉 denotes the kernel function defining a mapping.
φ is an explicit function. s, t denote the source and target domains respectively.
xs and xt are data samples from the source and target distributions.

MMD is used to measure the discrepancies among feature embeddings. The
MMD loss has been used in neural style transfer tasks [7]. Different kernel func-
tions (Gaussian, linear, or polynomial) can be used for MMD. The MMD loss is
defined by:

Lmmd =
1

W l
k

M
∑

i=1

N
∑

j=1

(

k(f l
i , f

l
i ) + k(rlj , r

l
j)− 2k(f l

i , r
l
j)
)

(2)

where W l
k denotes the normalization term based on the kernel function and the

feature map l. M and N are numbers of fake and real examples in one batch,
respectively. f and r are the features for fake and real examples. The MMD loss
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can supervise the network to extract more generalized features to distinguish real
from fake samples. It can be considered as an alignment mechanism for different
distributions.

3.3 Triplet Constraint

For several manipulated videos which are generated from the same video, the
background of most samples is the same. Face reenactment methods can manage
to keep the identity of the original faces constant. Meanwhile, modifications from
generative methods become more and more subtle. This makes the negative
examples look more similar than the positives ones for the same subject. As
shown in Fig. 1, images which are generated from F2F and NT are nearly the
same as the original image. Therefore, intra-distances between positive samples
are larger than their inter-distances.

To learn a more generalized feature embedding, a triplet loss is added to
architecture. Illustration of the triplet process can be found in Fig. 3. It is in-
troduced in [38, 39] and used in various face related applications. We aim to
improve the generalization ability by penalizing the triplet relationships among
batches. The triplet loss is defined by

Ltriplet = ‖g(xa
i )− g(xp

i )‖
2

2
− ‖g(xa

i )− g(xn
i )‖

2

2
+ α (3)

where α denotes the margin and i represents the batch index. xa
i , x

p
i and xn

i are
anchor, positive samples, and negative samples respectively. They are selected
online in each batch. g is the embedding learned from the network. The triplet
loss can force the network to minimize the distance between an anchor and a
positive sample and maximize the distance between the anchor and a negative
sample. It can also contribute to higher robustness when the input is an unseen
facial attribute or identity.

3.4 Center Loss

Different modification methods may select different face regions for manipulation
(see Fig. 1). When this region is very small compared to the entire image, the
majority of the features may exclude information about the manipulation. Our
aim is that the network focuses on influential regions around faces instead of the
background. To extract more discriminative embeddings, the center loss is used.
It has been applied to face recognition [40], and proven effective in measuring
intra-class variations. The center loss is defined by:

Lcenter =

M
∑

k=1

‖θk − ck‖
2
, (4)

where θ is extracted from feature maps by global average pooling. c denotes
the center of feature. Theoretically, the feature center needs to be calculated
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Fig. 3. Visualization of the triplet loss. Images are from FaceForensics++. Normally,
the pristine and manipulated images from the same subject look similar. Through
the triplet loss, we attempt to minimize the distance between positive examples while
maximizing the distance between positive and negative examples.

based on the entire dataset. From [41], a more practical way is used to iteratively
update the feature center:

ck+1 = ck + γ(θk − ck) (5)

where γ defines the learning rate of the feature center ck ∈ RN×S . k denotes
the iteration index, N is the batch size, and S is the dimension of the embedding.
This iterative learning process provides a more smooth prediction for the feature
center.

Our final loss function is given by:

L = Lcls + λ1Lmmd + λ2Ltriplet + λ3Lcenter, (6)

where λ1, λ2 and λ3 are balancing factors. Lcls is a cross-entropy loss for binary
classification.

4 Experiments

4.1 Implementation Details

Our implementation is based on TensorFlow. Adam is used for optimization.
We use dlib to detect the face bounding boxes for each frame of the videos.
The cropped face image is 300 x 300. All images contain a single face. For all
the experiments, we follow subject-exclusive protocol meaning that each subject
exists in one split of the dataset. Inception v4 [42] is used as the backbone
architecture. The pre-trained model on Imagenet is used. The batch size is 16.
Learning rate is 10−5. The training set has a balanced distribution of real and
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fake data. λ1 , λ2, and λ3 are set to 0.1, 0.05, 10. For the MMD loss, we use a
Gaussian kernel function. The kernel bandwidths σ are 1 and 10. Feature maps
Mixed 3a, Mixed 4a, Mixed 5a from the Inception net are used to calculate the
MMD loss. For the triplet loss, we use the implementation of [38]. The margin is
2. Triplets are generated online. For every batch, we select hard positive/negative
examples. For center loss, γ is 0.095. The dimension for embedding is 1024.
The center is randomly initialized. For the experiments on FaceForensics++,
our settings are aligned with [1]. As for experiments on Celeb-DF, our settings
follow [10].

4.2 Evaluation Results

We evaluate our approach on several deep fake datasets. A summary of the
datasets is shown in Table 1. Visualization of the data samples for each dataset
are given in Fig. 1 and 4.

Table 1. Main contrasts of several deep fake datasets. “DF”: “DeepFakes”; “NT”:
“Neural Textures”; “FS”: “Face Swap”; “F2F”: “Face2Face”. The “deep fakes” is an
overarching name representing a collection of these methods. For each dataset, the
manipulation algorithm and process can be different.

Dataset UADFV [9] DF-TIMIT [8] FaceForensics++ Celeb-DF [10]

Number of videos 98 300 5000 6000
Number of frames 34k 68k 2500k 2341k
Method DF FS FS, DF, F2F, NT DF

UADFV Celeb-DF-v2DFTIMIT

Fig. 4. Visualization of data samples from DF-TIMIT (high quality), UADFV and
Celeb-DF. For each pair of images, the left one is the real image and the right one is
the modified image.

Results on UADFV and DF-TIMIT. Both UADFV [9] and DF-TIMIT [8]
are generated by identity swap methods. UADFV has 49 manipulated videos
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of celebrities obtained from the Internet. DF-TIMIT is created based on Vid-
TIMIT [43] under constrained settings. DF-TIMIT has two different settings:
low- and high-quality. We choose to evaluate our method on the high-quality
subset because it is more challenging. Some pristine videos of the same sub-
jects are selected from VidTIMIT to compose a balanced training dataset. We
compare our method with Mesonet [44], XceptionNet [45], Capsule [28], and
DSP-FWA [10]. We provide a brief introduction of each method below. Mesonet
is based on Inception Net, which is also used in our architecture. XceptionNet is
a deep network with separable convolutions and skip connections. Capsule uses
a VGG network with capsule structures. DSP-FWA combines a spatial pyramid
pooling with FWA [9]. In Table 2, we report all the performances following the
same setting as in [10]. Two datasets are relatively small and not very challenging
for forensic detection.

Table 2. Evaluation on UADFV [9], DF-TIMIT [8], FF-DF, Celeb-DF [10]. Each datset
is evaluated separately. The metric is the Area Under Curve (AUC) score. “FF-DF” is
the deep fake subest from FaceForensics++. We follow the same setting of [10].

AUC UADFV DF-TIMIT FF-DF Celeb-DF

MesoNet [44] 82.1 62.7 83.1 54.8
Xception [45] 83.6 70.5 93.7 65.5
Capsule [28] 61.3 74.4 96.6 57.5
DSP-FWA[10] 97.7 99.7 93.0 64.6
Ours 98.1 99.8 97.2 88.3

Results on Celeb-DF. Celeb-DF [10] is one of the largest deep fake video
datasets. It is composed of more than 5,000 manipulated videos taken from
celebrities. Data is collected from publicly available YouTube videos. The videos
include a large range of variations such as face sizes, head poses, backgrounds
and illuminants. In addition, subjects show large variations in gender, age, and
ethnicity. The generation process of fake faces focuses on reducing the visual
artifacts and providing a high-quality synthetic dataset. Table 2 shows that the
area under curve (AUC) score of the proposed method on Celeb-DF outper-
forms all other approaches. The experimental settings remain the same as [10].
Compared to other deep fake datasets, Celeb-DF has fewer artifacts and better
quality. The majority of failure cases are false positives. Typical false positives
are shown in Fig. 5. Most cases have relatively large poses.

Results on FaceForensics++. FaceForensics++ [46, 1] is one of the largest
face forgery dataset. It includes pristine and synthetic videos manipulated by
Face2Face [11], NeuralTextures [12], Deepfakes and Faceswap. The modified
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Fig. 5. Visualization of false negative predictions of Celeb-DF from our method. These
cropped images are from frames of deep fake videos.

videos are generated from a pair of pristine videos. In Fig. 1, we plot all pris-
tine and manipulated examples from one subject within the same frame. Even
though the pair of source and target are the same, different methods lead to
different results. The performance on raw and high-quality images from Face-
Forensics++ are already good (accuracy exceeding 95%); we therefore focus on
the performance on low quality images. For all experiments, we follow the same
protocol as in [1] to split the dataset into a fixed training, validation, and test
set, consisting of 720, 140, and 140 videos respectively. All the evaluations are
based on the test set.

We compare our method with Mesonet [44], XceptionNet [45], and other
methods [47, 16]. In Table 3, we report the performance while training all the
categories together with our pipeline. The total f1 score is 0.89. In Table 4,
we show the performance while training each category separately. In general, a
more balanced prediction is obtained among the pristine and generated exam-
ples. The overall performance is better than the other methods. As expected,
training FaceForensics++ separately (Table 4) results in a better performance
than combined training (Table 3). This is because each generation method is
seen as a different domain to the rest. The modified face images contain differ-
ent types of artifacts and features. When training entirely, manipulated faces
from facial reenactment method is extremely similar to real faces. The forgery
detector tends to confuse real faces with deep fake data. Our method successfully
improves the performance on pristine face without impairing the performance
on each deep fake category. When training each category separately, the main
challenge becomes the image variations like blur. A number of false negative pre-
dictions are shown in Fig. 6. In general, the performance degrades significantly
when the face is blurry or the modification region is relatively tiny.

4.3 Analysis

Performance on a single type of deep fake dataset is better than on a dataset
containing multiple domains. This is because the extracted features for different
manipulated results are diverse. In general, face reenactment may have fewer ar-
tifacts than identity modification methods because the transfer of the expressions
may require less facial alternations. It results in better performance on detecting
identity modification results. We further calculate the prediction accuracy based
on each video in the test set of FaceForensics++. On average, the prediction
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Fig. 6. Visualization of false negative predictions of FaceForensics++ for the proposed
method. These cropped images are frames taken from the deep fake videos.

Table 3. Evaluation on the test set of FaceForensics++. The training and test set
includes all the categories of manipulated dataset. “DF”: “DeepFakes”, “NT”: “Neural
Textures”, “FS”: “Face Swap”, “F2F”: “Face2Face”.

Accuracy DF F2F FS NT Real Total

Rahmouni et al [16] 80.4 62.0 60.0 60.0 56.8 61.2
Bayar and Stamm [47] 86.9 83.7 74.3 74.4 53.9 66.8
MesoNet [44] 80.4 69.1 59.2 44.8 77.6 70.5
XceptionNet [45] 93.4 88.1 87.4 78.1 75.3 81.0
Ours 98.8 78.6 80.8 97.4 89.5 89.7

Table 4. Evaluation on each category of the FaceForensics++ test set. Each category
has a balanced distribution between pristine data and fake data.

Accuracy DF F2F FS NT

Bayar and Stamm [47] 81.0 77.3 76.8 72.4
Rahmouni et al [16] 73.3 62.3 67.1 62.6
MesoNet [44] 89.5 84.4 83.6 75.8
XceptionNet [45] 94.3 91.6 93.7 82.1
Ours 99.2 89.8 94.5 97.3
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for pristine and fake videos is higher than 80%. Although most of the datasets
have many frames, the number of videos is relatively small. In most videos, faces
have a limited range of variations like pose, illumination, or occlusion. This can
also cause the network to predict negatives when pristine face images are rel-
atively blurry or partially occluded. Also, the number of different subjects for
the deep fake dataset is relatively small compared to other face-related datasets.
This leads to biased results when testing an unseen identity with unique facial
attributes.

In our framework, we combine several losses to jointly supervise the learning
process of the network. MMD loss can be considered as aligning the distribu-
tions of different domains. The style of each image can be expressed by fea-
ture distributions in different layers of deep network. Network is constrained to
learn a more discriminative feature embedding through different domains. Cen-
ter loss forces network to concentrate on more influential features rather than
background noise. Triplet loss can be considered as an additional constraint to
reduce the intra-distance effectively among positive examples.

Table 5. Performance comparison with different components of our method. We eval-
uate our method on test set of FaceForensics++. Metric is f1 score.

Method Data augmentation MMD Center Triplet F1

Basic 0.826
Ours X 0.846
Ours X X 0.881
Ours X X X 0.889
Ours X X X 0.887
Ours X X X X 0.897

4.4 Ablation Study

To investigate the effect of each component of our method, we evaluate the
performance of the proposed method with different components, see Table 5. We
start with the baseline architecture and add different components separately.

Table 6. Performance comparison with different style transfer losses. We evaluate our
method on test set of FaceForensics++.

Style Loss GRAM BN MMD

F1 0.862 0.887 0.897
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Comparison with Other Style Transfer Losses. First, we test our method
with other neural style transfer losses for distribution alignment. Here, we choose
the GRAM matrix-based style loss and batch normalization (BN) statistics
matching [48]. The GRAM-based loss is defined by

LGRAM =
1

Wl

∑

(

Gl
R −Gl

F

)2
, (7)

where the Gram matrix Gl is the inner product between the vectorized fea-
ture maps in layer l. GR and GF are GRAM matrix for real and fake samples
respectively. Wl is the normalization term.

The BN style loss is described by

LBN =
1

Wl

∑

[

(µFl
− µRl

)
2
+ (σFl

− σRl
)
2
]

, (8)

where µ and σ is the mean and standard deviation of the vectorized feature maps.
µRl

and σRl
are corresponding to real face samples. From Table 6, performance

of the network with the MMD loss outperforms other types of losses.

Comparison with Different Kernel Functions. A different kernel function k

can provide different mapping spaces for the MMD loss. In Table 7, we investigate
the effect of different kernel functions. Linear and polynomial kernel functions
are defined as k(a, b) = aT b + c, k(a, b) = (aT b + c)d, respectively. We choose
d = 2 for polynomial kernel function. The Gaussian kernel outperforms other
kernels for the MMD loss.

Table 7. Performance comparison with different kernel functions in the MMD loss.
We evaluate our method on the test set of FaceForensics++.

Kernel Function Polynomial Linear Gaussian

F1 0.841 0.876 0.897

Comparison with Different Feature Maps. Different levels of feature maps
capture different type of style information. We further examine how different
combinations of feature maps influence the face forensic detection performance.
In Table 8, we illustrate the performances of using multiple sets of feature maps.
Feature maps Mixed 3a, Mixed 4a, Mixed 5a are slightly better than other op-
tions.

5 Conclusions

This work focused on face forgery detection and proposed a deep network based
architecture. Maximum mean discrepancy (MMD) loss has been used to learn
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Table 8. Performance comparison with different combinations of feature maps from
our method. We evaluate our method on the test set of FaceForensics++.

Feature map F1

Mixed 3a 0.884
Mixed 4a 0.881
Mixed 5a 0.883
Mixed 3a,Mixed 4a 0.890
Mixed 4a,Mixed 5a 0.891
Mixed 3a,Mixed 4a,Mixed 5a 0.897

a more generalized feature space for multiple domains of manipulation results.
Furthermore, triplet constraint and center loss have been integrated to reduce the
intra-distance and to provide a discriminative embedding for forensics detection.

Our proposed method achieved the best overall performance on UADFV,
DF-TIMIT, Celeb-DF and FaceForensics++. Moreover, we provided a detailed
analysis of each component in our framework and exploited other distribution
alignment methods. Extensive experiments showed that our algorithm has high
capacity and accuracy in detecting face forensics.
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