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Abstract

Image and video generation aims at synthesizing high-fidelity visual data from

random noise or based on certain conditions. Recent advances, especially Genera-

tive Adversarial Networks (GANs), have made remarkable success in various image

and video generation tasks, showing the strong ability of deep neural networks to

capture high dimensional distributions of visual data. Such progress in this field

significantly pushes forward the development of Generative Artificial Intelligence

(AI), receiving wide attention from the general public. Despite the immense success

in image and video synthesis, several problems still exist to be carefully explored.

This thesis aims to figure out the remaining challenges in this field and present ef-

forts to address them through advanced deep learning techniques. This formulates

four main studies to be covered.

Data is the essence of deep learning. A high-quality dataset is highly desirable

for image and video generation, as well as its downstream applications. Besides,

researchers usually pay much attention to improving generation quality but ig-

nore the countermeasures to safeguard against the concerns raised by generated

data like “Deepfakes”. Di↵erent from others, the first attempt in this thesis is to

construct a useful facial video dataset to facilitate the following research and pre-

vent the negative impact of generated data by devising a better video manipulation

method. DeeperForensics-1.0, a large-scale video dataset for real-world face forgery

detection, is introduced. The ongoing e↵ort is presented to counter “Deepfakes”,

which has sparked legitimate concerns, particularly on its potential for being mis-

used and abused. It represents one of the most extensive datasets of the same

kind, with 60, 000 videos constituted by a total of 17.6 million frames. Extensive

real-world perturbations are applied to obtain a more challenging benchmark of

larger scale and higher diversity. All source videos in DeeperForensics-1.0 are care-

fully collected, and fake videos are generated by a newly proposed end-to-end face

swapping framework. The quality of generated videos outperforms those in exist-

ing datasets, validated by user studies. The benchmark features a hidden test set,
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which contains manipulated videos achieving high deceptive scores. A comprehen-

sive study is conducted that evaluates five representative detection baselines and

makes a thorough analysis of di↵erent settings. This work verifies that designing

a better video manipulation method can assist in face forensics.

After securing the potential countermeasures, the interest then shifts to proposing

a unified framework for various generation tasks with a negligible sacrifice of qual-

ity, which has high practical value for real-world applications. Achieving this goal

is non-trivial given the di↵erent natures of di↵erent tasks. Thus, previous stud-

ies usually exploit tailored modules for a specific form of application. This thesis

devises a Two-Stream Image-to-image Translation (TSIT) framework, which is suc-

cinct yet readily adaptable to various tasks. The thesis unearths the importance

of normalization layers and carefully designs a two-stream generative model with

newly proposed feature transformations in a coarse-to-fine fashion. This allows

multi-scale semantic structure information and style representation to be e↵ectively

captured and fused by the network, permitting TSIT to scale to various tasks in

both unsupervised and supervised settings. No additional constraints (e.g., cycle

consistency) are needed, contributing to a very clean and simple method. Multi-

modal image synthesis with arbitrary style control is made possible. A systematic

study compares TSIT with state-of-the-art task-specific baselines, verifying its ef-

fectiveness in both perceptual quality and quantitative evaluations.

Apart from the progress in the practical perspective of image and video generation,

the thesis further wishes to tackle the remaining issues through a more fundamen-

tal and theoretical study. The third work in this thesis is the focal frequency loss

(FFL), a novel frequency-level loss function that directly optimizes generative mod-

els in the frequency domain. The loss is complementary to existing spatial losses

of diverse baselines varying in categories, network structures, and tasks. Despite

the remarkable success of image reconstruction and synthesis thanks to the devel-

opment of generative models, gaps could still exist between the real and generated

images, especially in the frequency domain. The thesis shows that narrowing gaps

in the frequency domain can ameliorate image reconstruction and synthesis quality

further. The proposed FFL allows a model to adaptively focus on the frequency

components that are hard to synthesize by down-weighting the easy ones. This

objective function o↵ers great impedance against the loss of important frequency

information due to the inherent bias of neural networks. The thesis demonstrates
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the versatility and e↵ectiveness of FFL to improve popular models, such as VAE,

pix2pix, and SPADE, in both perceptual quality and quantitative performance. Its

potential on StyleGAN2 is further shown.

Attempts have been made to enhance the fidelity and diversity of synthesized data

through both practical and theoretical aspects. However, current generative mod-

els like GANs typically require a large amount of training data to fully unleash their

power, whereas collecting su�cient data samples is sometimes infeasible. Training

generative models with fewer data while preserving synthesis quality remains under-

explored. The thesis further introduces Adaptive Pseudo Augmentation (APA), a

simple yet e↵ective strategy for GAN training with limited data. Recent stud-

ies have shown that training GANs with limited data remains formidable due to

discriminator overfitting, the underlying cause that impedes the generator’s conver-

gence. The introduced APA encourages healthy competition between the generator

and the discriminator. As an alternative method to existing approaches that rely

on standard data augmentations or model regularization, APA alleviates overfitting

by employing the generator itself to augment the real data distribution with gen-

erated images, which deceives the discriminator adaptively. Extensive experiments

showcase the e↵ectiveness of APA in the low-data regime. A theoretical analysis is

provided to examine the convergence and rationality of this new training strategy.

APA is simple and e↵ective. It can be added seamlessly to powerful contemporary

GANs, such as StyleGAN2, with negligible computational cost.

Last but not least, the thesis discusses other relevant topics and envisions potential

future work of image and video generation, e.g., more advanced topics in video

generation, the existing and future e↵orts on the new powerful di↵usion models

(DM), o↵ering more insights into this research field.
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Chapter 1

Introduction

In computer vision, image and video generation aims at synthesizing high-fidelity

visual data from a random noise [4, 10, 11] or based on certain conditions, such as

a class label [12, 13] or other data [3, 14, 15]. The former is called unconditional

generation, while the latter is named conditional generation. Through advanced

deep learning technology, image and video generation has grasped widespread at-

tention over the past few years, and its practical applications have been widely

expanded, e.g., movie editing [16–18], style transfer [19, 20], image-to-image trans-

lation [3, 14, 21, 22], and face forensics [23, 24].

Recent advances [2, 10, 12, 25, 26], especially Generative Adversarial Networks

(GANs) [10], have made remarkable success in various image and video generation

tasks, showing the strong ability of deep neural networks to capture high dimen-

sional distributions of visual data. Such progress in this field significantly pushes

forward the development of Generative Artificial Intelligence (AI), receiving wide

attention from the general public. Despite their immense success in image and

video synthesis, several promising topics are still worth exploring. This thesis aims

to figure out the remaining challenges in this field and present e↵orts in addressing

them through deep learning. This chapter will cover the motivation and objectives,

research scope, background and preliminaries, thesis contributions, and outline of

the thesis.

1
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1.1 Motivation and Objectives

The general research goal of this thesis is to provide attempts to address various

unresolved open problems in the field of image and video generation. This section

discusses the specific problems the thesis is going to tackle, as well as the motivation

and objectives.

Data is the essence of deep learning. The amount of useful data usually matters

for a higher upper-bound of model performance. A high-quality dataset is highly

desirable for image and video generation, as well as its downstream applications.

Besides, researchers usually pay much attention to improving generation quality

but ignore the countermeasures to safeguard against the concerns raised by gener-

ated data. Di↵erent from others, the first attempt in this thesis aims to construct

a useful video dataset to facilitate the following research and prevent the nega-

tive impact of generated data by devising a better video manipulation method.

The thesis starts with human face data as face manipulation has grasped more and

more attention. Recent advances [16–18] in automatic face swapping demonstrated

impressive results. The cumbersome and tedious hand-crafted face editing e↵orts

have been eschewed through advanced deep learning technology. Accordingly, the

development of various face editing applications is expedited, contributing to both

academia and industry. However, such strong face swapping techniques have also

brought several moral and legitimate concerns. The abuse and misuse of these

o↵-the-shelf softwares could lead to the spread of tampered videos and news, thus

causing subsequent more serious harm. The conceivable perilous implications of

current “Deepfakes” applications on the Internet have further set o↵ alarm bells

among the authorities and general public. Therefore, e↵ective face forensics meth-

ods become a dire need to safeguard against these photorealistic “Deepfakes”, es-

pecially in real-world scenarios where the video sources are rather unpredictable.

After securing the potential countermeasures against negative impact, the atten-

tion of the thesis is then shifted to another important and useful problem in image

generation, i.e., image-to-image translation, which aims at translating one image

representation to another. The interest lies in proposing a generic and unified

framework for various image-to-image translation tasks with a negligible sacrifice

of quality. This framework is useful as it circumvents many cumbersome modi-

fications when applied to di↵erent tasks, which is meaningful for many practical
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applications. Nevertheless, achieving this goal is non-trivial given the di↵erent na-

tures of di↵erent tasks. For example, paired data are usually unavailable in tasks

like arbitrary style transfer. Under its unsupervised setting, image translation

demands additional constraints, e.g., cycle consistency [14, 19, 27, 28], semantic

features [29], pixel gradients [30], pixel values [31]. On another note, supervised

training pairs are available in semantic image synthesis (i.e., translation from seg-

mentation masks to images). This task is more data-dependent since the ground

truth is usually required by typical reconstruction losses. Besides, specialized mod-

ules [32–36] are applied to maintain spatial coherence and resolution. Due to the

di↵erent needs, previous approaches exploit some tailored modules for a specific

form of application. It is di�cult to cross-use these components or integrate them

into a unified framework.

Apart from the progress in the practical perspective of image and video generation,

this thesis further wishes to tackle the remaining issues through a more fundamen-

tal and theoretical study. The third work of the thesis aims at ameliorating the

quality of image generation further through the frequency domain. The thesis

aims to devise a novel frequency-level loss function that directly optimizes genera-

tive models in the frequency domain. The loss is complementary to existing spatial

losses of diverse baselines varying in categories, network structures, and tasks. De-

spite the remarkable success of image reconstruction and synthesis, gaps could still

exist between the real and generated images. It is observed that the gaps in the

frequency domain between the real and fake images may be a common issue for

various generative methods, albeit in slightly di↵erent forms. The observed gaps

in the frequency domain may be imputed to some inherent bias of neural networks,

e.g., spectral bias [37–39], a learning bias of neural networks towards low-frequency

functions. Thus, generative models tend to eschew frequency components that are

hard to synthesize, i.e., hard frequencies, and converge to an inferior point. Exist-

ing methods [2, 3, 34] usually adopt pixel losses in the spatial domain, while spatial

domain losses hardly help a network find hard frequencies and synthesize them, in

that every pixel shares the same significance for a certain frequency. In contrast,

the thesis aims to carefully study the frequency domain gap and explore ways to

ameliorate reconstruction and synthesis quality by narrowing this gap.

Thanks to the exploration of these useful applications and fundamental studies

in the field of image and video generation, the performance of various generative
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models can be evidently improved. However, current generative models like GANs

typically require a large amount of training data to fully unleash their power.

Training GANs with insu�cient data tends to generate poor-quality images. In

practice, collecting su�cient data samples for these GANs is sometimes infeasible,

especially in domains where data are sparse and privacy-sensitive. To ease the

practical deployment of powerful GANs, it is necessary to devise new strategies for

training GANs with limited data while preserving the quality of synthesis. Recent

studies have shown that the overfitting of the discriminator is the critical reason

that impedes e↵ective GAN training on limited data [40–43], rendering severe in-

stability of training dynamics. Specifically, when the discriminator starts to overfit,

the distributions of its outputs for real and generated samples gradually diverge

from each other [41, 43], and its feedback to the generator becomes less informa-

tive. Consequently, the generator converges to an inferior point, compromising

the quality of synthesized images. Recent solutions to this problem include the

use of standard data augmentations, either conventional or di↵erentiable, to real

and generated images [41, 42, 44, 45] or applying an additional model regulariza-

tion term [43]. Addressing the discriminator overfitting is still an open problem.

Finding an alternative way to the aforementioned approaches can be interesting.

1.2 Research Scope

This thesis covers research on both image generation and video generation via ad-

vanced deep learning technology. Figure 1.1 illustrates the connections among the

four primary studies (Chapters 3, 4, 5, 6). The thesis starts by discussing a use-

ful dataset and two specific applications. First, a large-scale facial video dataset is

built to explore an emerging application of video generation and manipulation, i.e.,

face forensics. This work exploits high-quality generated videos to help detect falsi-

fied media in real-world scenarios. It facilitates the following research and prevents

the potential negative impact. Besides, thanks to the state-of-the-art innovations

in generative image modeling [4, 13, 34], another important application in image

generation, i.e., image-to-image translation, is carefully studied. The goal is to

extend its potential and practical value further by designing a unified and versa-

tile model. The thesis then provides insights into a fundamental and theoretical

study of image generation, delving into optimization in the frequency domain for



Chapter 1. Introduction 5

�	�
�����
���!�#	 #��$��$����������#���
��������%�$�%�� #������� #���

	����	 #��#)���%��%� �

�	�
�����
�����������!���������#$�%����
	#���( #��� #�������% �

�������#��$��%� �

�	�
�����
	 ����	#�"&���)�� $$ � #�
��������� �$%#&�%� ������

�)�%��$�$

�	�
�����
�����'��������!%�'���$�&� �
�&����%�%� � � #�
�
�

�#�������(�%������%�����%�

Application 1: Useful dataset construction and countermeasures via better video manipulation

Video Generation and Manipulation

Image Generation and Translation

Application 2: Versatile model for various 

generation tasks with more practical value

Fundamental and Theoretical Study:

Optimization in the frequency domain

More Data-Efficient: Training 

GANs with limited data

Figure 1.1: A diagram illustrating the connections among the four main studies
(Chapters 3, 4, 5, 6) covered in this thesis.

the reconstruction and synthesis quality improvement, which is relatively less ex-

plored by academia. In addition, the thesis improves the training of GANs with

lower data requirements yet with comparable quality, which further facilitates the

practical deployment of the research in this thesis. In the future, any other studies

closely related to image and video generation may be involved.

1.3 Background and Preliminaries

This section briefly introduces the background and formulations of the basic con-

cepts relevant to image and video generation. The concept of generative models is

introduced in Section 1.3.1, followed by generative adversarial networks, the major

model explored in this thesis (Section 1.3.2).

1.3.1 Generative Models

In statistical classification, the approaches can be classified into two categories,

i.e., generative models and discriminative models. Di↵erent from the discriminative

models that distinguish between di↵erent kinds of data instances, generative models
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generate new data according to an existing dataset. Formally, given a set of data

samples Y (and their corresponding labels X), generative models typically perform

the following two tasks:

• Unconditional generation that synthesizes data unconditionally from a dataset,

i.e., capturing the marginal probability distribution p (Y ). The input of un-

conditional generation is usually a random noise sampled from a Gaussian

distribution.

• Conditional generation that synthesizes data conditionally from a dataset,

i.e., capturing the joint probability distribution p (Y,X). Such conditions

can be the class labels of data, other data, etc.

Recent advances [1, 2, 10, 26, 46–48] of generative models are built on deep neural

networks, showing impressive capability in capturing high-level latent representa-

tions of images and synthesizing new data. Two popular categories of generative

models are autoencoders (AE) [1, 2] and GANs [10]. The vanilla AE [1] recon-

structs images, aiming at learning latent codes in an unsupervised manner, typ-

ically for dimensional reduction and feature learning. Autoencoders have been

widely used to generate images since the development of variational autoencoders

(VAE) [2, 25]. Their applications have been extended to various tasks, e.g., face

manipulation [16, 17, 24]. Another category of generative models is GANs [10–12],

details of which will be provided in Section 1.3.2. GANs are extensively applied

in face generation [4, 5, 49], image-to-image translation [3, 14, 21, 50], style trans-

fer [19, 20], and semantic image synthesis [33–35].

1.3.2 Generative Adversarial Networks

Generative adversarial networks [10] aim at capturing the real data distribution

to synthesize new data. Two networks are trained alternately via an adversarial

process: a generator G learns to produce new samples, and a discriminator D

(i.e., a binary classifier) predicts the probability that a sample comes from the real

data rather than from G. Following [4, 10], the basic form of GANs is described

using unconditional image generation, i.e., synthesizing random samples from a

noise input in the latent space. The noise is usually sampled from a Gaussian

distribution.
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The goal of GANs is to learn an ideal generated distribution pg from the real data

distribution pdata. Let pz (z) be the prior on the input noise variable. The mapping

from the latent space to the image space can be denoted as G (z). For sample x,

D (x) represents the estimated probability of x coming from the real data. Here,

both G and D should be di↵erentiable functions that are defined by the network

parameters. To quantify the adversarial process, G and D play a minimax two-

player game with the value function V (G,D):

min
G

max
D

V (G,D) = Ex⇠pdata(x) [logD (x)] + Ez⇠pz(z) [log (1�D (G (z)))] . (1.1)

Let the virtual training criterion [10] for the generator G be C (G). The global

minimum of C (G) is achieved if and only if pg = pdata, and the minimum value

is � log 4, as proved by [10]. This indicates that GANs can perfectly model the

real data distribution if given su�cient capacity and time. In practice, researchers

usually use a non-saturated form for G and train it to maximize logD (G (z))

instead of minimizing log (1�D (G (z))) to ensure a healthy gradient at the early

training stage.

GANs are known to su↵er from training instability [10, 40, 51, 52]. Various ap-

proaches have been proposed to stabilize the training and improve the quality

of synthesis by minimizing di↵erent f -divergences of the real and fake distribu-

tions [53]. The saturated form of vanilla GAN [10] is theoretically proven to

minimize the JS divergence [54] between the two distributions. LSGAN [55] and

EBGAN [56] correspond to the optimizations of �2-divergence [57] and the total

variation [58], respectively. On another note, WGAN [58] is designed for minimiz-

ing the Wasserstein distance.

State-of-the-art methods, such as PGGAN [49], BigGAN [13], StyleGAN [5], and

StyleGAN2 [4], employ large-scale training with contemporary techniques, achiev-

ing photorealistic results. These methods have been extended to various tasks,

including face generation [4, 5, 49], image editing [18, 50, 59], semantic image

synthesis [33–35], image-to-image translation [3, 6, 14, 21, 22, 60], style trans-

fer [19, 20, 61], and GAN inversion [22, 62, 63].
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1.4 Thesis Contributions

This thesis presents the continuous e↵orts of developing innovative datasets and

methods for image and video generation via deep learning. The contributions of

the studies in this thesis (Chapters 3, 4, 5, 6) can are summarized as follows.

DeeperForensics-1.0: A Large-Scale Dataset for Real-World Face Forgery Detection

(Chatper 3) in IEEE Conference on Computer Vision and Pattern Recognition

(CVPR), 2020:

• The thesis introduces DeeperForensics-1.0 [24], a new dataset that is larger in

scale than the existing ones, of high quality and rich diversity. To improve its

quality, the thesis introduces a carefully designed data collection and a novel

framework, DF-VAE, which e↵ectively mitigate obvious fabricated e↵ects of

existing manipulated videos.

• The results of existing representative forgery detection methods are bench-

marked on the introduced dataset, o↵ering insights into the current status

and future strategy in face forgery detection.

TSIT: A Simple and Versatile Framework for Image-to-Image Translation (Chap-

ter 4) in European Conference on Computer Vision (ECCV), 2020 (Spotlight):

• The thesis introduces TSIT [21], a simple and versatile framework, which is

e↵ective for various image-to-image translation tasks. Despite the succinct

design, TSIT is readily adaptable to various tasks and achieves compelling

results.

• The good performance of TSIT is achieved by 1) multi-scale feature normal-

ization (FADE and FAdaIN) scheme that captures coarse-to-fine structure

and style information, and 2) a two-stream network design that integrates

both content and style e↵ectively, reducing artifacts and making multi-modal

image synthesis possible.

• In comparison to several state-of-the-art task-specific baselines [20, 32–35,

64, 65], the proposed method achieves comparable or even better results in

both perceptual quality and quantitative evaluations.
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Focal Frequency Loss for Image Reconstruction and Synthesis (Chapter 5) in IEEE

International Conference on Computer Vision (ICCV), 2021:

• The thesis introduces a novel focal frequency loss (FFL) [60], which directly

optimizes generative models in the frequency domain. The loss is comple-

mentary to existing spatial losses, o↵ering great impedance against the loss

of hard frequencies due to the inherent crux of neural networks.

• Systematic experiments are conducted to demonstrate the versatility and

e↵ectiveness of the proposed loss for many popular image reconstruction and

synthesis methods [1–4, 34] to ameliorate synthesis quality, outperforming

relevant approaches [66, 67].

• The exact form of the focal frequency loss is not crucial. The thesis provides

some variants and practical considerations for the flexibility.

Deceive D: Adaptive Pseudo Augmentation for GAN Training with Limited Data

(Chapter 6) in Conference on Neural Information Processing Systems (NeurIPS),

2021:

• The thesis introduces a novel Adaptive Pseudo Augmentation (APA) [68]

method for training GANs with limited data. This approach deceives the

discriminator adaptively and mitigates the problem of discriminator overfit-

ting. The proposed APA can be readily added to existing GAN training with

negligible computational cost.

• Extensive experiments are conducted to showcase the e↵ectiveness of APA

for state-of-the-art GAN training with limited data. The results are com-

parable or even better than other types of solutions [41, 43]. APA is also

complementary to existing methods based on standard data augmentations

for gaining a further performance boost.

• The thesis theoretically connects APA with minimizing the JS divergence [54]

between the smoothed data distribution and generated distribution, proving

its convergence and rationality.
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1.5 Outline of the Thesis

Chapter 1 has given a brief overview of image and video generation, the motivation

and objectives, research scope, background and preliminaries, thesis contributions,

and thesis outline. The rest of the thesis will be organized as follows.

Chapter 2 provides comprehensive literature reviews of image and video genera-

tion via deep learning, in the aspects of face forensics, image-to-image translation,

frequency domain analysis, and training GANs with limited data.

Chapter 3 details the contributions to real-world face forensics via better video

manipulation. The DeeperForensics-1.0 dataset and benchmark, as well as the

proposed video manipulation method, are covered.

Chapter 4 introduces the proposed Two-Stream Image-to-image Translation (TSIT)

framework. The network architecture and important modules of TSIT are detailed.

The image translation results are shown and analyzed carefully.

Chapter 5 provides details on the formulation of focal frequency loss. The e↵ec-

tiveness and versatility of FFL to complement existing spatial losses are verified

through systematic experiments on various networks and tasks.

Chapter 6 presents the APA strategy for training GANs with limited data. The

e↵ectiveness of APA is carefully showcased for state-of-the-art GAN training in the

low-data regime both theoretically and empirically.

Chapter 7 concludes this thesis, discusses other relevant topics, and envisions future

work, o↵ering more insights into image and video generation via deep learning.



Chapter 2

Literature Review

This chapter reviews relevant literature on image and video generation via deep

learning. The literature review provides an overview of four topics that correspond

to four main studies discussed in this thesis: face forensics (Section 2.1), image-

to-image translation (Section 2.2), frequency domain analysis (Section 2.3), and

training GANs with limited data (Section 2.4).

2.1 Face Forensics

DeepFakes generation methods. The popularization of DeepFakes videos are

attributed to the rapid development of generative models. Existing state-of-the-art

generative models are mainly built on deep neural networks [1, 2, 10, 26, 46], show-

ing impressive capability in capturing high-level latent representations of visual

data and synthesizing new images. Two popular categories of generative models

for face manipulation are autoencoders [1, 2] and GANs [10].

The vanilla AE [1] reconstructs images, aiming at learning latent codes in an un-

supervised manner, typically for dimensional reduction and feature learning. Au-

toencoders have been widely used to generate images since the development of

VAE [2, 25]. Extensive well-known o↵-the-shelf face manipulation softwares are

based on autoencoders, e.g., DeepFakes [16], DeepFaceLab [17, 69]. These meth-

ods tend to learn the identity information for face manipulation through the recon-

struction process. However, they usually fit the specific domain and cannot scale

11



12 2.1. Face Forensics

to multiple identities. The manipulation method DF-VAE (Section 3.2.2) for the

DeeperForensics-1.0 dataset is based on variational autoencoders. DF-VAE is an

end-to-end many-to-many face swapping method, which considers style matching

and temporal continuity for video manipulation.

Another category of generative models is GAN [10–12], where a generator tries

to fool a discriminator by refining the synthesized images continuously until the

discriminator fails to perceive them as fakes. GAN has been extensively applied in

face generation [4, 5, 49], image-to-image translation [3, 14, 21, 50, 60], style trans-

fer [19, 20], and semantic image synthesis [21, 33–35, 60]. For face manipulation,

the open-source DeepFakes software, faceswap-GAN [18], is a typical GAN-based

method. It exploits adversarial losses to the denoising autoencoder and applies at-

tention mechanisms to improve the clarity of the swapped faces. ReenactGAN [70]

introduced the notion of boundary latent space for robust many-to-one face reenact-

ment. Some recent GAN-based innovations were designed in the more challenging

face manipulation context, e.g., subject agnostic [71], occlusion aware [72].

Face forgery detection datasets. Building a dataset for forgery detection re-

quires a huge amount of e↵ort on data collection and manipulation. Early forgery

detection datasets comprise images captured under highly restrictive conditions,

e.g., MICC F2000 [73], Wild Web dataset [74], Realistic Tampering dataset [75].

Owing to the urgency in video-based face forgery detection, some prominent groups

have devoted their e↵orts to create face forensics video datasets (see Table 2.1).

UADFV [76] contains 98 videos, i.e., 49 real videos from YouTube and 49 fake

ones generated by FakeAPP [77]. DeepFake-TIMIT [78] manually selects 16 sim-

ilar looking pairs of people from VidTIMIT [79] database. For each of the 32

subjects, they generate about 10 videos using low-quality and high-quality ver-

sions of faceswap-GAN [18], resulting in a total of 620 fake videos. Celeb-DF [80]

includes 408 YouTube videos, mostly of celebrities, from which 795 fake videos are

synthesized. FaceForensics++ [23] is the first large-scale face forensic dataset that

consists of 4, 000 fake videos manipulated by four methods (i.e., DeepFakes [16],

Face2Face [81], FaceSwap [82], NeuralTextures [83])), and 1, 000 real videos from

YouTube. Afterwards, Google joins FaceForensics++ and contributes Deep Fake

Detection [84] dataset with 3, 431 real and fake videos from 28 actors. Recently,

Facebook invites 66 individuals and builds the DFDC preview dataset [85], which

includes 5, 214 original and tampered videos with three types of augmentations.
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Table 2.1: The relevant datasets compared to DeeperForensics-1.0. Our
dataset is an order of magnitude larger in scale than existing datasets w.r.t.
both real and fake parts. We build a professional indoor environment to better
control the important attributes of the collected data. 100 paid actors give con-
sents to the use and manipulation of their faces by signing a formal agreement.
We employ seven types of perturbations at five intensity levels, leading to 35
perturbations in total. The video may be subjected to a mixture of more than
one perturbation. In contrast to prior works, we also introduce a new end-to-end
high-fidelity face swapping method.

Dataset Total videos
Ratio

(real : fake)
Controlled
Capture

Consented
Actors

Perturbations
(total number)

Perturbations
(mixture)

New
Method

UADFV [76] 98 1 : 1 ⇥ – – ⇥ ⇥
DeepFake-TIMIT [78] 620 only fake ⇥ – – ⇥ ⇥

Celeb-DF [80] 1203 1 : 1.95 ⇥ – – ⇥ ⇥
FaceForensics++ [23] 5000 1 : 4 ⇥ – 2 ⇥ ⇥

Deep Fake Detection [84]
(joins FaceForensics++)

3431 1 : 8.5 ⇥ 28 – ⇥ ⇥

DFDC Preview Dataset [85] 5214 1 : 3.6 ⇥ 66 3 ⇥ ⇥
DeeperForensics-1.0 (Ours) 60000 5 : 1 4 100 35 4 4

In comparison, our work in Chapter 3 invites 100 paid actors and collect high-

resolution (1920⇥ 1080) source data with various poses, expressions, and illumina-

tions. 3DMM blendshapes [86] are taken as reference to supplement some extremely

exaggerated expressions. We get consents from all the actors for using and manipu-

lating their faces. In contrast to prior works, we also propose a new end-to-end face

swapping method (i.e., DF-VAE in Section 3.2.2) and systematically apply seven

types of perturbations to the fake videos at five intensity levels. The mixture of

distortions to a single video makes our dataset better imitate real-world scenarios.

Ultimately, we construct DeeperForensics-1.0 dataset, which contains up to 60, 000

high-quality videos with a total of 17.6 million frames.

Face forgery detection benchmarks. A new prominent benchmark, FaceForen-

sics Benchmark [23], for facial manipulation detection has been proposed recently.

The benchmark includes six image-level face forgery detection baselines [87–92].

Although FaceForensics Benchmark adds distortions to the videos by converting

them into di↵erent compression rates, a deeper exploration of more perturbation

types and their mixture is missing. Celeb-DF [80] also provides a face forgery de-

tection benchmark including seven methods [76, 87, 89, 93–96] trained and tested

on di↵erent datasets. In aforementioned benchmarks, the test set usually shares

a similar distribution with the training set. Such an assumption inherently intro-

duces biases and renders these methods impractical for face forgery detection in

real-world settings with much more diverse and unknown fake videos.
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In our benchmark of DeeperForensics-1.0 (Chapter 3), we introduce a challeng-

ing hidden test set with manipulated videos that achieve high deceptive scores in

user studies, to better simulate real-world distribution. Various perturbations are

analyzed to make our benchmark more comprehensive. In addition, we mainly

exploit video-level forgery detection baselines [97–101]. Temporal information – a

significant cue for video forgery detection besides single-frame quality – has been

considered. We will elaborate our benchmark in Section 3.3.

2.2 Image-to-Image Translation

Taxonomy of image-to-image translation. Existing image-to-image trans-

lation methods can be generally grouped into two categories: unsupervised and

supervised. With only unpaired data, unsupervised image-to-image translation

problem is inherently ill-posed. Additional constraints are needed on e.g., cy-

cle consistency [14, 19, 27, 28], semantic features [29], pixel gradients [30], or

pixel values [31]. In contrast, supervised methods, such as pix2pix [3], are more

data-dependent, requiring well-annotated paired training samples. Subsequent ap-

proaches [32–35, 65] extend the supervised problem for generating high-resolution

images or keeping e↵ective semantic meaning.

Limited by learning only one-to-one mapping between two domains, some of the

GAN-based methods [14, 19, 27, 28] su↵er from generating images with low di-

versity. Recent studies explore more deeply into both multi-domain translation

[50, 102] and multi-modal translation [20, 61, 103], significantly increasing gen-

eration diversity. MUNIT [20] is a representative method that disentangles the

domain-invariant content and the domain-specific style representation, enriching

the synthesized images. Multi-mapping translation is defined in a very recent

work, DMIT [64], which is designed to capture the multi-modal image nature in

each domain.

Existing image-to-image translation methods lack the scalability to adapt to di↵er-

ent tasks under diverse di�cult settings. Di↵erent demands of unsupervised and

supervised settings oblige previous methods to exploit customized modules. Cross-

using these components will be suboptimal due to either degradation in quality

or introduction of additional constraints. It is non-trivial to integrate them into a
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single framework and improve robustness. In Chapter 4, we design a two-stream

network with newly proposed feature transformations inspired by [34] and [104].

Our method, TSIT, is succinct yet able to link various tasks.

Arbitrary style transfer. Style transfer is closely relevant to image-to-image

translation in the unsupervised setting. Style transfer aims at retaining the con-

tent structure of an image, while manipulating its style representation adopted

from other images. Classical methods [66, 105–107] gradually improve this task

from optimization-based to real-time, allowing multiple style transfer during infer-

ence. Huang et al. . introduce AdaIN [104], an e↵ective normalization strategy for

arbitrary style transfer. Several studies [108–114] improve stylization via wavelet

transforms [108], graph cuts [109], or iterative error-correction [114]. Besides, most

collection-guided [20] style transfer methods are GAN-based [14, 19, 20, 27, 61, 64],

showing impressive results.

Previous works usually consider either content or style information. In contrast, our

framework in Chapter 4 succeeds in seeking a balance between content and style,

and adaptively fuses them well. The proposed method achieves user-controllable

multi-modal style manipulation by only a single model. Compared to customized

style transfer methods, our approach achieves better synthesis quality in many

scenarios including natural images, real-world scenes, and artistic paintings.

Semantic image synthesis. We define semantic image synthesis as in [34], aim-

ing at synthesizing a photorealistic image from a semantic segmentation mask.

Semantic image synthesis is a special form of supervised image-to-image transla-

tion. The domain gap of this task is large. Therefore, keeping e↵ective semantic

information to enhance fidelity without losing diversity is challenging.

Pix2pix [3] firstly adopts the conditional GAN [12] in semantic image synthesis.

Pix2pixHD [33] contains a multi-scale generator and multi-scale discriminators to

generate high-resolution images. SPADE [34] takes a noise map as input, and re-

sizes the semantic label map for modulating the activations in normalization layers

by a learned a�ne transformation. CC-FPSE [35] employs a weight prediction

network for generator. A semantics-embedding discriminator is used to enhance

fine details and semantic alignments between the generated samples and the input

semantic layouts. In addition to these GAN-based methods, CRN [32] applies a

cascaded refinement network with regression loss as the supervision. SIMS [65] is
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a semi-parametric method, retrieving fragments from a memory bank and refining

the canvas by a refinement network.

Di↵erent from prior works, we design a symmetrical two-stream framework in

Chapter 4. The network learns feature-level semantic structure information and

style representation instead of directly resizing the input mask like SPADE [34].

Coarse-to-fine feature representations are learned by neural networks, adaptively

keeping high fidelity without diminishing diversity.

2.3 Frequency Domain Analysis

Image reconstruction and synthesis. Autoencoders [1, 2] and GANs [10] are

two popular models for image reconstruction and synthesis. The vanilla AE [1] aims

at learning latent codes while reconstructing images. It is typically used for dimen-

sionality reduction and feature learning. Autoencoders have been widely used to

generate images since the development of variational autoencoders [2, 25]. Their ap-

plications have been extended to various tasks, e.g., face manipulation [16, 17, 24].

GAN [10–12], on the other hand, is extensively applied in face generation [4, 5, 49],

image-to-image translation [3, 14, 21, 50], style transfer [19, 20], and semantic image

synthesis [33–35]. Existing approaches usually apply spatial domain loss functions,

e.g., perceptual loss [66], to improve quality while seldom consider optimization in

the frequency domain. Spectral regularization [67] presents a preliminary attempt.

Di↵erent from [66, 67], the proposed focal frequency loss in Chapter 5 dynamically

focuses the model on hard frequencies by down-weighting the easy ones and ame-

liorates image quality through the frequency domain directly. Some concurrent

works include [115–117].

Frequency domain analysis of neural networks. In addition to the stud-

ies [37–39, 118] discussed in Section 5.1, we highlight some recent works that an-

alyze neural networks from the frequency domain aspect. Using coordinate-based

MLPs, Fourier features [39, 119] and positional encoding [38, 120] are adopted to re-

cover missing high frequencies in single image regression problems. Besides, several

studies have incorporated frequency analysis with network compression [121–125]

and feature reduction [126, 127] to accelerate the training and inference of net-

works. The application areas of the frequency domain analysis have been further
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extended, including media forensics [128–131], super-resolution [132, 133], gener-

alization analysis [134], magnetic resonance imaging [135], image rescaling [136],

etc. Despite the wide exploration of various problems, improving reconstruction

and synthesis quality via the frequency domain remains much less explored.

Hard example processing. Hard example processing is widely explored in

object detection and image classification to address the class imbalance prob-

lem. A common solution is to use a bootstrapping technique called hard example

mining [137, 138], where a representative method is online hard example mining

(OHEM) [137]. The training examples are sampled following the current loss of

each example to modify the stochastic gradient descent. The model is encouraged

to learn hard examples more to boost performance. An alternative solution is focal

loss [139], which is a scaled cross-entropy loss. The scaling factor down-weights

the contribution of easy examples during training so that a model can focus on

learning hard examples. The proposed focal frequency loss in Chapter 5 is inspired

by these techniques.

2.4 Training GANs with Limited Data

Generative adversarial networks. GANs [10–12, 140] adopt an adversarial

training scheme, where a generator keeps refining its capability in synthesizing

images to compete with a discriminator (i.e., a binary classifier) until the discrim-

inator fails to classify the generated samples as fakes. GANs are known to su↵er

from training instability [10, 40, 51, 52]. Various approaches have been proposed to

stabilize the training and improve the quality of synthesis by minimizing di↵erent

f -divergences of the real and fake distributions [53]. The saturated form of vanilla

GAN [10] is theoretically proven to minimize the JS divergence [54] between the

two distributions. LSGAN [55] and EBGAN [56] correspond to the optimizations

of �2-divergence [57] and the total variation [58], respectively. On another note,

WGAN [58] is designed for minimizing the Wasserstein distance.

State-of-the-art methods, such as PGGAN [49], BigGAN [13], StyleGAN [5], and

StyleGAN2 [4], employ large-scale training with contemporary techniques, achiev-

ing photorealistic results. These methods have been extended to various tasks,

including face generation [4, 5, 49], image editing [18, 50, 59], semantic image
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synthesis [33–35], image-to-image translation [3, 6, 14, 21, 22, 60], style trans-

fer [19, 20, 61], and GAN inversion [22, 62, 63]. Despite the remarkable success,

the performance of GANs relies heavily on the amount of training data.

Training GANs in the low-data regime. The significance and di�culty of

training GANs with limited data have been attracting attention from many re-

searchers recently. The issue of data insu�ciency tends to cause overfitting in the

discriminator [41, 42, 141], which in turn deteriorates the stability of training

dynamics in GANs, compromising the quality of generated images.

Many recent studies [41, 42, 44, 45, 142, 143] propose to apply standard data aug-

mentations for GAN training to enrich the diversity of the dataset to mitigate

the overfitting of the discriminator. For instance, Di↵Augment (DA) [42] adopts

the same di↵erentiable augmentation to both real and fake images for the genera-

tor and the discriminator without manipulating the target distribution. Adaptive

discriminator augmentation (ADA) [41] shares a similar idea with DA, while it fur-

ther devises an adaptive approach that controls the strength of data augmentations

adaptively. In Chapter 6, we extend the study of such an adaptive approach.

Another type of solution is model regularization. Previous e↵orts on regulariz-

ing GANs include adding noise to the inputs of the discriminator [40, 144, 145],

gradient penalty [52, 146, 147], one-sided label smoothing [51], spectral normaliza-

tion [148], label noise [149], etc. These methods are designed for stabilizing training

or preventing mode collapse [51]. The essence of their goals could be considered

similar to our method since training GANs in the low-data regime exhibits similar

behaviors as previously observed in early GANs with su�cient data. Under the

limited data setting, a very recent study proposes an LC-regularization term [43]

to regulate the discriminator predictions using two exponential moving average

variables that track the discriminator outputs throughout training.

Our work in Chapter 6 explores an alternative solution from a di↵erent perspec-

tive, which is also complementary to previous approaches based on standard data

augmentations.



Chapter 3

DeeperForensics-1.0: A

Large-Scale Dataset for

Real-World Face Forgery

Detection

3.1 Introduction

Data is the essence of deep learning. The amount of useful data usually matters

for a higher upper-bound of model performance. A high-quality dataset is highly

desirable for image and video generation, as well as its downstream applications.

Besides, researchers usually pay much attention to improving generation quality

but ignore the countermeasures to safeguard against the concerns raised by gener-

ated data. Di↵erent from others, our first attempt in this chapter aims to construct

a useful facial video dataset to facilitate the following research and prevent the neg-

ative impact of generated data by devising a better video manipulation method.

Face swapping has become an emerging topic in computer vision and graphics.

Indeed, many works [16–18] on automatic face swapping have been proposed in

recent years. These e↵orts have circumvented the cumbersome and tedious manual

face editing processes, hence expediting the advancement in face editing. At the

⇤ The work in this chapter has been published in [24].
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Figure 3.1: DeeperForensics-1.0 is a new large-scale dataset for real-world face
forgery detection.

same time, such enabling technology has sparked legitimate concerns, particularly

on its potential for being misused and abused. The popularization of “Deepfakes”

on the internet has further set o↵ alarm bells among the general public and au-

thorities, in view of the conceivable perilous implications. Accordingly, there is

a dire need for countermeasures to be in place promptly, particularly innovations

that can e↵ectively detect videos that have been manipulated.

Working towards forgery detection, various groups have contributed datasets (e.g.,

FaceForensics++ [23], Deep Fake Detection [84] and DFDC [85]) comprising manip-

ulated video footages. The availability of these datasets has undoubtedly provided

essential avenues for research into forgery detection. Nonetheless, the aforemen-

tioned datasets su↵er several drawbacks. Videos in these datasets are either of a

small number, of low quality, or overly artificial. Understandably, these datasets

are inadequate to train a good model for e↵ective forgery detection in real-world

scenarios. This is particularly true when current advances in human face editing

are able to produce extremely realistic videos, rendering forgery detection a highly

challenging task. On another note, we observe high similarity between training and

test videos, in terms of their distribution, in certain works [23, 80]. Their actual

e�cacy in detecting real-world face forgery cases, which are much more variable

and unpredictable, remains to be further elucidated.

We believe that forgery detection models can only be enhanced when trained

with a dataset that is exhaustive enough to encompass as many potential real-

world variations as possible. To this end, we propose a large-scale dataset named

DeeperForensics-1.0 consisting of 60, 000 videos with a total of 17.6 million frames
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for real-world face forgery detection. The main steps of our dataset construction are

shown in Figure 3.1. We set forth three yardsticks when constructing this dataset:

1) Quality. The dataset shall contain videos more realistic and much closer to the

distribution of real-world detection scenarios. (Section 3.2.1 and 3.2.2) 2) Scale.

The dataset shall be made up of a large-scale video sets. (Section 3.2.3) 3) Diver-

sity. There shall be su�cient variations in the video footages (e.g., compression,

blurry, transmission errors) to match those that may be encountered in the real

world (Section 3.2.3).

The primary challenge in the preparation of this dataset is the lack of good-quality

video footages. Specifically, most publicly available videos are shot under an un-

constrained environment resulting in large variations, including but not limited

to suboptimal illumination, large occlusion of the target faces, and extreme head

poses. Importantly, the lack of o�cial informed consents from the video subjects

precludes the use of these videos, even for non-commercial purposes. On the other

hand, while some videos of manipulated faces are deceptively real, a larger num-

ber remains easily distinguishable by human eyes. The latter is often caused by

model negligence towards appearance variations or temporal di↵erences, leading to

preposterous and incongruous results.

We approach the aforementioned challenge from two perspectives. 1) Collecting

fresh face data from 100 individuals with informed consents (Section 3.2.1). 2) De-

vising a novel method, DeepFake Variational Auto-Encoder (DF-VAE), to enhance

existing videos (Section 3.2.2). In addition, we introduce diversity into the video

footages through deliberate addition of distortions and perturbations, simulating

real-world scenarios. We collate the newly collected data and the DF-VAE-modified

videos into the DeeperForensics-1.0 dataset, with the aim of further expanding it

gradually over time. We benchmark five representative open-source forgery detec-

tion methods using our dataset as well as a hidden test set containing manipulated

videos that achieve high deceptive ranking in user studies.

We summarize our contributions as follows: 1) We propose DeeperForensics-1.0,

a new dataset that is larger in scale than the existing ones, of high quality and

rich diversity. To improve its quality, we introduce a carefully designed data collec-

tion and a novel framework, DF-VAE, which e↵ectively mitigate obvious fabricated

e↵ects of existing manipulated videos. The DeeperForensics-1.0 dataset shall fa-

cilitate future research in forgery detection of human faces in real-world scenarios.



22 3.2. A New Large-Scale Face Forensics Dataset

YouTube Source Target Swapped

Collected Source Target Swapped

Figure 3.2: Comparison of using only YouTube video and the collected video
as source data, with the same method and setting.

2) We benchmark results of existing representative forgery detection methods on

our dataset, o↵ering insights into the current status and future strategy in face

forgery detection.

3.2 A New Large-Scale Face Forensics Dataset

The main contribution of this work is a new large-scale dataset for real-world face

forgery detection, DeeperForensics-1.0, which provides an alternative to existing

databases. DeeperForensics-1.0 consists of 60, 000 videos with 17.6 million frames

in total, including 50, 000 original collected videos and 10, 000 manipulated videos.

To construct a dataset more suitable for real-world face forgery detection, we de-

sign this dataset with careful consideration of quality, scale, and diversity. In

Section 3.2.1 and 3.2.2, we will discuss the details of data collection and method-

ology (i.e., DF-VAE) to improve quality. In Section 3.2.3, we will show how to

ensure large scale and high diversity of DeeperForensics-1.0.

3.2.1 Data Collection

Source data is the first factor that highly a↵ects quality. Taking results in Fig-

ure 3.2 as an example, the source data collection increases the robustness of our
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Figure 3.3: Diversity in identities, poses, expressions, and illuminations in our
collected source data.

face swapping method to extreme poses, since videos on the internet usually have

limited head pose variations.

We refer to the identity in the driving video as the “target” face and the identity of

the face that is swapped onto the driving video as the “source” face. Di↵erent from

previous works, we find that the source faces play a much more critical role than the

target faces in building a high-quality dataset. Specifically, the expressions, poses,

and lighting conditions of source faces should be much richer in order to perform

robust face swapping. Hence, our data collection mainly focuses on source face

videos. Figure 3.3 shows the diversity in di↵erent attributes of our data collection.

We invite 100 paid actors to record the source videos. Similar to [84, 85], we ob-

tain consents from all the actors for using and manipulating their faces to avoid the

portrait right issues. The participants are carefully selected to ensure variability

in genders, ages, skin colors, and nationalities. We maintain a roughly equal pro-

portion w.r.t. each of the attributes above. In particular, we invite 55 males and

45 females from 26 countries. Their ages range from 20 to 45 years old to match

the most common age group appearing on real-world videos. The actors have four

typical skin tones: white, black, yellow, brown, with ratio 1:1:1:1. All faces are

clean without glasses or decorations.

Di↵erent from previous data collection in the wild (see Table 2.1), we build a

professional indoor environment for a more controllable data collection. We only

use the facial regions (detected and cropped by LAB [150]) of the source data, so we

can neglect the background. We set seven HD cameras from di↵erent angles: front,

left, left-front, right, right-front, oblique-above, oblique-below. The resolution of

our recorded videos is high (1920⇥ 1080). We train the actors in advance to keep

the collection process smooth. We request the actors to turn their heads and speak
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Figure 3.4: Examples of 3DMM blendshapes in our data collection.

naturally with eight expressions: neutral, angry, happy, sad, surprise, contempt,

disgust, fear. The head poses range from�90� to +90�. Furthermore, the actors are

asked to perform 53 expressions defined in 3DMM blendshapes [86] (see Figure 3.4)

to supplement some extremely exaggerated expressions. When performing 3DMM

blendshapes, the actors also speak naturally to avoid excessive frames that show a

closed mouth.

In addition to expressions and poses, we systematically set nine lighting condi-

tions from various directions: uniform, left, top-left, bottom-left, right, top-right,

bottom-right, top, bottom. The actors are only asked to turn their heads under

uniform illumination, so the lighting remains unchanged on specific facial regions

to avoid many duplicated data samples recorded by the cameras set at di↵erent

angles. In the end, our collected data contain over 50, 000 videos with a total of

12.6 million frames – an order of magnitude more than existing datasets.

3.2.2 DeepFake Variational Auto-Encoder

To tackle low visual quality problems of previous works, we consider three key

requirements in formulating a high-fidelity face swapping method: 1) It should be

general and scalable for us to generate large number of videos with high quality.

2) The problem of face style mismatch caused by appearance variations need to

be addressed. Some failure cases of existing methods are shown in Figure 3.5. 3)

Temporal continuity of generated videos should be taken into consideration.
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Figure 3.5: Examples of style mismatch problems in prominent face forensics
datasets.

Based on the aforementioned requirements, we propose DeepFake Variational Auto-

Encoder (DF-VAE), a novel learning-based face swapping framework. DF-VAE

consists of three main parts, namely a structure extraction module, a disentangled

module, and a fusion module. We will give a brief and intuitive understanding of

the DF-VAE framework below.

Disentanglement of structure and appearance. The first step of our method

is face reenactment – animating the source face with similar expression as the

target face, without any paired data. Face swapping is considered as a subsequent

step of face reenactment that performs fusion between the reenacted face and the

target background. For robust and scalable face reenactment, we should cleanly

disentangle structure (i.e., expression and pose) and appearance representation

(i.e., texture, skin color, etc.) of a face. This disentanglement is rather di�cult

because structure and appearance representation are far from independent. We

describe our solution as follows.

Let x1:T ⌘ {x1, x2, ..., xT} 2 X be a sequence of source face video frames, and

y1:T ⌘ {y1, y2, ..., yT} 2 Y be the sequence of corresponding target face video

frames. We first simplify our problem and only consider two specific snapshots

at time t, xt and yt. Let x̃t, ỹt, dt represent the reconstructed source face, the

reconstructed target face, and the reenacted face, respectively.

Consider the reconstruction procedure of the source face xt. Let sx denotes the

structure representation and ax denotes the appearance information. The face

generator can be depicted as the posteriori estimate p✓ (xt|sx, ax). The solution

of our reconstruction goal, marginal log-likelihood x̃t ⇠ log p✓ (xt), by a common
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Figure 3.6: The main framework of DeepFake Variational Auto-Encoder. In
training, we reconstruct the source and target faces in blue and orange arrows,
respectively, by extracting landmarks and constructing an unpaired sample as
the condition. Optical flow di↵erences are minimized after reconstruction to
improve temporal continuity. In inference, we swap the latent codes and get the
reenacted face in green arrows. Subsequent MAdaIN module fuses the reenacted
face and the original background resulting in the swapped face.

VAE [2] can be written as:

log p✓ (xt) = DKL (q� (sx, ax|xt) kp✓ (sx, ax|xt))

+L (✓,�; xt) ,
(3.1)

where q� is an approximate posterior to achieve the evidence lower bound (ELBO)

in the intractable case, and the second RHS term L (✓,�; xt) is the variational lower

bound w.r.t. both the variational parameters � and generative parameters ✓.

In Eq. (3.1), we assume that both sx and ax are latent priors computed by the same

posterior xt. However, the separation of these two variables in the latent space is

rather di�cult without additional conditions. Therefore, we employ a simple yet

e↵ective approach to disentangle these two variables.

The blue arrows in Figure 3.6 demonstrate the reconstruction procedure of the

source face xt. Instead of feeding a single source face xt, we sample another source

face x
0 to construct unpaired data in the source domain. To make the structure

representation more evident, we use the stacked hourglass networks [151] to extract

landmarks of xt in the structure extraction module and get the heatmap x̂t. Then

we feed the heatmap x̂t to the Structure Encoder E↵, and x
0 to the Appearance
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Encoder E�. We concatenate the latent representations (small cubes in red and

green) and feed it to the Decoder D�. Finally, we get the reconstructed face x̃t,

i.e., marginal log-likelihood of xt.

Therefore, the latent structure representation sx in Eq. (3.1) becomes a more ev-

ident heatmap representation x̂t, which is introduced as a new condition. The

unpaired sample x
0 with the same identity w.r.t. xt is another condition, being a

substitute for ax. Eq. (3.1) can be rewritten as a conditional log-likelihood:

log p✓ (xt|x̂t, x
0) = DKL (q� (zx|xt, x̂t, x

0) kp✓ (zx|xt, x̂t, x
0))

+L (✓,�; xt, x̂t, x
0) ,

(3.2)

The first RHS term KL-divergence is non-negative, we get:

log p✓ (xt|x̂t, x
0) � L(✓,�;xt, x̂t, x

0)

= Eq�(zx|xt,x̂t,x0) [� log q� (zx|xt, x̂t, x
0) + log p✓ (xt, zx|x̂t, x

0)] ,
(3.3)

and L(✓,�; xt, x̂t, x
0) can also be written as:

L (✓,�; xt, x̂t, x
0) =�DKL (q� (zx|xt, x̂t, x

0) kp✓ (zx|x̂t, x
0))

+ Eq�(zx|xt,x̂t,x0) [log p✓ (xt|zx, x̂t, x
0)] .

(3.4)

We let the variational approximate posterior be a multivariate Gaussian with a

diagonal covariance structure:

log q� (zx|xt, x̂t, x
0) ⌘ logN

�
zx;µ, �

2I
�
, (3.5)

where I is an identity matrix. Exploiting the reparameterization trick [2], the

non-di↵erentiable operation of sampling can become di↵erentiable by an auxiliary

variable with independent marginal. In this case, zx ⇠ q� (zx|xt, x̂t, x
0) is imple-

mented by zx = µ+ �✏ where ✏ is an auxiliary noise variable ✏ ⇠ N (0, 1). Finally,

the approximate posterior q�(zx|xt, x̂t, x
0) is estimated by the separated encoders,

Structure Encoder E↵ and Appearance Encoder E�, in an end-to-end training pro-

cess by standard gradient descent.

We discuss the whole workflow of reconstructing the source face. In the target face

domain, the reconstruction procedure is the same, as shown by orange arrows in

Figure 3.6.
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Raw Video w/o MAdaIN w/ MAdaIN

Figure 3.7: Comparison of the swapped face styles without or with MAdaIN
module.

During training, the network learns structure and appearance information in both

the source and the target domains. It is noteworthy that even if both yt and

x
0 belong to arbitrary identities, our e↵ective disentangled module is capable of

learning meaningful structure and appearance information of each identity. During

inference, we concatenate the appearance prior of x0 and the structure prior of yt

(small cubes in red and orange) in the latent space, and the reconstructed face dt

shares the same structure with yt and keeps the appearance of x0. Our framework

allows concatenations of structure and appearance latent codes extracted from

arbitrary identities in inference and permits many-to-many face reenactment.

In summary, DF-VAE is a new conditional variational auto-encoder [25] with ro-

bustness and scalability. It conditions on two posteriors in di↵erent domains. In

the disentangled module, the separated design of two encoders E↵ and E�, the

explicit structure heatmap, and the unpaired data construction jointly force E↵ to

learn structure information and E� to learn appearance information.

Style matching and fusion. To fix the obvious style mismatch problems shown

in Figure 3.5, we introduce a masked adaptive instance normalization (MAdaIN)

module. We place a typical AdaIN [104] network after the reenacted face dt. In

the face swapping scenario, we only need to adjust the style of the face area and

use the original background. Therefore, we use a mask mt to guide AdaIN [104]

network to focus on style matching of the face area. To avoid boundary artifacts,

we apply Gaussian Blur to mt and get the blurred mask m
b
t .

In our face swapping context, dt is the content input of MAdaIN, yt is the style

input. MAdaIN adaptively computes the a�ne parameters from the face area of
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Figure 3.8: Many-to-many (three-to-three) face swapping by a single model
with obvious reduction of style mismatch problems. This figure shows the results
between three source identities and three target identities. The whole process is
end-to-end.

the style input:

MAdaIN (c, s) = � (s)

✓
c� µ (c)

� (c)

◆
+ µ (s) , (3.6)

where c = m
b
t · dt, s = m

b
t · yt. With the very low-cost MAdaIN module, we re-

construct dt again by Decoder D�. The blurred mask m
b
t is used again to fuse the

reconstructed image with the background of yt. At last, we get the swapped face

dt. Figure 3.7 shows the e↵ectiveness of MAdaIN module for style matching and

fusion.

The MAdaIN module is jointly trained with the disentangled module in an end-to-

end manner. Thus, by a single model, DF-VAE can perform many-to-many face

swapping with obvious reduction of style mismatch and facial boundary artifacts

(see Figure 3.8 for the face swapping between three source identities and three

target identities). Even if there are multiple identities in both the source domain

and the target domain, the quality of face swapping does not degrade.

Temporal consistency constraint. Temporal discontinuity of fake videos leads

to obvious flickering of the face area, making them very easy to be spotted by
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forgery detection methods and human eyes. To improve temporal continuity, we

let the disentangled module to learn temporal information of both the source face

and the target face.

For simplification, we make a Markov assumption that the generation of the frame

at time t sequentially depends on its previous P frames x(t�p):(t�1). In our experi-

ment, we set P = 1 to balance quality improvement and training time.

In order to build the relationship between a current frame and previous ones, we

further make an intuitive assumption that the optical flows should remain un-

changed after reconstruction. We use FlowNet 2.0 [152] to estimate the optical

flow x̃f w.r.t. x̃t and xt�1, xf w.r.t. xt and xt�1. Since face swapping is sensitive

to minor facial details which can be greatly a↵ected by flow estimation, we do not

warp xt�1 by the estimated flow like [15]. Instead, we minimize the di↵erence be-

tween x̃f and xf to improve temporal continuity while keeping stable facial detail

generation. To this end, we propose a new temporal consistency constraint, which

can be written as:

Ltemporal =
1

CHW
kx̃f � xfk1, (3.7)

where C = 2 for a common form of optical flow.

We only discuss the temporal continuity w.r.t. the source face in this section

because the case of the target face is the same. If multiple identities exist in one

domain, temporal information of all these identities can be learned in an end-to-end

manner.

3.2.3 Scale and Diversity

Our extensive data collection and the proposed DF-VAE method are designed to

improve the quality of manipulated videos in DeeperForensics-1.0 dataset. In this

section, we will mainly discuss the scale and diversity aspects.

We provide 10, 000 manipulated videos with 5 million frames. It is also an order of

magnitude more than the previous datasets. We take 1, 000 refined YouTube videos

collected by FaceForensics++ [23] as the target videos. Each face of our collected

100 identities is swapped onto 10 target videos, thus 1, 000 raw manipulated videos
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Table 3.1: Seven types of distortions in DeeperForensics-1.0.

No. Distortion Type
1 Color saturation change
2 Local block-wise distortion
3 Color contrast change
4 Gaussian blur
5 White Gaussian noise in color components
6 JPEG compression
7 Video compression rate change

are generated directly by DF-VAE in an end-to-end process. Thanks to the scala-

bility and multimodality of DF-VAE, the time overhead of model training and data

generation is reduced to 1/5 compared to the common Deepfakes methods, with

no degradation in quality. Thus, a larger-scale dataset construction is possible.

To ensure diversity, we apply various perturbations to better simulate videos in

real scenes. Specifically, as shown in Table 3.1, seven types of distortions defined

in Image Quality Assessment (IQA) [153, 154] are included. Each of these distor-

tions is divided into five intensity levels. We apply random-type distortions to the

1, 000 raw manipulated videos at five di↵erent intensity levels, producing a total

of 5, 000 manipulated videos. Besides, an additional of 1, 000 robust manipulated

videos are generated by adding random-type, random-level distortions to the 1, 000

raw manipulated videos. Moreover, in contrast to all the previous datasets, each

sample of another 3, 000 manipulated videos in DeeperForensics-1.0 is subjected

to a mixture of more than one distortion. The variability of perturbations im-

proves the diversity of DeeperForensics-1.0 to better imitate the data distribution

of real-world scenarios.

DeeperForensics-1.0 is a new large-scale dataset consisting of over 60, 000 videos

with 17.6 million frames for real-world face forgery detection. High-quality source

videos and manipulated videos constitute two main contributions of the dataset.

The diversity of perturbations applying to the manipulated videos ensures the

robustness of DeeperForensics-1.0 to simulate real scenes. The whole dataset is

released, free to all research communities, for developing face forgery detection and

more general human-face-related research.
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Table 3.2: The percentage of user study ratings for the UADFV, DeepFake-
TIMIT, Celeb-DF, FaceForensics++, Deep Fake Detection, DFDC, and
DeeperForensics-1.0 dataset. A higher score means the users think the videos
are more realistic.

Dataset 1 2 3 4 5 “real”
UADFV [76] 29.2 36.0 20.7 8.9 5.2 14.1%

DeepFake-TIMIT [78] 31.4 31.4 24.8 9.6 2.7 12.3%
Celeb-DF [80] 5.6 14.8 18.6 24.2 36.9 61.0%

FaceForensics++ [23] 46.8 31.4 13.4 4.4 4.0 8.4%
Deep Fake Detection [84] 26.0 28.0 24.1 11.5 10.3 21.9%

DFDC [85] 25.4 29.7 22.0 11.9 11.1 23.0%
DeeperForensics-1.0 (Ours) 4.3 8.9 22.6 29.8 34.3 64.1%

3.2.4 User Study

To examine the quality of DeeperForensics-1.0 dataset, we engage 100 professional

participants, most of whom specialize in computer vision research. We believe these

participants are qualified and well-trained in assessing realness of tempered videos.

The user study is conducted on DeeperForensics-1.0 and six former datasets, i.e.,

UADFV [76], DeepFake-TIMIT [78], Celeb-DF [80], FaceForensics++ [23], Deep

Fake Detection [84], DFDC [85]. We randomly select 30 video clips from each

of these datasets and prepare a platform for the participants to evaluate their

realness. Similar to the user study of [155], the participants are asked to provide

their feedbacks to the statement “The video clip looks real.” and give scores at five

levels (1-clearly disagree, 2-weakly disagree, 3-borderline, 4-weakly agree, 5-clearly

agree. We assume that users who give a score of 4 or 5 think the video is “real”).

The user study results are presented in Table 3.2. The quality of our dataset

is appreciated by most of the participants. Compared to the previous datasets,

DeeperForensics-1.0 achieves the highest realism rating. Although Celeb-DF [80]

also gets very high realness scores, the scale of our dataset is much larger.

3.3 Video Forgery Detection Benchmark

Dataset split. In our benchmark, we exploit 1, 000 raw manipulated videos in

Section 3.2.3 and 1, 000 YouTube videos from FaceForensics++ [23] as our standard

set. The videos are split into training, validation, and test set with a ratio of

7 : 1 : 2. The identities of the swapped faces may be duplicated because faces
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of 100 invited actors are swapped onto 1, 000 driving videos. To avoid data leak,

we randomly choose unrepeated 70, 10, and 20 identities, and group all the videos

according to the identities. Similar to [23], the test and training sets share a close

distribution in our standard set.

Other experiments in our benchmark are conducted on di↵erent variants of the

standard set. These variants share the same 1, 000 driving videos with the standard

set. We will detail them in Section 3.3.2. For a fair comparison, all the experiments

are conducted in the same split setting.

Hidden test set. For real-world scenarios, some experiments conducted in previ-

ous works [23, 80] may not perform a convincing evaluation due to the huge biases

caused by a close distribution between the training and the test sets. The afore-

mentioned standard set has the same setting with these works. As a result, strong

detection baselines obtain very high accuracy on the standard test set as demon-

strated in Section 3.3.2. However, the ultimate goal of the face forensics dataset is

to help detect forgery in real scenes. Even if the accuracy on the standard test set

is high, the models may easily fail in real-world scenarios.

We argue that the test set of real-world face forgery detection should not share

a close distribution with the training set. What we need is a test set that better

simulates the real-world setting. We call it “hidden” test set. To better imitate

fake videos in the real scene, the hidden test set should satisfy three factors: 1)

Multiple sources. Fake videos in-the-wild should be manipulated by di↵erent un-

known methods. 2) High quality. Threatening fake videos should have high quality

to fool human eyes. 3) Diverse distortions. Di↵erent perturbations should be taken

into consideration.

Thus, in our initial benchmark, we introduce a challenging hidden test set with 400

carefully selected videos. First, we collect fake videos generated by several unknown

face swapping methods to ensure multiple sources. Then, we obscure all selected

videos multiple times with diverse hidden distortions that are commonly seen in

real scenes. Finally, we only select videos that can fool at least 50 out of 100 human

observers in a user study. The ground truth labels are hidden and are used on our

host server to evaluate the accuracy of detection models. Besides, the hidden test

set will be enlarged constantly to get future versions along with development of
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Table 3.3: The binary detection accuracy of the baselines on the hidden test
set when trained on four manipulated methods in FaceForensics++ (FF++):
DeepFakes (DF), Face2Face (F2F), FaceSwap (FS), NeuralTextures (NT), and
on DeeperForensics-1.0 standard training set without distortions.

Train FF++ DF FF++ F2F FF++ FS FF++ NT DeeperForensics-1.0
Test (acc) hidden hidden hidden hidden hidden
C3D [100] 57.50 57.75 52.13 58.25 74.75
TSN [101] 57.63 57.25 53.50 57.38 77.00
I3D [97] 56.63 58.38 54.63 63.63 79.25

ResNet+LSTM [98, 99] 57.38 56.13 54.88 59.50 78.25
XceptionNet [89] 57.38 58.75 54.75 57.38 77.00

Deepfakes technology. Fake videos manipulated by future face swapping methods

will be included as long as they can pass the human test supported by us.

3.3.1 Baselines

Existing studies [23, 80] primarily provide image-level face forgery detection bench-

mark. However, fake videos in-the-wild are much more menacing than manipulated

images. We propose to conduct evaluation mainly based on video classification

methods for two reasons. First, image-level face forgery detection methods do

not consider any temporal information – an important cue for video-based tasks.

Second, image-level methods have been widely studied. We only choose one image-

level method, XceptionNet [89], which achieves the best performance in [23], as one

part of our benchmark for reference. The other four video-based baselines are C3D

[100], TSN [101], I3D [97], and ResNet+LSTM [98, 99], all of which have achieved

promising results in video classification tasks.

3.3.2 Results and Analysis

Owing to the goal of detecting fakes in real-world scenarios, we mainly explore

how common distortions appearing in real scenes a↵ect the model performance.

Accuracies of face forgery detection on the standard test set and the introduced

hidden test set are evaluated under various settings.

Evaluation of e↵ectiveness of DeeperForensics-1.0. For a fair compari-

son, we evaluate DeeperForensics-1.0 and the state-of-the-art FaceForensics++ [23]

dataset because they use the same driving videos. In this setting, we use 1, 000 raw
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Table 3.4: The binary detection accuracy of the baselines when trained and
tested on DeeperForensics-1.0 dataset with di↵erent distortion perturbations.
We analyze di↵erent training and testing settings on the standard set without
distortions (std), the standard set with single-level distortions (std/sing), and
the standard set with random-level distortions (std/rand).

Train std std std std/sing std/rand std/sing std/rand
Test (acc) std std/sing std/rand std/sing std/rand std/rand std/ sing
C3D [100] 98.50 87.63 92.38 95.38 96.63 96.75 94.00
TSN [101] 99.25 91.50 95.00 98.25 98.88 98.12 99.12
I3D [97] 100.00 90.75 96.88 99.50 99.63 99.63 98.00

ResNet+LSTM [98, 99] 100.00 90.63 97.13 100.00 98.63 100.00 97.25
XceptionNet [89] 100.00 88.38 94.75 99.63 99.63 99.75 99.00

manipulated videos without distortions in the standard set of DeeperForensics-1.0.

For FaceForensics++, the same split is applied to its four subsets. All the models

are tested on the hidden test set (see Table 3.3).

The baselines trained on the standard training set of DeeperForensics-1.0 achieve

much better performance on the hidden test set than all the four subsets of Face-

Forensics++. This proves the higher quality of DeeperForensics-1.0 over prior

works, making it more useful for real-world face forgery detection. In Table 3.3,

I3D [97] obtains the best performance on the hidden test set when trained on the

standard training set. We conjecture that the temporal discontinuity of fake videos

leads to higher accuracy by this video-level forgery detection method.

Evaluation of dataset perturbations. We study the e↵ect of perturbations

towards the forgery detection model performance. In contrast to prior work [23],

we try to evaluate the baseline accuracies when applying di↵erent distortions to

the training and the test sets, in order to explore the function of perturbations in

face forensics dataset.

In this setting, we conduct all the experiments on DeeperForensics-1.0 dataset

with high diversity of perturbations. We use 1, 000 manipulated videos in the

standard set (std), 1, 000 manipulated videos with single-level (level-5), random-

type distortions (std/sing), 1, 000 manipulated videos with random-level, random-

type distortions (std/rand). The data split is the same as that of the standard set

with a ratio of 7 : 1 : 2.

In Column 2 of Table 3.4, we find the accuracy is nearly 100% when the models

are trained and tested on the standard set. This is reasonable because the strong

baselines perform very well in a clean dataset with the same distribution. In
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Table 3.5: The binary detection accuracy of the baselines on the hidden test
set when trained on DeeperForensics-1.0 dataset with the standard set without
distortions (std), combination of std and the standard set with single-level dis-
tortions (std+std/sing), combination of std and the standard set with random-
level distortions (std+std/rand), combination of std and the standard set with
the mixed distortions(std+std/mix).

Train std std+std/sing std+std/rand std+std/mix
Test (acc) hidden hidden hidden hidden
C3D [100] 74.75 78.25 78.13 78.88
TSN [101] 77.00 78.75 79.50 79.50
I3D [97] 79.25 80.13 80.13 80.13

ResNet+LSTM [98, 99] 78.25 80.25 79.50 80.25
XceptionNet [89] 77.00 79.75 79.75 79.88

Columns 3 and 4, the accuracy decrease compared to Column 2, when we choose

std/sing and std/rand as the test set. Most of the video-level methods except C3D

[100] are more robust to perturbations on test set than XceptionNet [89]. This

setting is very common because di↵erent distributions of the training and the test

sets lead to decrease in model accuracies. Hence, the lack of perturbations in the

face forensics dataset cutbacks the model performance for real-world face forgery

detection with even more complex data distribution.

When we apply corresponding distortions to the training and test sets, the accuracy

will increase (Column 5 and 6 in Table 3.4) compared to Column 3 and 4. However,

this setting is impractical because the distributions of the training and test sets

are still the same. We should augment the test set to better simulate the real-

world distribution. Thus, some evaluation settings in previous works [23, 80] are

unreasonable. If we swap the training set and the test set of std/sing and std/rand

to further randomize the condition, results shown in Column 7 and 8 indicate that

the accuracy remains high. This evaluation setting shows the possibility that with

the same generation method, exerting appropriate distortions to the training set

can make face forgery detection models more robust to real-world perturbations.

Evaluation of variants of training set for real-world face forgery detec-

tion. We have conducted several experiments for evaluations of possible perturba-

tions. Nevertheless, the case is more complex in real scenes because no information

about the fake videos is available. The video may be subjected to more than one

type and diverse levels of distortions. In addition to distortions, the method ma-

nipulating the faces is unknown.
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From the evaluation of perturbations, we find the possibility of augmenting the

training set to improve detection model performance. Thus, we further evaluate

baseline performance on the hidden test set by devising some variants of the train-

ing set. We perform experiments on DeeperForensics-1.0. In this setting, other

than std, std/sing, and std/rand, we use additional 1, 000 manipulated videos, each

of which is subjected to a mixture of three random-level, random-type distortions

(std/mix). We combine std with std/sing, std/rand, and std/mix, respectively,

yielding three new training sets (with the same data split as the former settings).

Column 2 in Table 3.5 shows the low accuracy when the models trained on std

and tested on the hidden test set (same as Column 6 in Table 3.3). Columns 3

and 4 indicate that the accuracy of all the baseline models increase when trained

on std+std/sing and std+std/rand. The accuracy of I3D [97] and ResNet+LSTM

[98, 99], are over 80% in some cases. In a more complex setting, when the models

are trained on std+std/mix, Column 5 shows the accuracy of all the detection

baselines further increase.

The results suggest that designing suitable training set variants has the potential

to help increase face forgery detection accuracy, and applying various distortions to

ensure the diversity of DeeperForensics-1.0 is necessary. In addition, compared to

image-level method, video-level face forgery detection methods have more potential

capabilities to crack real-world fake videos as shown in Table 3.5.

Although the accuracy on the challenging hidden test set is still not very high, we

provide two initial directions for future real-world face forgery detection research:

1) Improving the source data collection and generation method to ensure the quality

of the training set; 2) Augmenting the training set by various distortions to ensure

its diversity. We welcome researchers to make our benchmark more comprehensive.

3.4 Discussion

In this work, we propose a new large-scale dataset named DeeperForensics-1.0

to facilitate the research of face forgery detection towards real-world scenarios.

We make several e↵orts to ensure good quality, large scale, and high diversity of

this dataset. Based on the dataset, we further benchmark existing representative
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forgery detection methods, o↵ering insights into the current status and future strat-

egy in face forgery detection. Several topics can be considered as future works. 1)

We will continue to collect more source and target videos to further expand Deep-

erForensics. 2) We plan to invite interested researchers for contributing their video

falsification methods to enlarge our hidden test set, as long as the fakes can pass

the human test supported by us. 3) A better evaluation metric for face forgery

detection methods is also an interesting research topic.



Chapter 4

TSIT: A Simple and Versatile

Framework for Image-to-Image

Translation

4.1 Introduction

After securing the potential countermeasures against the negative impact of gen-

erated data (Chapter 3), we wish to dive more deeply into the potential of our

research in many other practical applications. A versatile framework is useful as

it circumvents cumbersome modifications when applied to di↵erent tasks, which is

meaningful in practice. We then shift our attention to another important problem

in image generation, i.e., image-to-image translation [3], which aims at translating

one image representation to another. Recent advances [2, 10, 12, 25, 26], especially

GANs [10], have made remarkable success in various image-to-image translation

tasks. Previous studies usually present specialized solutions for a specific form

of application, ranging from arbitrary style transfer [14, 19, 20, 27, 61, 64, 104]

under the unsupervised setting, to semantic image synthesis [3, 32–35, 65] in the

supervised setting.

In this chapter, we are interested in devising a general and unified framework that is

applicable to di↵erent image-to-image translation tasks with a negligible sacrifice

⇤ The work in this chapter has been published in [21].
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natural images (summer -> winter) real-world scenes (day -> night) artistic paintings (photo -> art)

Arbitrary Style Transfer

Semantic Image Synthesis

outdoor (mask -> image) street scene (mask -> image) indoor (mask -> image)

Multi-Modal Image Synthesis

controllable styles by a single model (sunny -> diverse weathers/times)

Figure 4.1: Our TSIT framework is simple and versatile for various image-
to-image translation tasks. For unsupervised arbitrary style transfer, diverse
scenarios (e.g., natural images, real-world scenes, artistic paintings) can be han-
dled. For supervised semantic image synthesis, our method is robust to di↵erent
scenes (e.g., outdoor, street scene, indoor). Multi-modal image synthesis is fea-
sible by a single model with controllable styles.

of synthesis quality. This is non-trivial given the di↵erent natures of di↵erent

tasks. For instance, in certain conditional image synthesis tasks (e.g., arbitrary

style transfer), paired data are usually not available. Under this unsupervised

setting, translation task demands additional constraints on cycle consistency [14,

19, 27, 28], semantic features [29], pixel gradients [30], or pixel values [31]. In

semantic image synthesis (i.e., translation from segmentation labels to images),

training pairs are available. This task is more data-dependent and typically needs

losses to minimize per-pixel distance between the generated sample and ground

truth. In addition, specialized structures [32–35] are required to maintain spatial

coherence and resolution. Due to the di↵erent needs, existing methods exploit their

own specially designed components. It is di�cult to cross-use these components or

integrate them into a unified framework.

To address the aforementioned challenges, we propose a Two-Stream Image-to-

image Translation (TSIT) framework, which is versatile for various image-to-image

translation tasks (see Figure 4.1). The framework is simple as it is based purely

on feature transformation. Unlike previous approaches [34, 104] that only consider
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either semantic structure or style representation, we factorize both the structure and

style in multi-scale feature levels via a symmetrical two-stream network. The two

streams jointly influence the new image generation in a coarse-to-fine manner via a

consistent feature transformation scheme. Specifically, the content spatial structure

is preserved by an element-wise feature adaptive denormalization (FADE) from the

content stream, while the style information is exerted by feature adaptive instance

normalization (FAdaIN) from the style stream. Standard loss functions such as

adversarial loss and perceptual loss are used, without additional constraints like

cycle consistency. The pipeline is applicable to both unsupervised and supervised

settings, easing the preparation of data.

The contributions of our work are summarized as follows. We propose TSIT,

a simple and versatile framework, which is e↵ective for various image-to-image

translation tasks. Despite the succinct design, our network is readily adaptable to

various tasks and achieves compelling results. The good performance is achieved

by 1) multi-scale feature normalization (FADE and FAdaIN) scheme that captures

coarse-to-fine structure and style information, and 2) a two-stream network design

that integrates both content and style e↵ectively, reducing artifacts and making

multi-modal image synthesis possible (see Figure 4.1). In comparison to several

state-of-the-art task-specific baselines [20, 32–35, 64, 65], our method achieves com-

parable or even better results in both perceptual quality and quantitative evalua-

tions.

4.2 Methodology

We consider three key requirements in formulating a robust and scalable method to

link various tasks: 1) Both semantic structure information and style representation

should be considered and fused adaptively. 2) The content and style information

should be learned by networks in feature level instead of in image level to fit the

nature of diverse semantic tasks. 3) The network structure and loss functions

should be simple for easy training without additional constraints.

Based on the aforementioned considerations, we design a TSIT framework (see

Figure 4.2). We will detail our method in this section, including the network
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Figure 4.2: The proposed Two-Stream Image-to-image Translation (TSIT)
framework. The multi-scale patch-based discriminators are omitted. A Gaussian
noise map is taken as the latent input for the generator. The feature representa-
tions of the content and style images are extracted by the corresponding streams
for multi-scale feature transformations. The symmetrical networks fuses seman-
tic structure and style representation in an end-to-end training. Submodules of
our network are shown in Figure 4.3.

structure (Section 4.2.1), the feature transformation scheme (Section 4.2.2), and

the objective functions (Section 4.2.3).

4.2.1 Network Structure

As illustrated in Figure 4.2, TSIT consists of four components: content stream,

style stream, generator, and discriminators (omitted in Figure 4.2). The first three

main components are fully convolutional and symmetrically designed. The details

of the submodules, including content/style residual block, FADE residual block,

FADE module in the FADE residual block, are as shown in Figure 4.3. We will

discuss them separately in this section.

Content/style stream. Unlike the traditional conditional GAN [12], we place

the two-stream networks, i.e., content stream and style stream, on each side of

the generator (see Figure 4.2). These two streams are symmetrical with the same

network structure, aiming at extracting corresponding feature representations in

di↵erent levels. We construct content/style stream based on standard residual
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Figure 4.3: Submodules of our framework. (a) is a content/style residual block
in the symmetrical content/style streams. (b) is a FADE residual block in the
generator. (c) is a FADE module in the FADE residual block. It performs
element-wise denormalization by modulating the normalized activation using a
learned a�ne transformation defined by the modulation parameters � and �.

blocks [98]. We call them content/style residual blocks. As shown in Fig 4.3 (a),

each block has three convolutional layers, one of which is designed for the learned

skip connection. The activation function is Leaky ReLU. The function of con-

tent/style stream is to extract features and feed them to the corresponding feature

transformation layers in the generator. Multi-scale content/style representation in

feature levels can be learned by content/style stream, adaptively fitting di↵erent

feature transformations.

Generator. The generator has a completely inverse structure w.r.t. the con-

tent/style stream. This is intentionally designed to consistently match the level of

semantic abstraction at di↵erent feature scales. A noise map is sampled from a

Gaussian distribution as the latent input, and the feature maps from correspond-

ing layers in content/style stream are taken as multi-scale feature inputs. The

proposed feature transformations are implemented by a FADE residual block (Fig-

ure 4.3 (b)) and a FAdaIN module. In the FADE residual block, we use an inverse

architecture w.r.t. the content/style residual block and replace the batch normal-

ization [156] layer with the FADE module (Figure 4.3 (c)). The FADE module

performs element-wise denormalization by modulating the normalized activation

using a learned a�ne transformation defined by the modulation parameters � and

�. The FAdaIN module is used to exert style information through feature adaptive

instance normalization. More discussions are given in Section 4.2.2.
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The entire image generation process is performed in a coarse-to-fine manner. In

particular, multi-scale content/style features are injected to refine the generated

image constantly from high-level latent code to low-level image representation.

Semantic structure and style information are learnable and e↵ectively fused in an

end-to-end training.

Discriminators. We exploit the standard multi-scale patch-based discriminators

(omitted in Figure 4.2) in [33, 34]. Three regular discriminators with an identi-

cal architecture are included to discriminate images at di↵erent scales. Despite

the same structure, patch-based training allows the discriminator operating at the

coarsest scale to have the largest receptive field, capturing global information of

the image. Whereas the one operating at the finest scale has the smallest recep-

tive field, making the generator produce better details. Multi-scale patch-based

discriminators further improve the robustness of our method for image-to-image

translation tasks in di↵erent resolutions. Besides, the discriminators also serve as

feature extractors for the generator to optimize the feature matching loss.

4.2.2 Feature Transformation

We propose a new feature transformation scheme, considering both semantic struc-

ture information and style representation, and fusing them adaptively. Let x
c

be the content image and x
s be the style image. CS, SS, G, D denote content

stream, style stream, generator, and discriminators, respectively. Sampled from a

Gaussian distribution, z0 2 Z is a noise map as the latent input for the generator

(Figure 4.2). Let zi 2 {z0, z1, z2, ..., zk} be the feature map after i-th residual block

in the generator, with k denoting the the total number of residual blocks (i.e., the

upsampling times in the generator). Let f c
i 2 {f c

0 , f
c
1 , f

c
2 , ..., f

c
k} represent the cor-

responding feature representations extracted by the content stream (Figure 4.2),

f
s
i 2 {f s

0 , f
s
1 , f

s
2 , ..., f

s
k} with the similar meaning in the style stream.

Feature adaptive denormalization (FADE). Our method is inspired by spa-

tially adaptive denormalization (SPADE) [34]. Di↵erent from SPADE that resizes

a semantic mask as its input, we generalize the input to multi-scale feature rep-

resentation f
c
i of the content image x

c. In this way, we fully exploit semantic

information captured by the content stream CS.
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Formally, we define N as the batch size, Li as the number of feature map channels

in each layer. Hi and Wi are height and width, respectively. We first apply batch

normalization [156] to normalize the generator feature map zi in a channel-wise

manner. Then, we modulate the normalized feature by using the learned param-

eters scale �i and bias �i. The denormalized activation (n 2 N , l 2 Li, h 2 Hi,

w 2 Wi) is:

�
l,h,w
i ·

z
n,l,h,w
i � µ

l
i

�
l
i

+ �
l,h,w
i , (4.1)

where µl
i and �

l
i are the mean and standard deviation, respectively, of the generator

feature map zi before the batch normalization [156] in channel l:

µ
l
i =

1

NHiWi

X

n,h,w

z
n,l,h,w
i , (4.2)

�
l
i =

s
1

NHiWi

X

n,h,w

⇣
z
n,l,h,w
i

⌘2
�
�
µ
l
i

�2
. (4.3)

The denormalization operation is element-wise, and the parameters �l,h,w
i and �

l,h,w
i

are learned by one-layer convolutions from f
c
i in the FADE module (see Figure 4.3

(c)). Compared to previous conditional normalization methods [34, 104, 107],

FADE experiences more perceptible influence from coarse-to-fine feature repre-

sentations, thus it can better preserve semantic structure information.

Feature adaptive instance normalization (FAdaIN). To better fuse style rep-

resentation, we introduce another feature transformation, named feature adaptive

instance normalization (FAdaIN). This method is inspired by adaptive instance

normalization (AdaIN) [104], with a generalization to enable the style stream SS

to learn multi-scale feature-level style representation f
s
i of the style image xs more

e↵ectively.

We use the same notation zi to represent the feature map after i-th FADE residual

block in the generator. FAdaIN adaptively computes the a�ne parameters from

the corresponding style feature f
s
i with the same scale from SS:

FAdaIN (zi, f
s
i ) = � (f s

i )

✓
zi � µ (zi)

� (zi)

◆
+ µ (f s

i ) , (4.4)



46 4.2. Methodology

where µ (zi) and � (zi) are the mean and standard deviation, respectively, of zi.

Exploiting FAdaIN, coarse-to-fine style features at di↵erent layers can be fused

adaptively with the corresponding semantic structure features learned by FADE,

allowing our framework to be trained end-to-end and versatile to di↵erent tasks.

Furthermore, owing to the e↵ectiveness of FAdaIN in capturing multi-scale style

feature representations, multi-modal image synthesis is made possible with arbi-

trary style control.

4.2.3 Objective

We use standard losses in our objective function. Following [34, 35], we adopt

a hinge loss term [148, 157, 158] as our adversarial loss. For the generator, we

apply hinge-based adversarial loss, perceptual loss [66], and feature matching loss

[33]. For the multi-scale discriminators, only hinge-based adversarial loss is used

to distinguish whether the image is real or fake. The generator and discriminator

are trained alternately to play a min-max game. The generator loss LG and the

discriminator loss LD can be written as:

LG = �E [D (g)] + �PLP (g, xc) + �FMLFM (g, xs) , (4.5)

LD = �E [min (�1 +D (xs) , 0)]� E [min (�1�D (g) , 0)] , (4.6)

where g = G (z0, xc
, x

s) denotes the generated image, z0, xc, xs denote the input

noise map in latent space, the content image, and the style image, respectively.

LP is the perceptual loss [66] that minimizes the di↵erence between the feature

representations extracted by VGG-19 [66] network. LFM is the feature matching

loss [33] that matches the intermediate features at di↵erent layers of multi-scale

discriminators. �P and �FM are the corresponding weights.

The simple objective functions make our framework stable and easy to train.

Thanks to the two-stream network, the typical KL loss [2] for multi-modal im-

age synthesis becomes optional. Despite the simplicity, TSIT is highly versatile for

various image-to-image translation tasks.
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4.3 Experiments

4.3.1 Settings

Implementation details. We use Adam [159] optimizer and set �1 = 0, �2 = 0.9.

Two time-scale update rule [8] is applied, where the learning rates for the generator

(including two streams) and the discriminators are 0.0001 and 0.0004, respectively.

We exploit Spectral Norm [148] for all layers in our network. We adopt SyncBN

and IN [160] for the generator and the multi-scale discriminators, respectively. For

the perceptual loss [66], we use the feature maps of relu1 1, relu2 1, relu3 1,

relu4 1, relu5 1 layers from a pretrained VGG-19 [161] model, with the weights

[1/32, 1/16, 1/8, 1/4, 1]. For the feature matching loss [33], we select features of

three layers from the discriminator at each scale. All the experiments are conducted

on NVIDIA Tesla V100 GPUs.

Applications. The proposed framework is versatile for various image-to-image

translation tasks. We consider three representative applications of conditional im-

age synthesis: arbitrary style transfer (unsupervised), semantic image synthesis

(supervised), and multi-modal image synthesis (enriching generation diversity).

Datasets. For arbitrary style transfer, we consider diverse scenarios. We use

Yosemite summer ! winter dataset (natural images) provided by [14]. We classify

BDD100K [162] (real-world scenes) into di↵erent times and perform day ! night

translation. Besides, we use Photo ! art dataset (artistic paintings) in [14]. For

semantic image synthesis, we select several challenging datasets (i.e., Cityscapes

[163] and ADE20K [164]). For multi-modal image synthesis, we further classify

BDD100K [162] into di↵erent time and weather conditions, and perform control-

lable time and weather translation.

Evaluation metrics. Besides comparing perceptual quality, we employ the stan-

dard evaluation protocol in prior works [5, 13, 20, 34, 35] for quantitative evaluation.

For arbitrary style transfer, we apply Fréchet Inception Distance (FID, evaluating

similarity of distribution between the generated images and the real images, lower is

better) [8] and Inception Score (IS, considering clarity and diversity, higher is bet-

ter) [51]. For semantic image synthesis, we strictly follow [34, 35], adopting FID

[8] and segmentation accuracy (mean Intersection-over-Union (mIoU) and pixel
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Figure 4.4: Yosemite summer ! winter season transfer results compared
to baselines.

accuracy (accu)). The segmentation models are: DRN-D-105 [165] for Cityscapes

[163], and UperNet101 [166] for ADE20K [164].

Baselines. We compare our method with several state-of-the-art task-specific

baselines. For a fair comparison, we mainly employ GAN-based methods. In the

unsupervised setting, MUNIT [20] and DMIT [64] are included, with the strong

ability to capture the multi-modal nature of images while keeping quality. In

the supervised setting, we compare against CRN [32], SIMS [65], pix2pixHD [33],

SPADE [34], and CC-FPSE [35].

4.3.2 Results and Analysis

Arbitrary style transfer. The results of Yosemite summer ! winter season

transfer are shown in Figure 4.4. Baselines [20, 64] tend to impose the color of the

style image (winter) to the whole content image (summer). Besides, MUNIT some-

times introduces unnecessary artistic e↵ects, and DMIT generates some grid-like

artifacts. In comparison, our generated results are clearer and more semantics-

aware spatially. The results of BDD100K day ! night time translation are shown
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Figure 4.5: BDD100K day ! night time translation results compared to
baselines.

Figure 4.6: Photo ! art style transfer results compared to baselines.

Table 4.1: The FID and IS scores of our method compared to state-of-the-art
methods in arbitrary style transfer tasks. A lower FID and a higher IS indicate
better performance.

summer ! winter day ! night photo ! art
Methods FID # IS " FID # IS " FID # IS "
MUNIT [20] 118.225 2.537 110.011 2.185 167.314 3.961
DMIT [64] 87.969 2.884 83.898 2.156 166.933 3.871
Ours 80.138 2.996 79.697 2.203 165.561 4.020
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Figure 4.7: Semantic image synthesis results compared to baselines.

in Figure 4.5. Some objects (e.g., road sign, car) generated by MUNIT are too

dark, and the whole image tends to have some unnatural colors. DMIT introduces

obvious artifacts to the car or sky. In contrast, our method produces more photo-

realistic samples in this task. In photo ! art style transfer, we choose some hard

cases to make a clear comparison (see Figure 4.6) due to the very strong ability of

all the methods in this task. Our method can transfer the styles well while e↵ec-

tively keeping the content structure. MUNIT tends to impose a homogeneous color

to the image. Although DMIT achieves slightly better stylization than our method

in certain cases (in Row 3 of Figure 4.6), it also brings some grid-like distortions.

The quantitative evaluation results are shown in Table 4.1. Our approach achieves

better performance than baselines [20, 64] in all the tasks. We also note that the

gap is relatively small in photo! art style transfer, in line with the close qualitative

performance in this task (see Figure 4.6).

Semantic image synthesis. We choose two state-of-the-art baselines, SPADE

[34] and CC-FPSE [35], to show some qualitative comparison results of semantic

image synthesis (Figure 4.7). Our method demonstrates better perceptual quality
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Table 4.2: The mIoU, pixel accuracy (accu), and FID scores of our method
compared to state-of-the-art methods in semantic image synthesis tasks. A
higher mIoU, a higher pixel accuracy (accu), and a lower FID indicate bet-
ter performance.

Cityscapes ADE20K
Methods mIoU " accu " FID # mIoU " accu " FID #
CRN [32] 52.4 77.1 104.7 22.4 68.8 73.3
SIMS [65] 47.2 75.5 49.7 N/A N/A N/A
pix2pixHD [33] 58.3 81.4 95.0 20.3 69.2 81.8
SPADE [34] 62.3 81.9 71.8 38.5 79.9 33.9
CC-FPSE [35] 65.5 82.3 54.3 43.7 82.9 31.7
Ours 65.9 82.7⇤ 59.2 38.6 80.8 31.6

than these task-specific baselines. In street scene (Column 1), our method generates

better details on key objects (car, pedestrian). In road scene (Column 2), SPADE

generates atypical colors on the roads, while CC-FPSE produces unnatural edges

on the cars, hardly fitting the background (road). For outdoor natural images

(Column 3), all the methods share a similar generation quality. Our method is

slightly better due to less distortions on the grass. In indoor scene (Column 4 and

5), SPADE and CC-FPSE produce obvious artifacts in some cases (Column 5). In

contrast, our method is more robust to diverse scenarios.

The quantitative evaluation results are shown in Table 4.2 (the values used for

comparison are taken from [34, 35]). The proposed method achieves compara-

ble performance with the very strong specialized methods [32–35, 65] for semantic

image synthesis. Note that SIMS [65] yields the best FID score but poor segmenta-

tion performance on Cityscapes, because it stitches image patches from a memory

bank of training set while not keeping the exactly consistent position in the syn-

thesized image. Our approach achieves state-of-the-art segmentation performance

on Cityscapes and the best FID score on ADE20K, suggesting its robustness to fit

the nature of di↵erent image-to-image translation tasks.

Multi-modal image synthesis. We perform multi-modal image synthesis for

time and weather image-to-image translation (see Figure 4.8) on BDD100K [162].

⇤ The value di↵ers from the earlier version of this work [167]. The o�cial code of DRN [165]
does not provide the implementation of the “accu” metric. The new accu value 82.7% (still
the best among the compared methods) is obtained by including 255-labeled pixels, consistent
with [34, 35]. The previously reported accu 94.4% omits 255-labeled pixels, which may be more
reasonable due to its consistency with the training of the segmentation model and the calculation
of mIoU.
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Figure 4.8: BDD100K multi-modal image synthesis results for di↵erent
time and weather translation by a single model.

Figure 4.9: Cross validation of ine↵ectiveness of task-specific methods in
inverse settings.

Training only a single model, we translate the images of weather sunny to di↵er-

ent times and weathers (i.e., night, snowy, cloudy, rainy). Our method e↵ectively

adapts to di↵erent style control and keeps photorealistic generation quality. Al-

though the weather snowy is not very obvious in BDD100K [162], our approach

successfully introduces some snow-like e↵ects on trees and grounds (Column 2).

Cross validation. We also conduct experiments to evaluate the performance of

existing specialized methods in inverse settings (i.e., using unsupervised methods

to do semantic image synthesis / using supervised methods to perform arbitrary

style transfer). We selected two representative methods, MUNIT [20] and SPADE

[34]. Without modifying the architecture, we tuned the loss weights and tried

to get the best generation results. To ensure a fair comparison, we also tried to
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Figure 4.10: Ablation studies of key modules (i.e., content stream (CS), style
stream(SS)) and feature transformations in the multi-modal image synthesis
task.
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compute perceptual loss with the content (day) image for SPADE to match the

setting of TSIT. Representative results of cross validation are shown in Figure 4.9.

The proposed method shows much better results than baseline methods. MUNIT

fails to adapt to semantic image synthesis. SPADE loses details of key objects and

introduces very strong artifacts despite translating the color correctly.

Ablation studies. We present ablation studies of key modules (i.e., content

stream (CS), style stream(SS)) and the proposed feature transformations (see Fig-

ure 4.10). We perform multi-modal image synthesis to show the e↵ectiveness of

di↵erent components. Our full model generates high-quality results (Row 3). When

we directly inject the resized content image without CS, the semantic structure in-

formation becomes weak, leading to several artifacts in the sky (Row 4). Without

SS, the model cannot perform multi-modal image synthesis at all (Row 5). The

style representation is dominated by the night style. When we concatenate the

feature maps of CS with the ones of the generator instead of using FADE, the

concatenation introduces too much content information, leading to several failure

cases (e.g., sunny ! night in Row 6). If we discard FAdaIN by concatenating the

feature maps of SS with the ones of the generator, the style becomes too strong,

causing serious style regionalization problem (Row 7).

4.4 Limitations and Failure Cases

Notwithstanding the promising results, the introduced TSIT framework can still

be improved in a few aspects. First, the overall quality of synthesis may be further

improved. Several observable artifacts might exist on the generated images. In

particular (see Figure 4.11), unnatural regional stylization (Columns 1-3) and spot

artifacts (Column 4) may occur in arbitrary style transfer. Second, the style repre-

sentation is sometimes fused globally and randomly, weakening the semantic-aware

stylization. We attribute this issue to the lack of semantic guidance in the style

stream with only random initialization. Third, the TSIT network is a bit heavy

and slow, despite its versatility for various tasks. The heavy structure still limits

its scalability to many real-time high-resolution practical applications.
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Figure 4.11: Failure cases (Row 2) generated by the proposed TSIT frame-
work. Some observable artifacts, e.g., unnatural regional stylization and spot
artifacts, may exist in arbitrary style transfer.

4.5 Conclusion

We propose TSIT, a simple and versatile framework for image-to-image transla-

tion. The proposed symmetrical two-stream network allows the image generation

to be e↵ectively conditioned on the multi-scale feature-level semantic structure in-

formation and style representation via feature transformations. A systematic study

verifies the e↵ectiveness of our method in diverse tasks compared to state-of-the-art

task-specific baselines. We believe that designing a unified and versatile framework

for more tasks is an important direction in the image generation area. Incorporat-

ing unconditional image synthesis tasks and introducing more variability into the

two streams/latent space can be interesting future works.





Chapter 5

Focal Frequency Loss for Image

Reconstruction and Synthesis

5.1 Introduction

Apart from the progress in the practical perspective of image and video generation

(Chapter 3 and Chapter 4), we further wish to tackle the remaining issues through a

more fundamental and theoretical study. Thus, we then delve into image generation

from a di↵erent prospect, i.e., frequency domain. We have seen remarkable progress

in image reconstruction and synthesis along with the development of generative

models [1, 2, 10, 26, 46], and the progress continues with the emergence of various

powerful deep learning-based approaches [4, 34, 168, 169]. Despite their immense

success, one could still observe the gaps between the real and generated images in

certain cases.

These gaps are sometimes manifested in the form of artifacts that are discernible.

For instance, upsampling layers using transposed convolutions tend to produce

checkerboard artifacts [170]. The gaps, in some other cases, may only be revealed

through the frequency spectrum analysis. Recent studies [128–130] in media foren-

sics have shown some notable periodic patterns in the frequency spectra of manip-

ulated images, which may be consistent with artifacts in the spatial domain. In

Figure 5.1, we show some paired examples of real images and the fake ones gen-

erated by typical generative models for image reconstruction and synthesis. It is

⇤ The work in this chapter has been published in [60].

57
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Figure 5.1: Frequency domain gaps between the real and the generated im-
ages by typical generative models in image reconstruction and synthesis. Vanilla
AE [1] loses important frequencies, leading to blurry images (Row 1 and 2).
VAE [2] biases to a limited spectrum region (Row 3), losing high-frequency infor-
mation (outer regions and corners). Unnatural periodic patterns can be spotted
on the spectra of images generated by GAN (pix2pix) [3] (Row 4), consistent
with the observable checkerboard artifacts (zoom in for view). In some cases, a
frequency spectrum region shift occurs to GAN-generated images (Row 5).

observed that the frequency domain gap between the real and fake images may be

a common issue for these methods, albeit in slightly di↵erent forms.

The observed gaps in the frequency domain may be imputed to some inherent bias

of neural networks when applied to reconstruction and synthesis tasks. Fourier

analysis highlights a phenomenon called spectral bias [37–39], a learning bias of

neural networks towards low-frequency functions. Thus, generative models tend to

eschew frequency components that are hard to synthesize, i.e., hard frequencies,

and converge to an inferior point. F-Principle [118] shows that the priority of

fitting certain frequencies in a network is also di↵erent throughout the training,
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usually from low to high. Consequently, it is di�cult for a model to maintain

important frequency information as it tends to generate frequencies with a higher

priority.

In this work, we carefully study the frequency domain gap between real and fake

images and explore ways to ameliorate reconstruction and synthesis quality by nar-

rowing this gap. Existing methods [2, 3, 34] usually adopt pixel losses in the spatial

domain, while spatial domain losses hardly help a network find hard frequencies and

synthesize them, in that every pixel shares the same significance for a certain fre-

quency. In comparison, we transform both the real and generated samples to their

frequency representations using the standard discrete Fourier transform (DFT).

The images are decomposed into sines and cosines, exhibiting periodic properties.

Each coordinate value on the frequency spectrum depends on all the image pixels in

the spatial domain, representing a specific spatial frequency. Explicitly minimizing

the distance of coordinate values on the real and fake spectra can help networks

easily locate di�cult regions on the spectrum, i.e., hard frequencies.

To tackle these hard frequencies, inspired by hard example mining [137, 138] and

focal loss [139], we propose a simple yet e↵ective frequency-level objective function,

named focal frequency loss. We map each spectrum coordinate value to a Euclidean

vector in a two-dimensional space, with both the amplitude and phase information

of the spatial frequency put under consideration. The proposed loss function is

defined by the scaled Euclidean distance of these vectors by down-weighting easy

frequencies using a dynamic spectrum weight matrix. Intuitively, the matrix is

updated on the fly according to a non-uniform distribution on the current loss

of each frequency during training. The model will then rapidly focus on hard

frequencies and progressively refine the generated frequencies to improve image

quality.

The main contribution of this work is a novel focal frequency loss that directly

optimizes generative models in the frequency domain. We carefully motivate how

a loss can be built on a space where frequencies of an image can be well repre-

sented and distinguished, facilitating optimization in the frequency dimension. We

further explain the way that enables a model to focus on hard frequencies, which

may be pivotal for quality improvement. Extensive experiments demonstrate the

e↵ectiveness of the proposed loss on representative baselines [1–3, 34], and the loss

is complementary to existing spatial domain losses such as perceptual loss [66].
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We further show the potential of focal frequency loss to improve state-of-the-art

StyleGAN2 [4].

5.2 Focal Frequency Loss

To formulate our method, we explicitly exploit the frequency representation of im-

ages (Section 5.2.1), facilitating the network to locate the hard frequencies. We

then define a frequency distance (Section 5.2.2) to quantify the di↵erences between

images in the frequency domain. Finally, we adopt a dynamic spectrum weight-

ing scheme (Section 5.2.3) that allows the model to focus on the on-the-fly hard

frequencies.

5.2.1 Frequency Representation of Images

In this section, we revisit and highlight several key concepts of the discrete Fourier

transform. We demonstrate the e↵ect of missing frequencies in the image and the

advantage of frequency representation for locating hard frequencies.

Discrete Fourier transform (DFT) is a complex-valued function that converts a dis-

crete finite signal into its constituent frequencies, i.e., complex exponential waves.

An image1 can be treated as a two-dimensional discrete finite signal with only real

numbers. Thus, to convert an image into its frequency representation, we perform

the 2D discrete Fourier transform:

F (u, v) =
M�1X

x=0

N�1X

y=0

f (x, y) · e�i2⇡(ux
M + vy

N )
, (5.1)

where the image size is M ⇥N ; (x, y) denotes the coordinate of an image pixel in

the spatial domain; f (x, y) is the pixel value; (u, v) represents the coordinate of

a spatial frequency on the frequency spectrum; F (u, v) is the complex frequency

value; e and i are Euler’s number and the imaginary unit, respectively. Following

Euler’s formula:

e
i✓ = cos ✓ + i sin ✓, (5.2)

1 For simplicity, the formulas in this section are applied to gray-scale images, while the ex-
tension to color images is straightforward by processing each channel separately in the same
way.
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Figure 5.2: Standard bandlimiting operations on the frequency spectrum with
the origin (low frequencies) center shifted and respective images in the spatial
domain. These manual operations can be regarded as a simulation to show the
e↵ect of missing frequencies.

the natural exponential function in Eq. (5.1) can be written as:

e
�i2⇡(ux

M + vy
N ) = cos 2⇡

⇣
ux

M
+

vy

N

⌘
� i sin 2⇡

⇣
ux

M
+

vy

N

⌘
. (5.3)

According to Eq. (5.1) and Eq. (5.3), the image is decomposed into orthogonal sine

and cosine functions, constituting the imaginary and the real part of the frequency

value, respectively, after applied 2D DFT. Each sine or cosine can be regarded as

a binary function of (x, y), where its angular frequency is decided by the spectrum

position (u, v). The mixture of these sines and cosines provides both the horizontal

and vertical frequencies of an image. Therefore, spatial frequency manifests as the

2D sinusoidal components in the image. The spectrum coordinate (u, v) also repre-

sents the angled direction of a spatial frequency, and F (u, v) shows the “response”

of the image to this frequency. Due to the periodicity of trigonometric functions,

the frequency representation of an image also acquires periodic properties.

Note that in Eq. (5.1), F (u, v) is the sum of a function that traverses every image

pixel in the spatial domain, hence a specific spatial frequency on the spectrum

depends on all the image pixels. For an intuitive visualization, we suppress the

single center point (the lowest frequency) of the spectrum (Column 2 of Figure 5.2),

leading to all the image pixels being a↵ected. To further ascertain the spatial

frequency at the di↵erent regions on the spectrum, we perform some other standard

bandlimiting operations and visualize their physical meanings in the spatial domain

(Figure 5.2). A low-pass filter (Column 3), i.e., missing high frequencies, causes
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real amplitude only phase only amplitude + phase

Figure 5.3: The necessity of both amplitude and phase information for a fre-
quency distance verified by single-image reconstruction.

blur and typical ringing artifacts. A high-pass filter (Column 4), i.e., missing low

frequencies, tends to retain edges and boundaries. Interestingly, a simple band-

stop filter (Column 5), i.e., missing certain frequencies, produces visible common

checkerboard artifacts (zoom in for view).

Observably, the losses of di↵erent regions on the frequency spectrum correspond

to di↵erent artifacts on the image. One may deduce that compensating for these

losses may reduce artifacts and improve image reconstruction and synthesis quality.

The analysis here shows the value of using the frequency representation of images

for profiling and locating di↵erent frequencies, especially the hard ones.

5.2.2 Frequency Distance

To devise a loss function for the missing frequencies, we need a distance metric that

quantifies the di↵erences between real and fake images in the frequency domain.

The distance has to be di↵erentiable to support stochastic gradient descent. In

the frequency domain, the data objects are di↵erent spatial frequencies on the

frequency spectrum, appearing as di↵erent 2D sinusoidal components in an image.

To design our frequency distance, we further study the real and imaginary part of

the complex value F (u, v) in Eq. (5.1).

Let R (u, v) = a and I (u, v) = b be the real and the imaginary part of F (u, v),

respectively. F (u, v) can be rewritten as:

F (u, v) = R (u, v) + I (u, v) i = a+ bi. (5.4)
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Figure 5.4: Frequency distance between ~rr and ~rf mapped from two corre-
sponding real and fake frequency values Fr (u, v) and Ff (u, v) at the spectrum
position (u, v). The Euclidean distance (purple line) is used, considering both
the amplitude (magnitude |~rr| and |~rf |) and phase (angle ✓r and ✓f ) information.

According to the definition of 2D discrete Fourier transform, there are two key

elements in F (u, v).The first element is amplitude, which is defined as:

|F (u, v)| =
q
R (u, v)2 + I (u, v)2 =

p
a2 + b2. (5.5)

Amplitude manifests the energy, i.e., how strongly an image responds to the 2D

sinusoidal wave with a specific frequency. We typically show the amplitude as an

informative visualization of the frequency spectrum (e.g., Figure 5.1 and 5.2). The

second element is phase, which is written as:

\F (u, v) = arctan

✓
I (u, v)

R (u, v)

◆
= arctan

b

a
. (5.6)

Phase represents the shift of a 2D sinusoidal wave from the wave with the origin

value (the beginning of a cycle).

A frequency distance should consider both the amplitude and the phase as they

capture di↵erent information of an image. We show a single-image reconstruction

experiment in Figure 5.3. Merely minimizing the amplitude di↵erence returns a

reconstructed image with irregular color patterns. Conversely, using only the phase

information, the synthesized image resembles a noise. A faithful reconstruction can

only be achieved by considering both amplitude and phase.



64 5.2. Focal Frequency Loss

Our solution is to map each frequency value to a Euclidean vector in a two-

dimensional space (i.e., a plane). Following the standard definition of a complex

number, the real and imaginary parts correspond to the x-axis and y-axis, respec-

tively. Let Fr (u, v) = ar + bri be the spatial frequency value at the spectrum

coordinate (u, v) of the real image, and the corresponding Ff (u, v) = af + bf i with

the similar meaning w.r.t. the fake image. We denote ~rr and ~rf as two respective

vectors mapped from Fr (u, v) and Ff (u, v) (see Figure 5.4). Based on the def-

inition of amplitude and phase, we note that the vector magnitude |~rr| and |~rf |
correspond to the amplitude, and the angle ✓r and ✓f correspond to the phase.

Thus, the frequency distance corresponds to the distance between ~rr and ~rf , which

considers both the vector magnitude and angle. We use the (squared) Euclidean

distance for a single frequency:

d (~rr, ~rf ) = k~rr � ~rfk22 = |Fr (u, v)� Ff (u, v) |2. (5.7)

The frequency distance between the real and fake images can be written as the

average value:

d (Fr, Ff ) =
1

MN

M�1X

u=0

N�1X

v=0

|Fr (u, v)� Ff (u, v) |2. (5.8)

5.2.3 Dynamic Spectrum Weighting

The frequency distance we defined in Eq. (5.8) quantitatively compares the real

and fake images in the frequency domain. However, a direct use of Eq. (5.8) as

a loss function is not helpful in coping with hard frequencies since the weight of

each frequency is identical. A model would still bias to easy frequencies due to the

inherent bias.

Inspired by hard example mining [137, 138] and focal loss [139], we formulate our

method to focus the training on the hard frequencies. To implement this, we

introduce a spectrum weight matrix to down-weight the easy frequencies. The

spectrum weight matrix is dynamically determined by a non-uniform distribution

on the current loss of each frequency during training. The shape of the matrix is

the same as that of the spectrum. The matrix element w (u, v), i.e., the weight for



Chapter 5. Focal Frequency Loss 65

the spatial frequency at (u, v) is defined as:

w (u, v) = |Fr (u, v)� Ff (u, v) |↵, (5.9)

where ↵ is the scaling factor for flexibility (↵ = 1 in our experiments). We further

normalize the matrix values into the range [0, 1], where the weight 1 corresponds

to the currently most lost frequency, and the easy frequencies are down-weighted.

The gradient through the spectrum weight matrix is locked, so it only serves as

the weight for each frequency.

By performing the Hadamard product for the spectrum weight matrix and the

frequency distance matrix, we have the full form of the focal frequency loss (FFL):

FFL =
1

MN

M�1X

u=0

N�1X

v=0

w (u, v) |Fr (u, v)� Ff (u, v) |2. (5.10)

The focal frequency loss can be seen as a weighted average of the frequency dis-

tance between the real and fake images. It focuses the model on synthesizing hard

frequencies by down-weighting easy frequencies. Besides, the focused region is up-

dated on the fly to complement the immediate hard frequencies, thus progressively

refining the generated images and being adaptable to di↵erent methods.

In practice, to apply the proposed focal frequency loss to a model, we first transform

both the real and fake images into their frequency presentations using the 2D DFT.

We then perform the orthonormalization for each frequency value F (u, v), i.e.,

dividing it by
p
MN , so that the 2D DFT is unitary to ensure a smooth gradient.

Finally, we employ Eq. (5.10) to calculate the focal frequency loss.

5.3 Experiments

5.3.1 Settings

Baselines. We start from image reconstruction by vanilla AE [1] (i.e., a simple

2-layer MLP) and VAE [2] (i.e., CNN-based). We then study unconditional image

synthesis using VAE, i.e., generating images from the Gaussian noise. Besides, we
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also investigate conditional image synthesis using GAN-based methods. Specifi-

cally, we select two typical image-to-image translation approaches, i.e., pix2pix [3]

and SPADE [34]. We further explore the potential of focal frequency loss (FFL)

on state-of-the-art StyleGAN2 [4]. In addition, we compare FFL with relevant

losses [66, 67].

Datasets. We use a total of seven datasets. The datasets vary in types, sizes,

and resolutions. For vanilla AE, we exploit the Describable Textures Dataset

(DTD) [171] and CelebA [172]. For VAE, we use CelebA and CelebA-HQ [49]

with di↵erent resolutions. For pix2pix, we utilize the o�cially prepared CMP

Facades [173] and edges ! shoes [174] datasets. For SPADE, we select two chal-

lenging datasets, i.e., Cityscapes [163] and ADE20K [164]. For StyleGAN2, we

reuse CelebA-HQ.

Evaluation metrics. To evaluate frequency domain di↵erence, we introduce a

frequency-level metric, named Log Frequency Distance (LFD), which is defined by

a modified version of Eq. (5.8):

LFD = log

"
1

MN

 
M�1X

u=0

N�1X

v=0

|Fr (u, v)� Ff (u, v) |2
!

+ 1

#
, (5.11)

where the logarithm is only used to scale the value into a reasonable range. A

lower LFD is better. Note that LFD is a full reference metric (i.e., requiring the

ground truth image), so we use it in the reconstruction tasks.

Besides, we integrate the evaluation protocols from prior works [13, 21, 34, 38].

Specifically, we employ FID (lower is better) [8] for all tasks. For the reconstruc-

tion tasks of vanilla AE and VAE, we use PSNR (higher is better), SSIM (higher is

better) [175], and LPIPS (lower is better) [176] in addition to LFD and FID. For

the synthesis tasks of VAE, pix2pix, and StyleGAN2, we apply IS (higher is bet-

ter) [51] in addition to FID. For SPADE (task-specific method for semantic image

synthesis), besides FID, we follow their paper [34] to use mIoU (higher is better)

and pixel accuracy (accu, higher is better) for the segmentation performance of syn-

thesized images. We use DRN-D-105 [165] for Cityscapes and UperNet101 [166]

for ADE20K.
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Figure 5.5: Vanilla AE image reconstruction results on theDTD (64⇥64)
and CelebA (64⇥ 64) datasets.

Table 5.1: The PSNR (higher is better), SSIM (higher is better), LPIPS
(lower is better), FID (lower is better) and LFD (lower is better) scores for the
vanilla AE image reconstruction trained with/without the focal frequency
loss (FFL).

Dataset FFL PSNR" SSIM" LPIPS# FID# LFD#
DTD w/o 20.133 0.407 0.414 246.870 14.764

w/ 20.151 0.400 0.404 240.373 14.760
CelebA w/o 20.044 0.568 0.237 97.035 14.785

w/ 21.703 0.642 0.199 83.801 14.403

5.3.2 Results and Analysis

Vanilla AE. The results of vanilla AE [1] image reconstruction are shown in

Figure 5.5. On DTD, without the focal frequency loss (FFL), the vanilla AE

baseline synthesizes blurry images, which lack su�cient texture details and only

contain some low-frequency information. With FFL, the reconstructed images

become clearer and show more texture details. The results on CelebA show that

FFL improves a series of quality problems, e.g., face blur (Column 4), identity shift

(Column 5), and expression loss (Column 6).

The quantitative evaluation results are presented in Table 5.1. Adding the proposed

FFL to the vanilla AE baseline leads to a performance boost in most cases on

the DTD and CelebA datasets w.r.t. five evaluation metrics. We note that the

performance boost on CelebA is larger, indicating the e↵ectiveness of FFL for the

natural images.
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Figure 5.6: VAE image reconstruction and unconditional image syn-
thesis results on the CelebA (64⇥ 64) dataset.

Table 5.2: The PSNR (higher is better), SSIM (higher is better), LPIPS (lower
is better), FID (lower is better) and LFD (lower is better) scores for the VAE
image reconstruction trained with/without the focal frequency loss (FFL).

Dataset FFL PSNR" SSIM" LPIPS# FID# LFD#
CelebA w/o 19.961 0.606 0.217 69.900 14.804

w/ 22.954 0.723 0.143 49.689 14.115
CelebA- w/o 21.310 0.616 0.367 71.081 17.266
HQ w/ 22.253 0.637 0.344 59.470 17.049

VAE. The results of VAE [2] image reconstruction and unconditional image syn-

thesis on CelebA are shown in Figure 5.6. For reconstruction, FFL helps the VAE

model better retain the image clarity (Column 1), expression (Column 2), and skin

color (Column 3). The unconditional synthesis results (Column 4, 5, 6) show that

the quality of generated images is improved after applying FFL. The generated

faces become clearer and gain more texture details. For a higher resolution, we

present the VAE reconstruction and synthesis results on CelebA-HQ in Figure 5.7.

By adding FFL to the VAE baseline, the reconstructed images keep more origi-

nal image information, e.g., mouth color (Column 2) and opening angle (Column

1). Besides, high-frequency details on the hair are clearly enhanced (Column 1).

For unconditional image synthesis, FFL helps reduce artifacts and ameliorates the

perceptual quality of synthesized images.

The quantitative test results of VAE image reconstruction are shown in Table 5.2.

Adding FFL to the VAE baseline achieves better performance w.r.t. all the met-

rics. Besides, both FID and IS are better in the unconditional image synthesis task
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Figure 5.7: VAE image reconstruction and unconditional image syn-
thesis results on the CelebA-HQ (256⇥ 256) dataset.

Table 5.3: The FID (lower is better) and IS (higher is better) scores for the
VAE unconditional image synthesis trained with/without the focal fre-
quency loss (FFL).

Dataset FFL FID# IS"
CelebA w/o 80.116 1.873

w/ 71.050 2.010
CelebA- w/o 93.778 2.057

HQ w/ 84.472 2.060

(Table 5.3), indicating that the generated images are clearer and more photoreal-

istic. The results suggests the e↵ectiveness of the focal frequency loss in helping

VAE to improve image reconstruction and synthesis quality.

pix2pix. For conditional image synthesis, the results of pix2pix [3] image-to-image

translation (I2I) are shown in Figure 5.8. On CMP Facades, FFL improves the

image synthesis quality of pix2pix by reducing unnatural colors (Column 1) or the

black artifacts on the building (Column 2). Meanwhile, the semantic information

alignment with the mask becomes better after applying FFL. For the edges! shoes

translation, pix2pix baseline sometimes introduces colored checkerboard artifacts

to the white background (Column 3, zoom in for view). Besides, atypical colors

appear in certain cases (Column 4). In comparison, the model trained with FFL
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Figure 5.8: pix2pix image-to-image translation results onCMP Facades
(256⇥ 256) and edges ! shoes (256⇥ 256) datasets.

Table 5.4: The FID (lower is better) and IS (higher is better) scores for
the pix2pix image-to-image translation trained with/without the focal fre-
quency loss (FFL).

Dataset FFL FID# IS"
CMP Facades w/o 128.492 1.571

w/ 123.773 1.738
edges ! shoes w/o 80.279 2.674

w/ 74.359 2.804

yields fewer artifacts.

The quantitative evaluation results of pix2pix image-to-image translation are shown

in Table 5.4. FFL contributes to a performance boost on both of the two datasets.

The results of the pix2pix baseline show the adaptability of the focal frequency loss

for the image-to-image translation problem.

SPADE. We further explore semantic image synthesis (i.e., synthesizing a photo-

realistic image from a semantic segmentation mask) on more challenging datasets.

The results of SPADE [34] are shown in Figure 5.9. In the street scene of Cityscapes
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Figure 5.9: SPADE semantic image synthesis results on the Cityscapes
(512⇥ 256) and ADE20K (256⇥ 256) datasets.

Table 5.5: The mIoU (higher is better), pixel accuracy (accu, higher is better)
and FID (lower is better) scores for the SPADE semantic image synthesis
trained with/without the focal frequency loss (FFL) compared to a series of
task-specific methods.

Cityscapes ADE20K
Method mIoU" accu" FID# mIoU" accu" FID#
CRN [32] 52.4 77.1 104.7 22.4 68.8 73.3
SIMS [65] 47.2 75.5 49.7 N/A N/A N/A
pix2pixHD [33] 58.3 81.4 95.0 20.3 69.2 81.8
SPADE [34] 62.3 81.9 71.8 38.5 79.9 33.9
SPADE + FFL 64.2 82.5 59.5 42.9 82.4 33.7

(Column 1), SPADE baseline distorts the car and road, missing some important

details (e.g., road line). The model trained with FFL demonstrates better per-

ceptual quality for these details. In the outdoor scene of ADE20K (Column 2),

applying FFL to SPADE boosts its ability to generate details on the buildings.

Besides, for the ADE20K indoor images (Column 3), SPADE baseline produces

some abnormal artifacts in certain cases. The model trained with the proposed

FFL synthesizes more photorealistic images.
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Figure 5.10: StyleGAN2 unconditional image synthesis results (without
truncation) and the mini-batch average spectra (adjusted to better contrast) on
the CelebA-HQ (256⇥ 256) dataset.

Table 5.6: The FID (lower is better) and IS (higher is better) scores for the
StyleGAN2 unconditional image synthesis trained with/without the focal
frequency loss (FFL).

Dataset FFL FID# IS"
CelebA-HQ w/o 5.696 3.383
(256⇥ 256) w/ 4.972 3.432

The quantitative test results are presented in Table 5.5 (the values used for compar-

ison are taken from [34]). We compare SPADE trained with/without FFL against

a series of open-source task-specific semantic image synthesis methods [32, 33, 65].

SIMS [65] obtains the best FID but poor segmentation scores on Cityscapes in

that it directly stitches the training image patches from a memory bank while not

keeping the exactly consistent positions. Without modifying the SPADE network

structure, training with FFL contributes a further performance boost, greatly out-

performing the benchmark methods, which suggests the e↵ectiveness of FFL for

semantic image synthesis.

StyleGAN2. We apply FFL to the mini-batch average spectra of the real images

and the generated images by the state-of-the-art unconditional image synthesis

method, i.e., StyleGAN2 [4], intending to narrow the frequency distribution gap

and improve quality further. The results on CelebA-HQ (256⇥ 256) without trun-

cation [4, 5] are shown in Figure 5.10. Although StyleGAN2 (w/o FFL) generates

photorealistic images in most cases, some tiny artifacts can still be spotted on

the background (Column 2 and 4) and face (Column 5). Applying FFL, such
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Table 5.7: Comparison of our focal frequency loss (FFL) with relevant
losses, i.e., perceptual loss (PL), spectral regularization (SpReg), and another
transformation form for FFL, i.e., discrete cosine transform (DCT), in di↵er-
ent image reconstruction and synthesis tasks. (a) VAE image reconstruction
(CelebA). (b) VAE unconditional image synthesis (CelebA). (c) pix2pix image-
to-image translation (edges ! shoes).

(a) (b) (c)
Method PSNR" SSIM" LPIPS# FID# LFD# FID# IS" FID# IS"
baseline 19.961 0.606 0.217 69.900 14.804 80.116 1.873 80.279 2.674
+ PL [66] 20.964 0.658 0.143 62.795 14.573 78.825 1.788 78.916 2.722
+ SpReg [67] 19.974 0.607 0.218 69.118 14.796 78.079 1.898 79.300 2.700
+ FFL (DCT) 22.677 0.711 0.150 51.536 14.179 71.827 1.932 79.045 2.754
+ FFL (Ours) 22.954 0.723 0.143 49.689 14.115 71.050 2.010 74.359 2.804

artifacts are reduced, ameliorating synthesis quality further. Observably, the fre-

quency domain gaps between mini-batch average spectra are clearly mitigated by

FFL (Column 8).

The quantitative results are reported in Table 5.6. FFL improves both FID and

IS, in line with the visual quality enhancement. The results on StyleGAN2 show

the potential of FFL to boost state-of-the-art baseline performance.

Comparison with relevant losses. For completeness and fairness, we compare

the proposed focal frequency loss (FFL) with relevant loss functions that aim at

improving image reconstruction and synthesis quality. Specifically, we select the

widely used spatial-based method, i.e., perceptual loss (PL) [66], which depends

on high-level features from a pre-trained VGG [161] network. We also study the

frequency-based approach, i.e., spectral regularization (SpReg) [67], which is de-

rived based on the azimuthal integration of the Fourier power spectrum. Besides,

we further compare with another transformation form for FFL, i.e., discrete cosine

transform (DCT).

The comparison results are reported in Table 5.7. FFL outperforms the relevant

approaches (i.e., PL and SpReg) when applied to our baselines in di↵erent image

reconstruction and synthesis tasks. It is noteworthy that FFL and PL are com-

plementary, as shown by our previous experiments on SPADE, which also uses

PL. Even if we replace DFT with DCT as the transformation form of FFL, the

results are still better than previous methods. The performance is only slightly

inferior to that obtained by FFL with DFT (i.e., Eq. (5.10)). We deduce that the
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real baseline full FFL w/o freq w/o phase w/o ampli w/o focal

Figure 5.11: Ablation studies of each key component for the focal frequency
loss (FFL), i.e., frequency representation (freq), phase and amplitude (ampli)
information, and dynamic spectrum weighting (focal) in the vanilla AE image
reconstruction task on CelebA.

Table 5.8: The PSNR (higher is better), SSIM (higher is better), LPIPS (lower
is better), FID (lower is better) and LFD (lower is better) scores for the ablation
studies of each key component for the focal frequency loss (FFL).

PSNR" SSIM" LPIPS# FID# LFD#
baseline 20.044 0.568 0.237 97.035 14.785
full FFL 21.703 0.642 0.199 83.801 14.403
w/o freq 18.200 0.470 0.265 123.833 15.210
w/o phase 13.273 0.380 0.407 233.170 16.344
w/o ampli 15.640 0.359 0.539 323.528 15.799
w/o focal 20.163 0.574 0.234 94.497 14.758

transformation form for FFL may be flexible. At this stage, DFT may be a better

choice.

Ablation studies. We present ablation studies of each key component for FFL

in Figure 5.11 and corresponding quantitative results in Table 5.8. For intuitive-

ness and simplicity, we use vanilla AE image reconstruction on CelebA for the

evaluation.

The full FFL achieves the best performance. If we do not use the frequency repre-

sentation of images (Section 5.2.1) and focus the model on hard pixels in the spatial

domain, the synthesized images become more blurry. The quantitative results de-

grade. Discarding either the phase or amplitude information (Section 5.2.2) harms

the metric performance vastly. Visually, using no phase information (amplitude

only), the contour of reconstructed faces is retained, but the color is completely

shifted. Without amplitude (phase only), the model cannot reconstruct the faces

at all, and the full identity information is lost. This further verifies the necessity
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of considering both amplitude and phase information. Without focusing the model

on the hard frequencies by the dynamic spectrum weighting (i.e., directly using

Eq. (5.8)), the results are visually similar to baseline, in line with our discussion in

Section 5.2.3. The metrics decrease, being close to but slightly better than baseline,

which may benefit from the frequency representation.

5.4 Conclusion

The proposed focal frequency loss directly optimizes image reconstruction and syn-

thesis methods in the frequency domain. The loss adaptively focuses the model

on the frequency components that are hard to deal with to ameliorate quality.

The loss is complementary to existing spatial losses of diverse baselines varying in

categories, network structures, and tasks, outperforming relevant approaches. We

further show the potential of focal frequency loss to improve the synthesis results

of StyleGAN2. Exploring other applications and devising better frequency domain

optimization strategies can be interesting future works. For instance, aside from

devising a frequency-level loss function, exploring frequency representations for the

network inputs could be interesting. For GAN-based methods, we may also con-

sider a frequency discriminator as an auxiliary measure to the spatial one. For

future applications, we may further explore the potential of focal frequency loss on

state-of-the-art di↵usion models and additional downstream tasks.





Chapter 6

Deceive D: Adaptive Pseudo

Augmentation for GAN Training

with Limited Data

6.1 Introduction

Thanks to our exploration of the aforementioned useful applications (Chapter 3

and Chapter 4) and fundamental study (Chapter 5) in the field of image and

video generation, the performance of various generative models can be evidently

improved, in terms of both the fidelity and diversity of synthesized data. However,

current generative models like GANs [4, 10] usually require a large amount of

training data to fully unleash their power. Training GANs with insu�cient data

tends to generate poor-quality images, as shown in Figure 6.1. Collecting su�cient

data samples for these GANs is sometimes infeasible, especially in domains where

data are sparse and privacy-sensitive. To ease the practical deployment of powerful

GANs, it is necessary to devise new strategies for training GANs with limited data

while preserving the quality of synthesis.

Recent studies have shown that the overfitting of the discriminator is the critical

reason that impedes e↵ective GAN training on limited data [40–43], rendering se-

vere instability of training dynamics. Specifically, when the discriminator starts to

⇤ The work in this chapter has been published in [68].
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Figure 6.1: StyleGAN2 [4] synthesized results (no truncation) deteriorate
given the limited amount of training data (256 ⇥ 256), i.e., FFHQ [5] (a
subset of 5, 000 images, ⇠ 7% of full data), AFHQ-Cat [6] (5, 153 images, which
is small by itself), and Danbooru2019 Portraits (Anime) [7] (a subset of 5, 000
images, ⇠ 2% of full data). The proposed Adaptive Pseudo Augmentation (APA)
e↵ectively ameliorates the degraded performance of StyleGAN2 on limited data.

overfit, the distributions of its outputs for real and generated samples gradually

diverge from each other [41, 43], and its feedback to the generator becomes less

informative. Consequently, the generator converges to an inferior point, compro-

mising the quality of synthesized images. Recent solutions to this problem include

the use of standard data augmentations, either conventional or di↵erentiable, to

real and generated images [41, 42, 44, 45] or applying an additional model regular-

ization term [43]. Addressing the discriminator overfitting is still an open problem.

We are interested in finding an alternative way to the aforementioned approaches.

In this work, we present a simple yet e↵ective way to regularize a discriminator

without introducing any external augmentations or regularization terms. We call

our method Adaptive Pseudo Augmentation (APA). In contrast to previous stan-

dard data augmentations [41, 42, 44, 45], we exploit the generator in a GAN itself

to provide the augmentation, a more natural way to regularize the overfitting of the

discriminator. Compared to the model regularization, our approach is more adap-

tive to fit di↵erent settings and training status without manual tuning. Specifically,

APA takes the fake/pseudo samples synthesized by the generator and moderately

feeds them into the limited real data. Such pseudo data are adaptively presented

to the discriminator as “real” instances. The goal of this pseudo augmentation for
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the real data is not to enlarge the real dataset but to suppress the discriminator’s

confidence in distinguishing real and fake distributions. The deceit is introduced

adaptively, which is moderated by a deception probability according to the degree

of overfitting. To quantify overfitting, we study a series of plausible heuristics

derived from the discriminator raw output logits.

The main contribution of this work is a novel adaptive pseudo augmentation

method for training GANs with limited data. This approach deceives the dis-

criminator adaptively and mitigates the problem of discriminator overfitting. The

proposed APA can be readily added to existing GAN training with negligible com-

putational cost. We conduct extensive experiments to demonstrate the e↵ective-

ness of APA for state-of-the-art GAN training with limited data. The results are

comparable or even better than other types of solutions [41, 43]. APA is also com-

plementary to existing methods based on standard data augmentations for gaining

a further performance boost. Besides, we theoretically connect APA with minimiz-

ing the JS divergence [54] between the smoothed data distribution and generated

distribution, proving its convergence and rationality. We hope that our approach

could extend the breadth and potential of solutions to GAN training with limited

data.

6.2 Methodology

In GAN’s adversarial training, the goal of the generator G is to deceive the discrimi-

nator D and maximize the probability that D makes a wrong judgment. Therefore,

G keeps refining its generated samples to better deceive D over time. When the

training only accesses a limited amount of data, one would observe that D turns

out to be overly confident and hardly makes any mistake, causing its feedback to

G to become meaningless.

In Figure 6.2, we show the training “snapshots” of two StyleGAN2 [4] models on the

FFHQ dataset [5]. The settings of the two models di↵er only by the amount of data

available to them for training. As can be observed, both training processes start

smoothly, and distributions of discriminator outputs for the real and generated im-

ages overlap at the early stage. As the training progresses, the discriminator, which

only has access to limited data (7k images, 10% of full data), experiences diverged
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(b)(a) (c)

Figure 6.2: The overfitting of discriminator in GANs when limited training
data are available. The three subplots report statistics of training snapshots of
two StyleGAN2 [4] models on FFHQ [5] (256 ⇥ 256). “70k” indicates the full
dataset, and “7k” means a subset of 7, 000 images (10% data). The “kimg”
denotes thousands of real images shown to the discriminator. (a) Discriminator
raw output logits. (b) Signs of discriminator outputs. (c) Training convergence
measured by FID [8].

predictions much more rapidly, and the average sign boundary turns out to be

more apparent. This divergence in prediction shows that D becomes increasingly

confident in classifying real and fake samples. At the late stage of training, D can

even judge all the input samples correctly with high confidence. Meanwhile, the

evaluation FID [8] scores (lower is better) deteriorate, consistent with the diver-

gence of D’s predictions. The phenomena above demonstrate how a discriminator

gets overfitted quickly with limited data. As can be seen from the FID curves, the

overfitting directly influences training dynamics and the convergence of G, leading

to poor generation performance.

6.2.1 Adaptive Pseudo Augmentation

The generator itself naturally possesses the capability to counteract discriminator

overfitting. To harness this capability, our method employs a GAN to augment

itself using the generated samples (see Figure 6.3). Specifically, we feed the samples

generated by G into the limited real data to form a pseudo-real set. The fake images

in this set will be adaptively presented to D, pretending themselves as real data.

The goal here is to deceiveD with the pseudo-real set and consequently suppressing

its confidence in distinguishing real and fake images.

Blindly presenting the fake images as reals to D may weaken the fundamental

ability of D in adversarial training. In our approach, the deceit is introduced
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Figure 6.3: Adaptive pseudo augmentation (APA) for GAN training with lim-
ited data. We employ a GAN to augment itself using the generated images to
deceive the discriminator adaptively. Specifically, APA feeds the images syn-
thesized by the generator into the limited real data moderately, and these fakes
are presented as “real” instances to the discriminator. Such deceits are intro-
duced adaptively using an overfitting heuristic � defined by the discriminator
raw output logits. The augmentation/deception probability p can be adaptively
controlled throughout training.

adaptively to avoid any potential adverse e↵ects. To moderate the deception, we

perform pseudo augmentation based on a probability, p 2 [0, 1), that quantifies the

deception strength. Specifically, the pseudo augmentation will be applied with the

probability p or be skipped with the probability 1� p.

We note that the overfitting state of D is dynamic throughout the training (see

Figure 6.2). It is intuitive to let the deception probability p be adjusted adaptively

based on the degree of overfitting. Ideally, p should be adjusted without manual

tuning regardless of data scales and properties. To achieve this goal, inspired by

ADA [41], we apply an overfitting heuristic � that quantifies the degree of D’s

overfitting. We extend the control scheme of ADA and provide three plausible

variants:

�r = E (sign (Dreal)) , �f = �E (sign (Dfake)) , �rf =
E (sign (Dreal))� E (sign (Dfake))

2
,

(6.1)

where Dreal and Dfake are defined as

Dreal = logit (D (x)) , Dfake = logit (D (G (z))) , (6.2)
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where logit denotes the logit function. As shown in Figure 6.2, the �r in Eq. (6.1)

estimates the portion of real images that obtain positive logit predictions by D,

and that of generated images is captured by �f . Besides, �rf indicates half of the

distance between the signs of the real and fake logits. For all these heuristics, � = 0

represents no overfitting, and � = 1 means complete overfitting. We use �r in our

main experiments and study other variants in the ablation study.

The strategy of using � to adjust p is as follows. We set a threshold t (in most

cases of our experiments, t = 0.6) and initialize p to be zero. If � signifies too

much/little overfitting regarding t (i.e., larger/smaller than t), the probability p

will be increased/decreased by one fixed step. Using this step size, p can increase

from zero to one in 500k images shown to D. We adjust p once every four iterations

and clamp p from below to zero after each adjustment. In this way, the strength of

pseudo augmentation can be adaptively controlled based on the degree of overfitting

(see Figure 6.3).

6.2.2 Theoretical Analysis

Let pz (z) be the prior on the input noise variable. The mapping from the la-

tent space to the image space is denoted as G (z). For sample x, D (x) represents

the estimated probability of x coming from the real data. To examine the ra-

tionality of APA, we analyze it in a non-parametric setting [10], where a model

is represented with infinite capacity by exploring its convergence in the space of

probability density functions. Ideally, the estimated probability distribution pg de-

fined by G should perfectly model the real data distribution pdata without bias if

given enough capability and training time.

Since the deception strength p is adaptively adjusted, to facilitate this theoretical

analysis, we make a mild assumption that ↵ is the expected strength that ap-

proximates the e↵ect of dynamic adjustment during the entire training procedure.

Since p 2 [0, 1), we have 0  ↵<pmax<1, where pmax is the maximum of deception

strength throughout training. Hence, the value function V (G,D) for the minimax
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two-player game of APA can be reformulated as:

min
G

max
D

V (G,D) = (1� ↵)Ex⇠pdata(x) [logD (x)] + ↵ Ez⇠pz(z) [logD (G (z))]

+ Ez⇠pz(z) [log (1�D (G (z)))] ,
(6.3)

First, let us consider the optimal discriminator [10] for any given generator.

Proposition 1. If the generator G is fixed, the optimal discriminator D for APA

is:

D
⇤
G (x) =

(1� ↵) pdata (x) + ↵ pg (x)

(1� ↵) pdata (x) + (1 + ↵) pg (x)
(6.4)

Proof. Applying APA, given any generator G, the training objective of the dis-

criminator D is to maximize the value function V (G,D) in Eq. (6.3):

V (G,D) = (1� ↵)

Z

x
pdata (x) logD (x)dx+ ↵

Z

z
pz (z) logD (g (z))dz +

Z

z
pz (z) log (1�D (g (z)))dz

=

Z

x
[(1� ↵) pdata (x) logD (x) + ↵ pg (x) logD (x) + pg (x) log (1�D (x))] dx

=

Z

x
[((1� ↵) pdata (x) + ↵ pg (x)) logD (x) + pg (x) log (1�D (x))] dx

(6.5)

For any (m,n) 2 R2 \ {0, 0}, the function f (y) = m log (y)+n log (1� y) achieves

its maximum in the range [0, 1] at m
m+n . Besides, the discriminator D is defined

only inside of supp (pdata) [ supp (pg), where supp is the set-theoretic support.

Therefore, we conclude the proof for Proposition 1.

We have got the optimal discriminator D
⇤
G (x) in Eq. (6.4) that maximizes the

value function V (G,D) given any fixed generator G. The goal of generator G in

the adversarial training is to minimize the value function V (G,D) in Eq. (6.3) when

D achieves the optimum. Since the training objective of D can be interpreted as

maximizing the log-likelihood for the conditional probability P (Y = y|x), where
Y estimates that x comes from pdata (i.e., y = 1) or from pg (i.e., y = 0), we

reformulate virtual training criterion [10] as:

C (G) = (1� ↵)Ex⇠pdata [logD
⇤
G (x)] + ↵ Ez⇠pz [logD

⇤
G (G (z))] + Ez⇠pz [log (1�D⇤

G (G (z)))]

= (1� ↵)Ex⇠pdata [logD
⇤
G (x)] + ↵ Ex⇠pg [logD

⇤
G (x)] + Ex⇠pg [log (1�D⇤

G (x))]
(6.6)

Then, let us consider the global minimum of C (G) trained with the proposed APA.
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Proposition 2. Applying APA, the global minimum of the virtual training crite-

rion C (G) is still achieved if and only if pg = pdata, where C (G) = � log 4.

Proof. 1) If pg = pdata, we have D
⇤
G (x) = 1

2 according to Eq. (6.4). By inspecting

Eq. (6.6) at D⇤
G (x) = 1

2 , we get C⇤ (G) = (1� ↵) log 1
2 + ↵ log 1

2 + log 1
2 = log 1

2 +

log 1
2 = � log 4.

2) To verify C
⇤ (G) is the global minimum of C (G), and it can only be achieved

when pg = pdata, as in the derivation of Eq. (6.5), we obtain:

C (G) =

Z

x

((1� ↵) pdata (x) + ↵ pg (x)) logD
⇤
G (x)dx+

Z

x

pg (x) log (1�D
⇤
G (x))dx

(6.7)

Observe that

� log 4 = (1� ↵)Ex⇠pdata [� log 2] + ↵ Ex⇠pg [� log 2] + Ex⇠pg [� log 2]

= �
Z

x

((1� ↵) pdata (x) + ↵ pg (x)) log 2 dx�
Z

x

pg (x) log 2 dx

(6.8)

Subtracting Eq. (6.8) from Eq. (6.7),

C (G) = � log 4 +

Z

x
((1� ↵) pdata (x) + ↵ pg (x)) log 2 ·D⇤

G (x)dx+

Z

x
pg (x) log 2 · (1�D⇤

G (x))dx

(6.9)

By substituting Eq. (6.4) into Eq. (6.9), we achieve:

C (G) = � log 4 + KLD

✓
((1� ↵) pdata + ↵ pg)

����
(1� ↵) pdata + (1 + ↵) pg

2

◆

+KLD

✓
pg

����
(1� ↵) pdata + (1 + ↵) pg

2

◆
,

(6.10)

where KLD is the Kullback-Leibler (KL) divergence. Moreover, Eq. (6.10) further

implies that the generation process of G by APA can be regarded as minimizing

the Jensen-Shannon (JS) divergence between the smoothed data distribution and

the generated distribution:

C (G) = � log 4 + 2 · JSD (((1� ↵) pdata + ↵ pg) kpg) . (6.11)

For the two distributions P and Q, their JS divergence JSD (PkQ) � 0 and

JSD (PkQ) = 0 if and only if P = Q. Therefore, for 0  ↵<pmax<1, we ob-

tain that C⇤ (G) = � log 4 is the global minimum of C (G), and the only solution

is (1� ↵) pdata + ↵ pg = pg, i.e., pg = pdata. Q.E.D.
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Given the proof in [10], if G and D have enough capacity to reach their optimum,

Proposition 2 indicates that the generated distribution pg can ideally converge to

the real data distribution pdata. So far, we have proved the convergence of G trained

with our proposed APA, which can perfectly model the real data distribution given

su�cient capability and training time. Besides, the JS divergence term between

the smoothed data distribution and the generated distribution in Eq. (6.11) implies

that the judgment of D may be moderated to alleviate overfitting. These conclu-

sions explain the rationality of the proposed APA for training GANs with limited

data.

6.3 Experiments

Datasets. We use four datasets in main experiments: Flickr-Faces-HQ (FFHQ) [5]

with 70, 000 human face images, AFHQ-Cat [6] with 5, 153 cat faces, Caltech-

UCSD Birds-200-2011 (CUB) [9] with 11, 788 images of birds, and Danbooru2019

Portraits (Anime) [7] with 302, 652 anime portrait images. We exploit some of

their artificially limited subsets under di↵erent settings. All the images are resized

to a moderate resolution of 256 ⇥ 256 using a high-quality Lanczos filter [177] to

reduce the energy consumption for large-scale GAN training while preserving image

quality.

Evaluation metrics. We follow the standard evaluation protocol [13, 43] for

the quantitative evaluation. Specifically, we use the Fréchet Inception Distance

(FID, lower is better) [8], which quantifies the distance between distributions for

the real and generated images. FID evaluates the realness of synthesized images.

Following [8, 41], we calculate FID for the models trained with limited datasets

using 50k generated images and all the real images in the original datasets. We

also apply the Inception Score (IS, higher is better) [51]. IS considers the clarity

and diversity of generated images.

Implementation details. We choose the state-of-the-art StyleGAN2 [4] as the

backbone to verify the e↵ectiveness of APA on limited data. We use the default

setups of APA provided in Section 6.2.1 unless specified otherwise. For a fair and

controllable comparison, we reimplement all baselines and run the experiments
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AFHQ-Cat-5k (5,153 img, 100% data)

StyleGAN2 APA (Ours)

Anime-5k (5,000 img, ~2% data)

StyleGAN2 APA (Ours)

CUB-12k (11,788 img, 100% data)

StyleGAN2 APA (Ours)

StyleGAN2 APA (Ours)

FFHQ-5k (5,000 img, ~7% data)

Figure 6.4: The proposed APA improves StyleGAN2 [4] synthesized results
(256⇥256, no truncation) on various datasets with limited data amounts. We
randomly select subsets to confine the size of large datasets (i.e., FFHQ-5k [5]
and Anime-5k [7]) and directly use small datasets (i.e., AFHQ-Cat-5k [6] and
CUB-12k [9]) whose data amount is already insu�cient for StyleGAN2.

Table 6.1: The FID (lower is better) and IS (higher is better) scores (256⇥256)
of our method compared to state-of-the-art StyleGAN2 on various datasets
with limited data amounts.

AFHQ-Cat-5k FFHQ-5k Anime-5k CUB-12k
Method FID # IS " FID # IS " FID # IS " FID # IS "
StyleGAN2 [4] 7.737 1.825 37.830 4.018 23.778 2.289 23.437 5.812
APA (Ours) 4.876 2.156 13.249 4.487 13.089 2.330 12.889 5.869

from scratch using o�cial code. All the models are trained on 8 NVIDIA Tesla

V100 GPUs.

6.3.1 The E↵ectiveness of APA

E↵ectiveness on various datasets. The comparative results of StyleGAN2 on

various datasets with limited data amounts are shown in Figure 6.4. The quality of

images synthesized by StyleGAN2 deteriorates under limited data. Ripple artifacts

appear on the cat faces and human faces, and the facial features of the anime faces

are misplaced. On the bird dataset with heavy background clutter, the generated
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Figure 6.5: The e↵ectiveness of APA to improve StyleGAN2 [4] synthesized
results (256 ⇥ 256, no truncation) on the subsets of FFHQ [5] with di↵erent
data amounts.

Table 6.2: The FID (lower is better) and IS (higher is better) scores (256 ⇥
256) of our method on StyleGAN2 trained using the subsets of FFHQ [5] with
di↵erent data amounts.

1k (⇠ 1.4%) 5k (⇠ 7%) 7k (10%) 70k (100%)
Method FID # IS " FID # IS " FID # IS " FID # IS "
StyleGAN2 [4] 86.407 2.806 37.830 4.018 27.738 4.264 3.862 5.243
APA (Ours) 45.192 4.130 13.249 4.487 10.800 4.860 3.678 5.336

images are completely distorted albeit trained with more data. The proposed

APA significantly ameliorates image quality on all these datasets, producing much

more photorealistic results. The quantitative evaluation results are reported in

Table 6.1. Applying APA contributes to a performance boost of FID and IS in all

cases, suggesting that the synthesized images are with higher quality and diversity

on di↵erent datasets.

E↵ectiveness given di↵erent data amounts. The comparative results on sub-

sets of FFHQ [5], with varying amounts of data, are shown in Figure 6.5. The

corresponding quantitative test results are presented in Table 6.2. APA improves

the image quality and metric performance in all cases. Notably, the quality of

synthesized images by APA on 5k/7k data is visually close to StyleGAN2 results

on the full dataset while with an order of magnitude fewer training samples. As

for the quantitative results, the IS score of APA on 1k data is better than that of

StyleGAN2 on 5k data, and both metrics of APA on 5k data outperform Style-

GAN2 results on 7k data. APA can even improve StyleGAN2 performance on the

full dataset, further indicating its potential.

Overfitting and convergence analysis. As shown in Figure 6.6, the divergence

of StyleGAN2 discriminator predictions can be e↵ectively restricted on FFHQ-7k

(10% of full data) by applying the proposed APA. The curves of APA on FFHQ-7k
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(b)(a) (c)

Figure 6.6: The overfitting and convergence status of APA compared to
StyleGAN2 (SG2) on FFHQ [5] (256⇥ 256). (a) The discriminator raw output
logits of StyleGAN2 on the full (70k) or limited (7k) datasets. (b) The discrimi-
nator raw output logits of StyleGAN2 and APA on the limited (7k) dataset. (c)
The training convergence shown by FID.

become closer to that of StyleGAN2 on FFHQ-70k, suggesting the e↵ectiveness of

APA in curbing the overfitting of the discriminator. Besides, APA improves the

training convergence of StyleGAN2 on limited data, shown by the FID curves.

6.3.2 Comparison with Other Solutions for GAN Training

with Limited Data

Performance and compatibility. We compare the proposed APA with repre-

sentative approaches designed for the low-data regime, including ADA [41] and

LC-regularization (LC-Reg) [43], which perform standard data augmentations and

model regularization, respectively. The results are reported in Table 6.3. As a

single method, APA outperforms previous solutions in most cases, e↵ectively im-

proving the StyleGAN2 baseline on both the limited and full datasets. Although

ADA [41] achieves slightly better results than our method on FFHQ-5k, it yields a

worse FID score with StyleGAN2 on the full dataset. Applying LC-Reg [43] needs

careful manual tuning, and its own e↵ect on limited data is not apparent compared

to other methods.

It is noteworthy that APA is also complementary to existing methods based on

standard data augmentations, e.g., ADA [41]. As can be observed in Table 6.3,

APA can further boost the performance of StyleGAN2 with ADA [41] given lim-

ited training data, suggesting the compatibility of our approach with standard data

augmentations. Combining ADA [41] and APA on FFHQ full data outperforms
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Table 6.3: The FID (lower is better) and IS (higher is better) scores (256⇥256)
of our method compared to other state-of-the-art solutions designed for
GAN training with limited data on StyleGAN2. The bold number indicates
the best value, and the underline marks the second best.

AFHQ-Cat-5k FFHQ-5k FFHQ-70k (full)
Method FID # IS " FID # IS " FID # IS "
StyleGAN2 [4] 7.737 1.825 37.830 4.018 3.862 5.243
ADA [41] 6.053 2.119 11.409 4.721 4.018 5.329
LC-Reg [43] 6.699 1.943 35.148 3.926 3.933 5.312
APA (Ours) 4.876 2.156 13.249 4.487 3.678 5.336
ADA + APA (Ours) 4.377 2.169 8.379 4.849 3.811 5.321

Table 6.4: The FID (lower is better) and IS (higher is better) scores (256⇥256)
of our method compared to previous techniques for regularizing GANs
on StyleGAN2 trained with FFHQ-5k [5].

Metric StyleGAN2 [4] Instance
noise [144]

One-sided
LS [51]

APA (Ours)

FID # 37.830 40.981 33.978 13.249
IS " 4.018 4.231 4.029 4.487

StyleGAN2 but is slightly inferior to applying APA solely. The degraded perfor-

mance is mainly a↵ected by ADA [41], which we empirically found might slightly

harm the performance when the training data is su�cient. Overall, these methods

are not dedicated to improving performance under su�cient data. Nevertheless, as

a beneficial side e↵ect, the proposed APA may have this potential.

Training cost. We compare the computational cost of APA against ADA [41],

using the same basic o�cial codebase. There is no parameter or memory increment

for both methods. As for the time consumption, we test the training cost on 8

NVIDIA Tesla V100 GPUs. On FFHQ-5k (256⇥256), the average training time of

the StyleGAN2 [4] baseline is (4.740±0.100) sec/kimg (i.e., seconds per thousand of

images shown to the discriminator). The cost of our method is negligible, slightly

increasing this value to (4.789 ± 0.078) sec/kimg. As a reference, the value for

ADA [41] is (5.327±0.116) sec/kimg, spending additional time for applying external

augmentations.
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6.3.3 Comparison with Previous Techniques for Regulariz-

ing GANs

As mentioned in Section 2.4, APA is closely related to previous techniques for

regularizing GANs. The comparative results on APA and some representative

conventional techniques, i.e., instance noise [144] and one-sided label smoothing

(LS) [51], are shown in Table 6.4. Applying instance noise [144] may not boost

the performance of StyleGAN2 much under limited data. One-sided label smooth-

ing (LS) [51] (with the real label of 0.9) outperforms StyleGAN2 but still has a

huge performance gap with our method. This further suggests the e↵ectiveness

and usefulness of APA.

6.3.4 Ablation Studies

Ablation studies on variants of APA. We study three key elements of APA,

i.e., the overfitting heuristic �, the deception strength p, and the deception strat-

egy. The version used in our main experiments is denoted as the “main” version,

where � = �r, and p is adjusted adaptively. Besides, the “main” version applies

the deception strategy that is analogous to one-sided label flipping. As reported

in Table 6.5, when using other variants of � we suggested in Eq. (6.1) (i.e., � = �f

and � = �rf ), the models achieve comparable performance as the main version.

The FID score becomes even better for � = �rf , indicating the flexibility of our

provided heuristics to extend and modify APA. More interestingly, even a fixed

moderate deception probability (e.g., p = 0.5) can still work much better than

original StyleGAN2 on limited data, albeit slightly inferior to the adaptively ad-

justed p. This implies the importance of the pseudo augmentation, and the adaptive

control scheme can further boost performance without manual tuning. As for the

deception strategy, we empirically observe that two-sided label flipping can still

outperform StyleGAN2 but is inferior to the main version.

Ablation studies on the threshold t. We further provide the ablation studies

on the threshold value t in Table 6.6. The version used in our main experiments

is denoted as the “main” version, where t = 0.6. It can be seen that the models

with di↵erent values of t achieve comparable results, outperforming the StyleGAN2

baseline. On FFHQ-5k (256⇥256), t = 0.6 could be a more plausible choice. For a
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Table 6.5: Ablation studies on variants of APA on FFHQ-5k [5] (256 ⇥
256). We study three key elements of APA, i.e., the overfitting heuristic �, the
deception strength p, and the deception strategy. The “main” denotes the main
version used in our previous experiments (i.e., � = �r, p is adaptively adjusted,
and the deception strategy is analogous to one-sided label flipping).

Metric StyleGAN2 main � = �f � = �rf p = 0.5
(fixed)

two-sided

FID # 37.830 13.249 13.470 12.679 14.632 15.440
IS " 4.018 4.487 4.420 4.412 4.403 4.167

Table 6.6: Ablation studies on the threshold t on FFHQ-5k [5] (256⇥256).
The “main” denotes the main version used in our previous experiments (i.e.,
t = 0.6).

Metric StyleGAN2 t = 0.4 t = 0.6 (main) t = 0.8
FID # 37.830 13.687 13.249 13.984
IS " 4.018 4.418 4.487 4.395

further explanation, we use t = 0.6 as the default value since it works well in most

cases. In practice, the value of t could be further adjusted to achieve even better

results. Empirically, a smaller t can be chosen when one has fewer data. This

means the deception strength p can be adjusted to increase more rapidly since the

discriminator is more prone to overfitting when the data amount is fewer.

6.4 Discussion

We have shown the e↵ectiveness of the proposed APA for state-of-the-art GAN

training with limited data empirically. With negligible computational cost, APA

achieves comparable or even better performance than other types of solutions on

various datasets. APA is also complementary to existing methods based on stan-

dard data augmentations.

Limitations. Despite promising results, the quality of synthesized images by APA

on the datasets with extremely limited data amount (e.g., hundreds of images) can

still be improved. Besides, on certain datasets such as FFHQ-5k, applying APA

solely may be slightly inferior to approaches based on standard data augmenta-

tions. Since we do not apply any external augmentations, these two limitations are

both due to the insu�ciency of the dataset’s intrinsic diversity. These limitations

may be approached in the future in two ways: 1) Incorporating better standard
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data augmentations to APA. 2) Exploring the issue of data insu�ciency from the

generator aspect, e.g., using a multi-modal generator [178] to enhance diversity. In

addition, we only theoretically verified the convergence and rationality of APA. In

future work, the theoretical analysis on the e↵ectiveness of APA could be further

explored.

Broader impact. On the one hand, the e↵ectiveness of APA with negligible com-

putational cost will benefit the practical deployment of GANs, especially in the

low-data regime. APA may also extend the breadth and potential of solutions to

training GANs with limited data and benefit downstream tasks, such as condi-

tional synthesis. On the other hand, APA may also bring potential concerns on its

capability to ease the higher-quality fake media synthesis using only limited data,

as technology is usually a double-edged sword. However, we believe that these con-

cerns can be resolved by developing better media forensics methods and datasets

as countermeasures.
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Conclusion and Future Work

This thesis has demonstrated our ongoing e↵orts to address the remaining underex-

plored problems in image and video generation via deep learning. We constructed a

large-scale facial video dataset to facilitate our research and secure potential coun-

termeasures to the negative impact of synthesized data by designing a better video

manipulation method (Chapter 3). Besides, we proposed a unified and versatile

framework for various image-to-image translation tasks with a negligible sacrifice

of quality, further extending the practical value of our research (Chapter 4). Apart

from these interesting applications, we devised a novel frequency-level loss func-

tion that directly optimizes generative models in the frequency domain. The loss

is complementary to existing spatial losses of diverse baselines varying in cate-

gories, network structures, and tasks, ameliorating generation quality through a

more fundamental and theoretical study (Chapter 5). In addition, we introduced a

simple yet e↵ective strategy for training GANs with limited data while preserving

the quality of synthesis, further easing the practical deployment of powerful GANs

with negligible computational cost (Chapter 6). Hopefully, our research has moved

this field a small step forward. We discuss other relevant topics and envision our

potential future work as follows.

High-fidelity and controllable video synthesis. Despite the remarkable suc-

cess of image synthesis, high-fidelity and controllable video synthesis remains very

challenging. Video generation is much more di�cult than image generation as the

additional temporal dimension brings in significant variations. A generative model

should have the capability to learn the plausible physical motion of objects besides
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their appearance. Due to the motion variations, even if a model may synthesize

a single frame well, the motion consistency between frames demands additional

constraints on the generated results. Besides, our human eyes have evolved to

be more sensitive to motion and temporal information, especially when the video

resolution is high. In addition, video synthesis typically requires a very expensive

computational cost.

Although extensive studies [179–183] have been proposed to address this problem,

it remains formidable to generate high-resolution videos with favorable quality

and motion coherence in a long-term manner. A representative method, MoCo-

GAN [181], proposes to decompose motion and content into di↵erent parts of ran-

dom vectors. The quality of its results is not good enough, and the resolution is low

(mostly 64⇥64). MoCoGAN-HD [184] frames the higher-resolution video synthesis

problem as discovering a trajectory in the latent space of a pre-trained generator.

Such a framework, however, models motion in an autoregressive manner, where the

computational cost of training is high. Besides, it is di�cult to conduct controllable

video synthesis, and the temporal coherence can still be improved.

We are interested in devising a more robust framework for high-fidelity and con-

trollable video synthesis. One of our initial ideas is a progressively growing strat-

egy [49] that grows both the spatial and temporal dimensions. Notably, growing in

the temporal dimension may maintain motion consistency more easily and reduce

computational cost. Better controllability may be achieved by introducing an in-

termediate latent space like StyleGAN [5]. On the other hand, the encoder-based

GAN inversion method can be a starting point. Given the latent of an initial gen-

erated frame as guidance, we can modulate the inversion network temporally or

apply a new network to seek the changes of the latent for a video. Intuitively, we

can employ a strong image generator [4, 185] as the backbone to ensure single-frame

quality. The computational cost can be largely reduced by a non-autoregressive

design and improved sparse training [186, 187].

Anime style transfer improvement and extension. Our recent work, Dual-

StyleGAN [188], has demonstrated remarkable success in generating high-quality

artistic portrait images by transfer learning with limited data. DualStyleGAN per-

forms exemplar-based high-resolution portrait style transfer by characterizing the

content and style of a portrait with an intrinsic style path and a new extrinsic style

path, respectively. Despite its success, the quality of results on the Anime styles
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can still be improved. The challenge lies in a huge domain gap between the Anime

and the real images. For example, the portrait eyes in Anime are usually much

larger than the actual human eyes. Such a gap requires a large-degree structure

transfer, which may not be tackled well by DualStyleGAN. One potential solution

is a better fine-tuning strategy based on adaptive feature blending that applies a

learned factor to control the degree of stylization. Such controllability may help

enable larger-degree structure transfer to better handle Anime styles.

On another note, performing high-resolution portrait style transfer with fewer

training data can be an interesting problem. We sometimes can only collect

very limited anime style portraits, which requires the model to be more data-

e�cient. Involving our introduced technique for GAN training with limited data,

APA (Chapter 6), or a multi-modal generator [178] into DualStyleGAN may be

solutions. Additional improvement can be achieved by some model regularization

strategies, such as [43].

In addition, most research in this area focused primarily on human faces [188–

191]. Despite their high research value, generating high-quality anime scenes from

complex real-world scene images remains underexplored. The challenges of this

task lie in the complexity of the scenes, the unique features of anime style, and

the lack of high-quality datasets to bridge the domain gap. Despite promising

attempts, previous e↵orts are still incompetent in achieving satisfactory results

with consistent semantic preservation, evident stylization, and fine details. Our

initial idea is a semi-supervised image-to-image translation framework to address

these challenges. We aim to guide the learning with structure-consistent pseudo

paired data, simplifying the pure unsupervised setting. The pseudo data can be

derived uniquely from a semantic-constrained StyleGAN2 [4] leveraging rich model

priors like CLIP [192]. Besides, we plan to collect a high-resolution anime scene

dataset to bridge the domain gap and facilitate future research.

Another interesting extension is 3D-aware high-resolution portrait style transfer.

Synthesizing high-quality 3D anime portraits with consistent view information

has high practical value. To address this problem, we can start by applying a

fine-tuning strategy to advanced 3D-aware image GANs, such as pi-GAN [193],

StyleNeRF [194], EG3D [195], StyleSDF [196], GRAM [197]. Since their latent

spaces inherit some desirable properties of StyleGAN [5], the fine-tuning scheme

used in DualStyleGAN [188] may also suit these backbones.
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Image and video generation with di↵usion models. Recently, a new powerful

generative model, the di↵usion model (DM) [47, 48], has attracted more and more

attention due to its impressive synthesis capability, especially when involved with

multi-modal inputs like text. Di↵usion models have been explored in di↵erent

image and video generation tasks, beating GANs and becoming the new state of

the art, which significantly push forward the development of Generative AI. Aside

from the extensive exploration of GANs, we are also exploring a representative

di↵usion model, i.e., Latent Di↵usion Model (LDM) [198], on which the prominent

Stable Di↵usion is based. Previous e↵orts widely explore text-to-image generation

using LDM. We are diving deeply into a new image-to-image translation framework

based on LDM to reduce the domain gap between real and simulated data. Our

initial idea is a novel loss function at the latent feature level in LDM rather than the

common noise level to enable the semantic constraint between the generated and

content images. The goal of this loss is to apply di↵erent types of constraints for

content structure presentation and stylization in LDM, so that the unpaired image-

to-image translation can be achieved, extending its practical value. We expect the

domain gap can be reduced in terms of visual quality, perceptual metrics, and

downstream task performance.

Another important topic is improving image editing with di↵usion models. Despite

the remarkable performance of di↵usion models for image editing, modifying a sin-

gle object in a complex scene image without a↵ecting others to support localized

editing is still challenging. Besides, current editing methods based on di↵usion

models mainly support the appearance and global semantic editing. In practice,

users may not only wish to simply edit the appearance or global semantics but also

other various aspects, like object shape, position, and size. More controllable and

consistent real image editing is highly desirable. In addition, considering the prac-

tical application for general users, reducing the computational cost for additional

tuning is beneficial. A potential solution is to harness the internal representations

of pretrained text-to-image di↵usion models in a more nuanced way. The attention

maps inside di↵usion models encode structural information about object position

and shape [199], and the network feature maps maintain coarse appearance when

extracted from appropriate layers. Devising di↵erent optimization terms or even

manually manipulating these model internals could help more controllable editing

without additional tuning.
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In the future, we plan to devote more e↵orts to di↵usion models. We wish to delve

into multi-modal image and video generation with di↵usion models, especially for

complex scene images. The interaction between the objects should be considered

rather than the object itself. When involving additional multiple modalities, ide-

ally the explicit control of generation and editing can be achieved. Some initial

explorations could be conducted to improve ControlNet [200] which incorporates

a new single modality. Besides, di↵usion models have an obvious disadvantage

of slow inference speed due to the multiple sampling steps in the autoregressive

design. Devising more e�cient di↵usion models could be very useful. In addition,

a good text prompt is indispensable for di↵usion models to generate high-quality

results. Involving the powerful ChatGPT into such a text prompt selection task

may be interesting. From another aspect, we will not give up GANs. Aligning

GAN’s performance with di↵usion models while maintaining its latent space ex-

pressiveness/controllability and fast inference speed is meaningful. Last but not

least, we will keep exploring new architectures of di↵usion models and even a new

family of generative models. We believe that image and video generation via deep

learning will be constantly evolving and becoming more promising in the future.
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