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Abstract

Visual synthesis is one of the most fundamental problems in com-

puter vision and artificial intelligence. Visual synthesis aims to create

pixel-level data (e.g., images and videos) based on descriptions such as

texts, noise, semantic annotations and images. Recently, deep gener-

ative learning has greatly promoted the development of visual synthe-

sis. However, the existing generative methods still suffer from several

issues, including model interpretation, controllability, stability, effi-

ciency and performance. In this thesis, several generative models are

proposed to address these challenges. This thesis makes the following

contributions:

First, this thesis introduces an attention generative model for local

image synthesis, so as to improve the controllability and interpreta-

tion of the generative model. How to precisely locate the foreground

region in the image and generate the target object to the specified

region is the key problem in the local image synthesis task. The ob-

ject transfiguration task is an application of the local image synthesis,

which aims to transform the object of images to another object. Ex-

isting generative methods often fail to decompose the foreground and

background. In this thesis, the attention mechanism is incorporated

into generative models, so as to transform the object of our interests

without altering the background. The model is built by decomposing

the generative network into two separate networks, each of which is

dedicated to one sub-task: to detect the region of interests and to gen-

erate the object from one object to another. The attention network

predicts spatial attention maps of images, and the transformation net-

work focuses on translating objects. The attention network produces

attention maps which are encouraged to be sparse so that the model



can only pay attention to the objects of interest. Also, a novel percep-

tual loss is introduced to improve the quality of transformed images

in the high-level feature space. Experimental results demonstrate the

necessity of investigating attention in image-to-image transformation,

and that the improvement of the quality of generated images.

Second, this thesis proposes a multi-domain generative model that

multiple styles of images can be generated in a single network. The

major challenge is how to efficiently generate multiple styles in a sin-

gle network. Our model is capable to extract the content and style

feature of images, and apply multiple style features to the content

image.This thesis proposes a gated generative model that consists

of three modules: an encoder, a gated transformer, and a decoder.

Different styles can be achieved through different branches of gated

transformers while the encoder and decoder are used for capturing

structure information sharing weights for all styles. A discriminative

network is used to distinguish whether the input image is a stylized

or genuine image. An auxiliary classifier is used to recognize the style

categories of transferred images, thereby helping to generate images in

multiple styles. In addition, to stabilize the adversarial training pro-

cess, an auto-encoder reconstruction loss is introduced by combining

the encoder and decoder module. Extensive experiments demonstrate

the stability and effectiveness of the proposed model for multi-domain

image synthesis.

Third, this thesis investigates the video synthesis problem on the long-

term horizon. A temporal generative model is proposed for long-term

video frame prediction. The existing generative model for video pre-

diction usually cannot output high-quality predictions for a long-time

horizon. The reason is that those methods recursively output subse-

quent frames by taking the newly generated frames as observations,

consequently the prediction error accumulates dramatically. The in-

troduced retrospection process is designed to look back on what has

been learned from the past and rectify the prediction deficiencies.



To this end, a retrospection network is built to reconstruct the past

frames given the currently predicted frames. On the other hand, an

auxiliary route is built by reversing the flow of time and executing

a similar retrospection. These two routes interact with each other

to boost the performance of retrospection network and enhance the

understanding of dynamics across frames, especially for the long-term

horizon.

Overall, this thesis investigates the deep generative model and solves

several practical issues for visual synthesis and transformation. For

local image synthesis, we propose an attention generative model. We

also propose a gated generative model for generating multi-domain

of images in a single generative network. For video synthesis, a

temporal generative model is proposed to output long-term video

frames by incorporating the prediction and retrospection process in

the model. Extensive experimental results on large-scale benchmark

datasets demonstrate that the proposed methods in this thesis per-

form favorably against previous visual synthesis algorithms in terms

of efficiency, controllability, and robustness.
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Chapter 1

Introduction

1.1 Background

Vision is the way for humans to describe and understand the outside world. With

the rapid development of information systems and online sharing media, visual

content is intensively consumed in daily life. In computer vision, it is an impor-

tant problem to automatically deal with this visual information as intelligently

as human beings. So far, the most striking successes in computer vision involve

visual understanding methods, which usually map high-dimensional pixel-level

inputs to high-level concepts and semantic representations, such as image clas-

sification [51, 122, 131], image segmentation [20, 47], object detecting [116, 154],

etc.

On the other hand, an advanced intelligent agent is also expected to have the

ability of creativity, such as creating paintings, designing clothing, etc. Visual

synthesis is another side of visual intelligence in computer vision, that produces

pixel-level visual data from high-level concepts. As shown in Figure 1.1, visual

synthesis operates in the opposite direction of visual understanding. In recent

decades, visual synthesis has been an active research area in computer vision,

such as image generation [16,44,64], texts to image generation [147,161], image-

to-image translation [59,151,183], and video synthesis [37,148,159], etc. In other

words, visual synthesis is the process of creating pixel-level data (e.g., images, and

videos) from some forms of descriptions, such as random noise, texts, and images.
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Figure 1.1: Computer vision and deep learning algorithms have shown great
progress in visual understanding, e.g., image caption [147]. Our work focuses on
an opposite way, visual synthesis with the goal of generating pixel-level visual
data from abstraction concept.

The generative adversarial networks (GANs), which have recently attracted at-

tention and had promising results, are used to generate data from noise. Based

on the conventional GANs model, the conditional GAN has been proposed to

apply on the image-to-image and video-to-video transformation. Image-to-image

transformation, also called image-to-image translation, is used to map images

from one domain to another and has been widely used such as style transfer,

object transfiguration, video frame prediction, etc.

Realistic visual synthesis is in high demand in both industry and personal life.

In industry, visual synthesis can be applied to produce realistic imagery and vi-

sual effects (VFX) to save a lot of money and time for film-makers. Also, it helps

cartoon producers automatically transform a picture of the landscape or city pho-

tograph to cartoon style paintings. In personal life, visual synthesis enables us

to express compact concepts in the visual form (through photographs, paintings,

sculptures, videos, etc.). For example, when users take photos of beautiful land-

scapes, the visual synthesis method helps to re-render the landscapes on canvas
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as painted by artists as shown in Figure 1.1. Visual synthesis is also an important

technique for image and video coding, whose decompressed process intrinsically

requires the generation of good samples, such as image super-resolution, video

frame rate up-conversion, etc. From the aspect of the theory of the generative

model, visual synthesis can be used to test the models’ ability to represent and

manipulate high-dimensional data (e.g., natural images, videos), which are impor-

tant in a wide variety of applied math and engineering domains. Moreover, visual

synthesis can provide predictions on inputs with missing paired data and assist

deep learning algorithms to be trained in the unsupervised or semi-supervised

settings. Modern deep learning algorithms typically require extremely many la-

beled examples so that they can generalize well. Such unsupervised learning is

one strategy for reducing the number of labels. The learning algorithm can im-

prove its generalization by studying a large number of unlabeled examples, which

are usually easier to obtain.

This thesis deals with the problem of generating realistic visual data, including

images and videos. We explore more flexible, and controllable generative models,

as well as investigate the efficient and stable generative model. Also, we study

the video synthesis algorithm to generate high-quality frames in the long-term

horizon.

Below we first review previous works on visual data synthesis and manipula-

tion (Section 1.2). We then discuss the current challenges of visual synthesis in

Section 1.3. In Section 1.4, we summarize the contribution of our works. Lastly,

we give an overview of this thesis in Section 1.5.

1.2 Overview

Visual data synthesis aims to generate pixel-level data (e.g., images and video-

frames), whose methods are usually based on generative models. In this section,

we first introduce the related generative models. Then we briefly review the

techniques and applications of visual data synthesis and transformation. Finally,

we conclude the challenges in the visual synthesis problem.
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1.2.1 Deep Generative Models

One main goal of statistics and machine learning is to represent and manipulate

high-dimensional probability distributions of real-world data, such as natural im-

ages. Generative models are devised to represent the estimated probability dis-

tributions after observing the training samples. The unobserved data thus can

be generated by sampled from the estimated probability distributions.

To estimate the probability distributions of the real-world data, most gener-

ative models are based on the principle of maximum likelihood. They define an

explicit density function pmodel(x|θ) for each training example and directly calcu-

late the maximum likelihood. However, it is difficult to maintain computational

tractability, especially when dealing with high-dimensional complex data distri-

butions [43]. In contrast, implicit generative models are devised to avoid explicit

defining a density function. Some of these implicit models based on drawing

samples from a Markov chain transition operator that must be run several times

to obtain a sample from the model. Markov chains easily fail to sample from

high-dimensional spaces and usually increase the computational cost. Generative

adversarial networks (GANs) are one of the approaches for implicit generative

models. GANs are designed as a minimax game with two players, a ‘generator’

and a ‘discriminator’. The generator intends to create samples that come from the

same distribution as the training data while the discriminator examines samples

whether they are real or fake. The generator ends up creating realistic samples

that are indistinguishable from the training data.

Deep learning is well known for its powerful capacity of computation and

representation. With the rapid development of the graphics processing units

(GPUs), deep learning algorithms can construct very deep neural networks to fit

large scale datasets. GANs are one of the deep generative models that can use

deep networks as their generator and discriminator. Comparing to traditional

generative models, GANs with deep architectures have better performance in

generalization and expression. GANs are good at learning high-dimensional data

distributions. Also, GANs can generate several samples in parallel at a time by

going through the pre-trained generative network. However, GANs still face some

challenges. GANs are notoriously difficult to train and often suffer from mode
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collapse issues. Appropriate network architectures and training parameters (e.g.,

batch size, learning rate, and updating steps), are critical as unsuitable settings

will significantly reduce the training stability and generative performance [68,78].

On the other hand, since neural networks are often used as black boxes, the

interpretation and controllability for generative networks remain problems.

1.2.2 Visual Synthesis and Transformation

In my thesis, I focus on synthesizing images and videos in the pixel-level. Im-

age synthesis is a fundamental problem for visual synthesis. Image synthesis is

the process of creating new images from some forms of image descriptions. The

forms of image descriptions include test patterns, noise from specific distribution,

semantic annotations, and images. Among them, synthesizing images from input

images is called image-to-image transformation or image-to-image translation.

Many applications in image processing and computer vision can be viewed as

image-to-image transformation, such as rendering grey images into RGB images,

super-resolution, translating semantic labels into a street scene. Figure 1.2 shows

the applications of image synthesis given input of image. The application of image

synthesis can be classified as local image synthesis and global image synthesis. Lo-

cal image synthesis refers to generate or manipulate certain parts of images while

keeping the remaining region consistent. The applications for local image syn-

thesis including virtual try-on [48], object transfiguration [24,183]. Global image

synthesis refers to generate images as a whole, such as style transfer [61], aerial

photos into maps [183], and so on. Traditional image synthesis methods usually

rely on low-level principles (e.g., the similarity of color, gradients or patches) and

do not capture higher-level information about natural images. Examples of basic

editing and synthesis include changing the color properties of an image either

globally [119] or locally [75], or synthesizing texture regions [34, 35] and even

larger coherent image content [49]. More advanced editing methods were pro-

posed such as content-aware image resizing [6], image warping [55], or structured

image editing [11] that intelligently reshuffle the pixels in an image following a

user’s edits. While achieving impressive results in the hands of an expert, when

these types of methods fail, they usually produce unnatural and unrealistic re-

sults. The reason is that they neither have the concept of the editing object, nor
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Figure 1.2: The applications of image synthesis given input of image. Local image
synthesis refers to generate or manipulate certain parts of images while keeping
the remaining region consistent. Global image synthesis refers to generate images
as a whole.

the clue about what makes their output look like real natural images.

The deep generative learning frame enables the generator to learn high-level

information from the training sets. With the invention of the GANs, a lot of

neural networks have been trained to output high-resolution and high fidelity

images [16, 64]. Meanwhile, some works exploit the condition GANs to generate

images from semantic descriptions, such as translating semantic labels into the

street scene, object edges into pictures, aerial photos into maps and so on [59,67,

169,183]. Others integrated GANs to improve image quality in the classic image

processing tasks, e.g., super-resolution [72], image de-raining [175], and image

in-painting [110] etc.

However, simply applying generative networks to image synthesis can not

perfectly solve all the practical problems of visual synthesis. Most of the existing

methods use the neural network as a black box, which simply trains the model to
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output the image as a whole. For local image synthesis problems, they can hardly

achieve satisfying performance as they cannot control the generating process.

Also, it is inefficient to deal with the multi-domain image synthesis problem. In

multi-domain image synthesis tasks, models are required to generate different

styles or attributes of images. Existing approaches have limited scalability and

robustness in handling more than two domains, since different models should be

built independently for every image domain.

Video synthesis refers to generating a sequence of consecutive video frames,

which is a widely explored problem. Accurately generating frames is an important

technique in video coding, video completion, robotics, autonomous driving and

intelligent agents that interact with their environment. The specific tasks of video

generation differ in the type of the provided signal [26]. One side of the task deals

with unconditional video synthesis where the task is to generate any videos so

long as they follow the training distribution. Another side of the problem is

occupied by strongly-conditioned models, including generation conditioned on

another video for object transfer [10], per-frame segmentation masks [152], or

pose information [164, 165]. In the middle ground there are tasks that are more

structured than unconditional generation problems, and yet are more challenging

from a modeling perspective than the strongly conditional generation (which gets

a lot of information about the generated video through its input). Future video

prediction refers to the generation of subsequent video given initial frames. These

problems differ in several aspects, but share a common requirement of realistic

temporal dynamics.

In video generating problems, temporal consistency and dynamics are impor-

tant factors that should be considered. Generating each frame independently

cannot guarantee temporal consistency and would lead to video flickering. To

generate consecutive video-frames, existing methods often execute in a recursive

manner by taking the generated frames as observations to generate subsequent

frames. However, they usually only produce high-quality frames for the first few

steps. The generating frames would then dramatically degrade.
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1.2.3 Challenges

The challenges of visual synthesis mainly are summarized as the following five

categories:

Training Instability for generative adversarial networks. Though

GAN-based models have achieved promising results, they are often difficult to

train. If the data and the model distribution do not substantially overlap, the

generator will encounter gradient vanishing. On the other hand, GAN models

often suffer from mode collapse issues, in which a trained model assigns all its

probability to a small region in the target space [125, 134] and often choose to

generate from very few modes.

Interpretation and controllability for local image synthesis. Existing

methods use a neural network as the generator and simply generate the output as

a black-box process. Since they treat the generator as a black box, it is hard for

users to control the image synthesis process and manipulate the images as their

desire, such as the specific position, semantic object, and context. For instance,

in the image-to-image transformation problem, users might hope to manipulate

certain objects in the reference images.

Inefficiency for multi-domain image synthesis. Existing approaches are

designed for generating a specific domain or category output [59, 183]. They

are inefficient and ineffective in handling more than two domains since multiple

models should be built independently for different image domains. It is time-

consumed to train multiple models for multi-domain synthesis and costs lots of

storage space for saving models. Meanwhile, they are ineffective even though

there exist global features that can be learned from images of all domains, sepa-

rately training generators cannot fully utilize the entire training data.

Quality for long-term video frame synthesis. Video-frames synthesis

is another problem of visual synthesis, which refers to generating a sequence of

consecutive video frames. How to extend the image synthesis to video remains

a challenging problem. In the video generating problem, temporal consistency

is an important factor that should be considered. Generating each video-frame

independently would lead to flickering. To generate temporal consistent video-

frames, existing methods often execute in a recursive manner by taking the gen-
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erated frames as observations. However, they usually only produce high-quality

predictions for the first few steps. The generated frames would then dramatically

degrade, and could even lead to totally missing the video context.

1.3 Contributions

This thesis explicitly addresses the challenges of visual data synthesis and trans-

formation. Advanced image synthesis methods are devised to improve image

quality, controllability and efficiency. Also, the long-term video synthesis is inves-

tigated by considering temporal consistency via a bi-direction generative model.

The detailed contributions contained in the thesis are summarized as follows:

• An attention generative model is present for local image synthesis, which

is able to only manipulate and generate object on the certain region of

images. The model is built by decomposing the generative network into two

separate networks, each of which is only dedicated to one particular sub-

task: to detect the objects of interests and to convert the object from one

object to another. The attention network predicts spatial attention maps

of images, and the transformation network focuses on translating objects.

The attention map produced by the attention network is encouraged to be

sparse so that major attention can be paid to objects of interest. No matter

before or after transformation, attention maps should remain constant. In

addition, a novel perceptual loss is introduced to improve the quality of

transformed images in the high-level feature space.

• A novel gated generative model is proposed for multi-domain image syn-

thesis. With the proposed model, multiple styles of images can be gener-

ated in a single model. The generative network is decomposed into three

modules: an encoder, a gated transformer, and a decoder. Different styles

can be achieved by passing input images through different branches of the

gated transformers. We introduce an auto-encoder reconstruction loss for

our generative model that is capable of improving training stability. The

auto-encoder reconstruction loss is achieved by combining the encoder and
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decoder module. An auxiliary classifier is used to recognize the style cate-

gories of transformed images, thereby helping the generative network gen-

erates images in multiple styles.

• A temporal generative model is proposed via criticization and retrospec-

tion for long-term video synthesis. The introduced retrospection process is

designed to look back on what has been learned from the past and rectify

the prediction deficiencies. To this end, a retrospection network is built to

reconstruct the past frames given the currently predicted frames. On the

other hand, an auxiliary route is built by reversing the flow of time and ex-

ecuting a similar retrospection. These two routes interact with each other

to boost the performance of retrospection network and enhance the under-

standing of dynamics across frames, especially for the long-term horizon.

Extensive experiments on natural video datasets demonstrate the advantage

of introducing retrospection processes in long-term video prediction.

1.4 Organization

This thesis consists of six chapters as shown in Figure 1.3. We briefly summarize

the main topics in each chapter as follows:

Chapter 1 introduces the background of visual synthesis and transformation.

In the following of an overview of the main technique, applications and challenges

of visual synthesis are presented. We summarize the main contributions of this

thesis.

Chapter 2 reviews state-of-the-art visual synthesis algorithms and applica-

tions. We first introduce and formalize the related deep generative models. We

then review the image synthesis and image-to-image transformation applications.

Lastly, we introduce video synthesis methods and applications.

Chapter 3 demonstrates a novel attention-aware generative model to improve

the quality of output image. We present our motivation to decompose the gener-

ation network as an attention network and a transformation network. We show

our observations regarding the limitations of existing image transformation meth-

ods using an end-to-end generative network. We then describe the background

of the attention model as well as generative networks incorporating the attention
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Figure 1.3: The organization overview of this thesis.

mechanism. In the following, we introduce the formula of the proposed method

as well as the implementation detail. In the end, extensive experimental results

demonstrate the necessity of investigating attention in image transformation, and

that the proposed algorithm can learn accurate attention prediction and improve

the quality of generated images.

Chapter 4 presents an effective and efficient generative model for multi-domain

image synthesis. The proposed gated generative network which consists of three

modules: encoder, gated-transformer, and decoder. The gate controls which

transformer is connected to the encoder and decoder, so that users can switch

gate to choose between different style. In the following, we introduce a novel auto-

encoder reconstruction loss which is able to increase training stability and avoid

mode collapse. Then we introduce our implementation details including training

strategy and network configurations. Specially, we present the visualization of

learned features in the gated transformer. The visualization reveals that each

transformed learns style representations e.g., color, stroke, etc. In the end, we

show extensive experimental results to demonstrate the stability and effectiveness

of the proposed model for multi-style transfer.

Chapter 5 presents a robust long-term video synthesis model for video frame

prediction. We show our observation that the limitation of existing methods

usually produces high-quality predictions for the first few steps and the quality
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of prediction would decrease dramatically. We present our motivation that a

qualified generator would also be able to predict videos in a backward manner. We

then introduce our novel long-term video synthesis which consists of a prediction

process and retrospection process. After predicting in a few time steps, we pause

the prediction process and look back to rectify the prediction deficiencies in a

backward manner. Then we discuss the detailed implementations of updating the

predict network and retrospection network as well as the network architecture.

Extensive experiments on natural video datasets demonstrate the advantage of

the introduced retrospection process in long-term video prediction.

Chapter 6 concludes the thesis and sheds the light on future research work in

visual data synthesis and transformation.

12



Chapter 2

Literature Review

2.1 Generative Models

Generative models are one of the fundamental branches in statistics and machine

learning, which are widely used for computer vision and visual synthesis tasks. In

statistics, the goal of generative models is to represent the estimated probability

distributions of real-world data, such as natural images. Generative models can

randomly generate unobservable values based on a joint probability distribution.

For machine learning researchers, generative models are generally used to gen-

erate values of any variable in the model [71]. Generative models have been in

the forefront of deep unsupervised learning for the last decade, as they offer an

efficient way to analyze and understand unlabeled data.

Generative models can be divided into two categories: explicit generative

models and implicit generative models. In explicit generative models, the data

distributions are directly defined by an explicit density function pmodel(x|θ) for

each example of training so that the maximum likelihood can be straight calcu-

lated. Most explicit generative models are based on the principle of maximum

likelihood. The maximum likelihood estimation is a method of estimating the

parameters of a statistical model given observations, by finding the parameter

values that maximize the likelihood of making the observations given the param-

eters. While the model parameters are optimized by maximizing the sum of the

likelihood of all training data, these generative models can gradually understand
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and represent data distributions. However, it is difficult to maintain computa-

tional tractability, especially when dealing with high-dimensional complex data

distributions. Implicit generative models are devised to estimate the probability

distributions without explicitly defining the density functions. Some of these im-

plicit generative models based on drawing samples from pmodel define a Markov

chain transition operator that must be run several times to obtain a sample from

the model. Markov chains easily fail to sample from high-dimensional spaces and

usually increase the computational cost of using the generative model.

Over the past decade, there has been a substantial growth of deep genera-

tive models [71]. Since deep belief networks (DBNs) [54] were proposed in 2006,

a significant increase of study for deep generative models has emerged. Deep

generative models build generative models with the flexibility and scalable learn-

ing of deep neural networks. Comparing with the shallow architectures, models

with deep architectures have better performance in generalization and expression.

Nowadays, deep generative models have been applied to a series of machine learn-

ing applications and received remarkable effects, such as object detection [42],

debarring [30], and image generation [33].

Generative adversarial networks (GANs) are one of the approaches of implicit

generative models that leverage deep neural networks. GANs are designed to

avoid problems of traditional generative models as well as take advantage of deep

architectures. GAN-based methods have been widely applied to image genera-

tion [23, 39, 105, 173], image editing [59, 149, 150, 183], video prediction [90, 148],

and many other tasks [92, 143,178].

2.2 Generative Adversarial Networks

Generative adversarial networks (GANs) [44] are one of the branches of deep

generative models. GANs consist of a generator and a discriminator, and perform

as a min-max game. The illustration for GANs is shown in Figure 2.1. While

using the generator to synthesize semantic meaning data from standard signal

distributions, the discriminator is trained to distinguish real samples from fake

samples synthesized by the generator. As an adversary, the generator aims to

deceive the discriminator by producing ever more realistic samples. The training
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Figure 2.1: The illustration of the adversarial training procedure.

procedure continues until the generator wins the adversarial game; that is, the

discriminator cannot make a better decision than randomly guessing whether

a particular sample is fake or real. In the implementation, the generator and

discriminator can be constructed by deep neural networks.

To learn the generator’s distribution pg over data x, GANs define a prior on

input noise variables pz(z), then represent a mapping to data space as G(z; θg),

where G is a differentiable function represented by a neural network with param-

eters θg. Another neural network D(x; θd) is defined to output the probability

that the input sample x comes from the real data pdata rather than pg. The dis-

criminator D is trained to maximize the probability of assigning the correct label

to both training examples and samples from G. Simultaneously, the generator G

is trained to minimize log (1−D(G(z))). D and G play a two-player min-max

game with value function V (G,D) as follow:

min
G

max
D

V (D,G) = Ex∼pdata(x) [logD(x)] + Ez∼pz(z) [log (1−D(G(z)))] . (2.1)

Generative adversarial nets are trained by simultaneously updating the generator

G(z) and the discriminator D(·). If G and D have enough capacity, they will

reach the optimum, more specifically a Nash equilibrium [115]. In that point,

both cannot improve as the generator is able to output realistic data because pg =

pdata. The discriminator is unable to differentiate between the two distribution
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as D(x) = 1
2
.

Though GANs can avoid many of the inherent difficulties of previous genera-

tive models, they still face some challenges. First, GAN models are notoriously

difficult to train. Since training the generator is equivalent to minimizing the

Jensen-Shannon divergence between the data distribution and the generated dis-

tribution, which easily causes the vanishing gradient when the two distributions

have no substantially overlap. Second, GAN models often suffer from mode col-

lapse issues, in which the trained model assigns all its probability to a small

region in the target space [125, 134] and often produce limited varieties of sam-

ples. Third, the selections of network architectures and training parameters are

sensitive for training stability, and unsuitable settings (e.g., batch size, learn-

ing rate, and updating steps) will significantly reduce the training stability and

generative performance [68, 78].

A lot of works have investigated to improve the training stability and image

quality of GANs. To solve the gradient vanishing problem in original GANs, a

non-saturating heuristic objective (i.e., ‘− logD trick’) [123] replaced the minimax

objective function in Equation 2.1. DCGAN was devised by [113] and proposed

several heuristic tricks (e.g., feature matching, one-side label smoothing, virtual

batch normalization) to improve training stability. The classical GANs actually

aims to minimize Jensen-Shannon distance between real data distribution and

model distribution. The classical GANs easily cause gradient vanishing as JS

distance does not provide gradient when the two distributions do not substan-

tially overlap. Recently, Wasserstein GAN (WGAN) [4] was proposed to mini-

mize Wasserstein distance between real data distribution and model distribution.

WGAN reduces training instability since Wasserstein distance is continuous ev-

erywhere and differentiable almost everywhere under only minimal assumptions.

2.3 Image Synthesis

Image synthesis is the process of creating new images from some forms of image

description. The kinds of images description include: test patterns, noise from

specific distribution, semantic annotations and images. The classical GANs [44]

were devised to generate data from noise. GANs were also applied in condi-
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tional settings, e.g., discrete labels, text, and images. The simplest conditional

GANs [102] generate MNIST digits conditioned on class labels. [118] proposed

the Generative Adversarial What-Where Network (GAWWN), which synthesizes

images given instructions describing what content to draw in which location. [94]

proposed a pose guided person generation network that allows synthesizing per-

son images in arbitrary poses, based on an image of that person and a pose. [124]

proposed an architecture that is conditioned on sketched boundaries and sparse

color strokes to generate realistic cars, bedrooms, or faces.

Image-to-image transformation is one type of image synthesis tasks, which

aims to translate images from a source domain to another target domain, e.g.,

greyscale to color images, and image to semantic label. Previous works of the

image-conditional models have tackled inpainting [110], image super-resolution

[31], image manipulation guided by user constraints [182], video frame prediction

[100], future state prediction [179], low-dynamic-range (LDR) image to a high-

dynamic-range (HDR) image transfer [106] and style transfer [77]. Each of these

methods was tailored for a specific application.

Image-to-image tranformation can be solved in a general framework by adopt-

ing the conditional generative model. Recently, [59] solved image conditional gen-

eration problems in a general framework by treating them as an image-to-image

translation problem. [59] used conditional GANs to learn a mapping from input to

output images, with the supervision of the ground truths in the target domain.

In the absence of paired examples settings, a series of unsupervised image-to-

image translation works have emerged by combining classical adversarial training

with carefully designed constraints, e.g., circularity constraint [66, 169, 183], f -

consistency constraint [140], and distance constraints [12]. Although there is no

paired data, these constraints establish the connections between two domains

so that meaningful analogs are obtained. Circularity constraint [66, 169, 183]

requires a sample from one domain to the other that can be mapped back to

produce the original sample. f -consistency requires both input and output in

each domain should be consistent with each other in intermediate space of a

neural network. [12] learned the image translation mapping in a one-sided un-

supervised way by enforcing a high cross-domain correlation between matching

pairwise distances computed in source and target domains.
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Existing methods used a neural network as a generator and simply generated

the output as an end-to-end process. Since they treated the generator as a black-

box, it was hard for users to control the image synthesis process and manipulate

the images as their desire, such as specific the position, semantic object, and

context. For instance, in the image-to-image transformation problem, users might

hope to manipulate certain objects in the reference images.

2.4 Video Synthesis

Video synthesis refers to generating a sequence of consecutive video frames, which

is a widely explored problem. Accurately generating frames is an important tech-

nique in video coding, video completion, robotics, autonomous driving and intel-

ligent agents that interact with their environment. Similar to image synthesis,

the specific tasks of video generation differ in the type of conditioning signal pro-

vided [26]. One side of the task refers to unconditional video synthesis where

the task is to generate any video so long as following the training distribution.

Another side of problem is occupied by strongly-conditioned models, including

generation conditioned on another video for object transfer [10], per-frame seg-

mentation masks [152], or pose information [164,165]. In the middle ground there

are tasks that are more structured than an unconditional generation, and yet are

more challenging from a modeling perspective than a strongly conditional gen-

eration (which gets a lot of information about the generated video through its

input).

Future video prediction is concerned with generating subsequent video given

initial frames. The problems differ in several aspects, but share a common re-

quirement of needing to generate realistic temporal dynamics. Different from

image generation, in video generating problem, temporal consistency and dy-

namics are important factors that should be considered. Generating each frame

independently cannot guarantee temporal consistency and would lead to video

flickering. To generate consecutive video-frames, existing methods often execute

in a recursive manner by taking the generated frames as observations to gener-

ate subsequent frames. One popular hypothesis is that a video sequence could

be decomposed as content and motion. By independently modeling the motion
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and content, MCNET [144] predicted the next frame by combining the predicted

motion feature and the extracted content feature. DRNET [29] designed an ad-

versarial training strategy to disentangle the motion and content representations.

Another assumption is that the outcome of an event is stochastic as a consequence

of the latent events, so different possible future for each sample of its latent vari-

ables can be predicted [7]. [159] incorporated a two steam generation architecture

to deal with high frequency and low-frequency video content separately so as to

output structured prediction. [155] produced a mask that outlines the predicted

foreground object to achieve a better quality of prediction. However, they usually

only produce high quality frames for the first few steps. The generating frames

would then dramatically degrade. To generate long-term video prediction is still

an challenging problem.
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Chapter 3

Attention Generative Model for

Local Image Synthesis

In this chapter, we propose an attention generative model for object transfigura-

tion. Object transfiguration is a typical problem for local image synthesis. The

generative network in classical GANs for object transfiguration often undertakes

a dual responsibility: to detect the objects of interests and to convert the object

from source domain to another domain. A simple neural network is hard to con-

trol the region of the transformed part and often leads to low generation quality.

In our method, we decompose the generative network into two separate networks,

each of which is only dedicated to one particular sub-task. The attention network

predicts spatial attention maps of images, and the transformation network focuses

on translating objects. Attention maps produced by the attention network are

encouraged to be sparse so that major attention can be paid on objects of interest.

No matter before or after object transfiguration, attention maps should remain

constant. In addition, the attention network can receive more instructions, given

the available segmentation annotation s of images. On the other hand, previous

works only transfer the low-level information by adopting PatchGAN whose dis-

criminator classifies the patches of images. To improve the quality of transformed

images in the high-level feature space, we introduce a perceptual loss by mini-

mizing the feature distance between the translations and overall samples of the

target domain. Experimental results demonstrate the necessity of investigating
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Figure 3.1: Comparisons of object transfiguration examples. From left to right:
the input images, the transformed results of the prior model, and the transformed
results of our proposed model. a) An example of horse → zebra; b) An example
of zebra → horse.

attention in object transfiguration, and that the proposed algorithm can learn

accurate attention and improve the quality of generated images.

3.1 Introduction

The task of image-to-image translation aims to translate images from a source

domain to another target domain. Applications include greyscale to color and

image to semantic labels. Many approaches on image-to-image translation have

been produced in the supervised setting, where ground truths in the target do-

main should be available. [89] learned a parametric translation function using

CNNs by minimizing the discrepancy between generated images and the corre-

sponding target images. [59] used conditional GANs to learn a mapping from

input to output images. Similar ideas have been applied to various tasks such

as generating photographs from sketches or semantic layout [63, 124], and image

super-resolution [31]. However, it requires data from each domain to be paired

or under alignment, which restricts applications and may not even be possible

for some domains. To achieve image-to-image translation in the absence of
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Figure 3.2: Results of object transfiguration on different tasks: horse ↔ zebra,
leopard ↔ tiger and apple ↔ orange. In each case, the first image is the original
image, the second image is the synthesized image, and the third image is the
predicted attention map. Our proposed model only manipulates the attention
parts of the image and preserves the background consistency.

paired examples, a series of works has emerged by combining classical adversarial

training [44] with different carefully designed constraints, e.g., circularity con-

straint [66,169,183], f -consistency constraint [140], and distance constraints [12].

Although there is no paired data, these constraints can establish the connections

between two domains so that meaningful analogs are obtained. Circularity con-

straint [66,169,183] requires a sample from one domain to the other that can be

mapped back to produce the original sample. f -consistency requires both input

and output in each domain should be consistent with each other in intermedi-

ate space of a neural network. [12] learned the image translation mapping in a

one-sided unsupervised way by enforcing a high cross-domain correlation between

matching pairwise distances computed in source and target domains.

Object transfiguration is a special task in the image-to-image translation prob-

lem. Instead of taking the image as a whole to accomplish the transformation,

object transfiguration aims to transform a particular type of object in an image to
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another type of object without influencing the background regions. For example,

in the top line of Figure 3.1, horses in the image are transformed into zebras, and

zebras are transformed into horses, but the grassland and the trees are expected

to be constant. Existing methods [12, 183] used to tackle object transfiguration

as a general image-to-image task, without investigating unique insights into the

problem. In such a one-shot generation, a generative network actually takes two

distinct roles: detecting the region of interests and converting the object from

the source domain to the target domain. However, incorporating these two func-

tionalities in a single network would confuse the aims of the generative network.

In iterations, it could be unclear whether the generative network should improve

its detection of the objects of interests or boost its transfiguration of the objects.

The quality of generated images is often seriously influenced as a result, e.g. some

background regions might be taken into transformation by mistake.

On the other hand, to generate realistic output, the existing works adopt

a Markovian discriminator in the adversarial training (termed as PatchGAN).

PatchGAN classifies whether the image patches are real or fake. Such a dis-

criminator models the image as a Markov random field, assuming independence

between pixels separated by more than a patch diameter, which can be viewed

as a texture or style loss. As a result, they only transfer low-level information

which leads to low quality of the transformed images in the object transfigura-

tion problem. For example, in Figure 3.1 (b) for zebra → horse, we can still

find zebra stripes in the transformed horse in the prior model while the brown

color is rendered on the horse body. Recently, in image-to-image transformation,

many approaches have incorporated high-level information for suppressing arti-

facts [175] and improving the perceptual quality of the output images [72, 177].

However, the aforementioned techniques are used by optimizing the discrepancy

between the high-level features of the output and the ground-truth images. In

the absence of the paired images, the existing works cannot be applied in the

unsupervised image-to-image transformation.

To disentangle the image background from object regions, we propose an

attention-GAN algorithm for the object transfiguration problem. The generative

network has been factorized as two separated networks: an attention network to

predict where the attention should be paid, and a transformation network that
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actually carries out the transformation of objects. A sparse constraint is applied

over the attention map so that limited attention energy can be focused on regions

of priority rather than spread on the whole image at random. A layered operation

is adopted to finalize the generated images by combining the transformed objects

and the original background regions with the help of the learned sparse attention

mask. A discriminative network is employed to distinguish real images from

these synthesized images, while attention network and transformation network

cooperate to generate synthesized images that can fool the discriminative network.

Cycle-consistent loss [66,169,183] is adopted to handle unpaired data. Figure 3.2

shows some examples of results by our model. It can be observed that our model

succeeds in predicting the attention map and only transforms the foreground

while preserving the background consistency. Moreover, if segmentation results of

images are available, the attention network can be learned in a supervised manner

and the performance of the proposed algorithm can be improved accordingly.

To improve the fidelity of output images in high-level features, we introduce

the perceptual loss by considering the transformed images and the overall samples

in the target domain. With the idea that the transformed images in the target

domain should have a similar feature of images in the target domain. The percep-

tual loss aims to minimize the expectation of distance between the transformed

image and the real samples of the target domains. Experimental results on three

object transfiguration tasks, i.e. horse ↔ zebra, tiger ↔ leopard, and apple ↔
orange, suggest the advantages of investigating attention in object transfigura-

tion, and the quantitative and the qualitative performance improvement of the

proposed algorithm over state-of-the-art methods.

The rest of this chapter is organized as follows. In Section 3.2, we sum-

marize related works. We briefly review the prior algorithm that achieves un-

paired image-to-image translation in Section 3.3. We then introduce the pro-

posed method in Section 3.4 and provide implementation details in Section 3.5.

Experimental results of the proposed method and the comparison with existing

methods are illustrated in Section 3.6. Section 3.7 concludes our work of this

chapter.
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3.2 Related Work

In this section, we first review the generative adversarial networks (GANs) and

its applications, and then we introduce the representative methods on image-to-

image translation. Last, we briefly summarize the related works of the attention

mechanism in the deep networks.

3.2.1 Generative Adversarial Networks

Generative adversarial networks (GANs) [44] is an implicit generative model, im-

plemented by a two-player game: a generator and a discriminator. The generator

aims to generate realistic images to fool the discriminator, while the discrim-

inator aims to classify whether the images are real or fake. Although GANs

typically produce promising results, they are often very hard to train and out-

put low-resolution results. To make them stable to train, [113] proposes a set

of constraints on the architectural topology of convolutional GANs, e.g. batch

normalization, fractional-strided convolutions, etc. To overcome the well-known

mode collapse and gradient vanishing issue of GAN, a lot of training objectives

have been developed, such as WGAN [4], feature matching loss [123], least squares

loss in LSGAN [98]. [14] derived a way of controlling the trade-off between image

diversity and visual quality. In this work, followed [183], we adopt the LSGAN [98]

which performs stably during training and generates high-quality results.

On the other hand, a series of multi-stage generative models have been pro-

posed to generate more realistic images [56, 70, 166]. [70] proposes a composite

generative adversarial network (CGAN), that disentangles complicated factors of

images with multiple generators in which each generator generates some part of

the image. The layered recursive GANs [166] learned to generate image back-

ground and foregrounds separately and recursively, and stitch the foregrounds on

the background in a contextually relevant manner to produce a complete natural

image. In contrast, in our work, we explicitly decompose the generative network

into two separated networks, an attention network, and a transformation net-

work. The introduced attention network is able to disentangle the foreground

and background of images so that the transformation network could concentrate

on improving the transformation quality.
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3.2.2 Image-to-Image Transformation

GANs have shown great success on a variety of conditional models, e.g., im-

age generation [174], image-to-image translation, text-to-image generation. Dif-

ferent from the original GANs, which generate images from the latent space

variable, conditional GANs synthesize images based on the input information.

The simplest conditional GANs [102] generated MNIST digits conditioned on

class labels. [118] proposed the Generative Adversarial What-Where Network

(GAWWN), which synthesizes images given instructions describing what con-

tent to draw in which location. [94] proposed a pose guided person generation

network that allows synthesizing person images in arbitrary poses, based on an

image of that person and a pose. [124] proposed an architecture that is condi-

tioned on sketched boundaries and sparse color strokes to generate realistic cars,

bedrooms, or faces.

In image-to-image translation problem, [59] investigated conditional adver-

sarial networks as a general-purpose solution, such as sketch to photo, map to

aerial photo, day to night, etc. After this, CycleGAN [183], DiscoGAN [66],

and DualGAN [169] introduced cycle-consist loss to achieve unpaired image to

image translation problem and also conducted experiments on semantic transla-

tion (e.g. horse to zebra and apple to orange). Some unsupervised translation

approaches assume the existence of a shared latent space between the source

and target domains. Coupled GAN (CoGAN) [87] learned an estimate of the

joint data-generating distribution using samples from the marginals, by enforcing

source and target discriminators and generators to share parameters in low-level

layers. After that, [86] built an unsupervised image-to-image translation network

(UNIT) based upon Coupled GAN by assuming the existence of a shared low-

dimensional latent space between the source and target domains. Once the image

is mapped to its latent representation, then a generator decodes it into its tar-

get domain version. [83] proposed a mask-conditional contrast-GAN architecture

that realized the attentive semantic manipulation by conditioning on masks of ob-

ject instances. However, contrast-GAN required segmentation mask annotations

both in the training phase and test phase, which is hard to obtain in practice.

In our work, we take a further step towards manipulating an object by sepa-
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rating the background and foreground in an unsupervised way. [101]’s unsuper-

vised attention-guided image-to-image translation (UAIT) was a contemporane-

ous work that shares our goal of learning an attention map for image translation.

UAIT [101] trained the model by two-step. They first train the overall network

in the first 30 epochs, and then stop the training of the attention networks. In

contrast, we proposed the attention sparse loss to force the attention only focus

on the foreground, so that the overall model could be trained simultaneously.

3.2.3 Attention Model in Networks

Motivated by human attention mechanism theories [120], attention mechanism

has been successfully introduced in computer vision and natural language process-

ing tasks, e.g. image classification [104, 157, 179], image generation [156], image

captioning [160], and visual question answering [158]. Rather than compressing

an entire image or sequence into a static representation, attention allows the

model to focus on the most relevant part of images or features as needed. [104]

learned an attention model that adaptively selects image regions for process-

ing. [8] proposed an attention model that softly weights the importance of input

words in a source sentence when predicting a target word for machine translation.

Following this, [160] and [167] used attention models for image captioning and

video captioning respectively. The model automatically learns to fix its gaze on

salient objects while generates the corresponding words in the output sequence.

In visual question answering, [158] used the question to choose relevant regions

of the images for computing the answer.

The approach to obtaining the attention maps in deep convolutional neural

networks is an open problem. The gradient-based way defined attention as gradi-

ent w.r.t. input [130,133], which can be viewed as an input sensitivity map, i.e.,

attention at an input spatial location encodes how sensitive the output prediction

is. Another approach obtained the attention map by making use of class activa-

tion maps [130]. They removed the top average-pooling layer and converted the

linear classification layer into a convolutional layer, producing attention maps per

each class. In visual question answering, the attention mechanism [158] in the

network selected certain parts of the neuron activations, which stored information

from different spatial regions of the image.
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In image generation, [46] proposed a recurrent model to generate images with

the attention mechanism that allows the generator to focus on smaller regions of

an input image and generate an image a few pixels at a time. [46] also modified

their approach to generate two digits per image, and observed that their attention

mechanism ensured that the model focused on generating one number at a time.

Followed by this, [65] introduced adversarial training in the recursive attention

generative network, and generates more realistic images on the MNIST dataset.

In our work, rather than sequential attention generation, the attention networks

learn the location of the object in one step.

3.3 Preliminaries

In the task of unsupervised image-to-image translation, we have two domains

X and Y with training samples {xi}NX
i ∈ X and {yj}NY

j ∈ Y . The goal is to

learn mapping from one domain to the other G : X → Y , (e.g. horse→zebra).

The discriminator DY aims to distinguish real image y from translated images

G(x). On the contrary, the mapping function G tries to generate images G(x) that

looks similar to images in Y domain to fool the discriminator. The objective of

adversarial loss in LSGAN [98] is expressed as:

LGAN(G, DY , X, Y ) = Ey∈Y
[
D2

Y (y)
]
+ Ex∈X

[
(DY (G(x))− 1)2

]
, (3.1)

The mapping function F : Y → X, in the same way, tries to fool the discriminator

DX :

LGAN(F, DX , X, Y ) = Ex∈X
[
D2

X(x)
]
+ Ey∈Y

[
(DX(F(y))− 1)2

]
. (3.2)

The discriminators DX and DY try to maximize the loss while mapping functions

G and F try to minimize the loss. However, a network of sufficient capacity can

map the set of input images to any random permutation of images in the target

domain. To guarantee that the learned function maps an individual input x

to a desired output y, the cycle consistency loss is proposed to measure the

discrepancy occurred when the translated image is brought back to the original
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image space:

Lcyc(G,F) = Ex∈X [‖F(G(x))− x‖1] + Ey∈Y [‖G(F(y))− y‖1] . (3.3)

Taking advantages of adversarial loss and cycle consistency loss, the model achieves

a one-to-one correspondence mapping, and discovers the cross-domain relation

[66]. The full objective is:

L(G,F, DX , DY ) = LGAN(G, DY , X, Y )+LGAN(F, DX , Y,X)+λLcyc(G,F), (3.4)

where λ controls the relative importance of the two objectives. However, the

generative mapping functions G and F actually takes a dual responsibility for

object transfiguration: to detect the objects of interest and to transfigure the

object, which confuses the aims of the generative network.

On the other hand, we notice that the model can be viewed as two “autoen-

coders”: F ◦G : X → X and G◦F : Y → Y , where the translated image G(x) and

F(y) can be viewed as intermediate representations trained by adversarial loss.

In object transfiguration task, the generative mappings G and F are trained to

generate objects to fool the discriminator. Therefore, the image background can

be coded as any representation so long as it can be decoded back to the original,

which does not guarantee background consistency before and after transforma-

tion. As a result, the proposed Attention-GAN that decomposes the generative

network into two separated network: an attention network to predict the object

of interests and a transformation network focuses on transforming object.

3.4 Attention Generative Model

In this section, we introduce the proposed attention generative model for object

transfiguration. The overview of the proposed model is illustrated in Figure 3.3.

The grey dotted frame represents the generator of our model. The generator

model consists of two players: an attention network, a transformation network.

The attention network predicts the region of interest from the original image.

The transformation network focuses on transforming the object from one domain
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Figure 3.3: The architecture of the proposed method. For clarity the target
cycle is omitted. The grey dotted frame represents the generator of our model,
which consists of a transformation network and an attention network. Detailed
illustration of the generator is shown in Figure 3.4. The perceptual loss minimizes
the distance in feature space between the transformed image and the overall
images of the target domain.

to the other. The resulting image is, therefore, a combination of the transformed

object and the background of the original image with a layered operator. A

detailed formulation of the generative model is described in Section 3.4.1. The

Attention loss is introduced in order to learn an accuracy attention map of the

object, which is discussed in Section 3.4.2. To improve the quality of the trans-

formed object, we proposed the perceptual loss (red) by optimizing the distance

between the transformed image and overall datasets of target images in feature

space (see details in Section 3.4.3). The cycle loss and the GAN loss (grey) are

adopted as described in Section 3.3. For notation simplicity, we only show the

forward process that transforms images from domain X to domain Y , and the

backward process from domain Y back to the domain X can be easily obtained

in the similar approach.

3.4.1 Generative Model

The detailed generator architecture is shown in Figure 3.4. Given an input image

x in the domain X, the attention network AX outputs a spatial score map AX(x),

whose size is the same as the original image x. The element value of the score map
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Figure 3.4: The generator of Attention-GAN transforms the source image from
one class to another. The attention network predicts the attention maps. The
transformation network synthesizes the target object. A layered operation is
applied to the background and transformed images to output the resulting image.

is from 0 to 1. The attention network assigns higher scores of visual attention

to the region of interest while suppressing background. In another branch, the

transformation network T outputs the transformed image T (x) that looks similar

to those in the target domain Y . Then we adopt a layered operation to construct

the final image. Given transformed region AX(x), a transformed image TX(x)

and image background from original image x are combined as:

G(x) ≡ AX(x)� TX(x) + (1− AX(x))� x, (3.5)

where � denotes the element-wise multiplication operator. Another mapping

function F is introduced to bring transformed images G (x) back to the original

space F(G(x)) ≈ x. The mapping from an image y in target domain Y to the

source domain follows:

F(y) ≡ AY (y)� TY (y) + (1− AY (y))� y. (3.6)

Followed by Section 3.3, the adversarial loss (Equations (3.1) and (3.2)) and

the cycle consistency loss (Equation (3.3)) are introduced to learn the overall

mappings G and F. In classical GANs [66, 169, 183], the generative mapping G

transforms the whole image to target domain and then the generative mapping F
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is required to bring the transformed image back to original image F (G (x)) ≈ x.

However, in practice, the background of the generated image appears to be unreal

and significantly different from the original image background, so that the cycle

consistency loss can hardly reach 0. In our method, the attention network outputs

a mask that separates the image into the region of interest and background. The

background part will not be transformed so that the cycle consistency loss in the

background reaches 0.

3.4.2 Attention Loss

Similar to cycle consistency, the attention map of the object x in the domain

X predicted by attention network AX should be consistent with the attention

map of the transformed object by attention network AY . For example, if a horse

is transformed into a zebra, the region of the zebra should be brought back to

the horse as a cycle. That is to say, the regions of interest in the original image

and the transformed image should be the same: AX(x) ≈ AY (G(x)). Similarly,

for each image y from domain Y , attention network AY and AX should satisfy

consistency: AY (y) ≈ AX(F(y)). To that end, we propose an attention cycle-

consistent loss:

LAcyc(AX , AY ) = Ex∈X [‖AX(x)−AY (G(x))‖1] + Ey∈Y [‖AY (y)− AX(F(y))‖1]
(3.7)

In addition, we introduce a sparse loss to encourage the attention network to pay

attention to a small region related to the object instead of the whole image:

Lsparse(AX , AY ) = Ex∈X [‖AX(x)‖1] + Ey∈Y [||AY (y)||1] . (3.8)

Considering Equation (3.7), the attention maps of AX(F(y)) and AY (G(x)) should

be consistent to AY (y) and AX(x), so they do not include additional sparse loss

on AX(F(y)) and AY (G(x)).
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3.4.3 Perceptual loss

Previous models (e.g., CycleGAN [173] and Attention-GAN [24]) adopted Marko-

vian discriminator (PatchGAN) which classifies whether the image patches in-

stead of the entire images are real or fake. Patch-GAN models the image as a

Markov random field which assumes independence between pixels separated by

more than a patch diameter, which can be viewed as a form of texture/style

loss. Comparing to the traditional GAN (ImageGAN) that penalizes the entire

images, such a patch-level discriminator architecture has fewer parameters than

a full-image discriminator and can achieve better performance [59]. However, in

the object transfiguration problem, objects in a category also have their high-level

features, while Patch-GAN with patch-level adversarial loss can only transform

low-level information. As a result, we propose a perceptual loss to improve the

transformed images in high-level feature space.

The proposed perceptual loss has been used on the image generation problems

[72,177]. Compared to previous works, the differences of our perceptual loss can

be summarized as follow: first, previous works [72] used the perceptual loss by

optimizing the perceptual similarly distance between the generated images and

the ground truth. In our work, as we lack paired images, we design the loss

by optimizing the distance between the output and the overall samples of the

target domain. On the other hand, some previous works used in the low-level

and middle-level features (e.g., features in the first four layers of VGG19 [61]) to

construct texture or style features to instruct the image generation process. In

contrast, we use high-level perceptual similarity (e.g., features in the last layers

of VGG19) with the idea that samples in the same domain should have similar

high-level features.

We propose the perceptual loss to force the high-level feature representation

of the transformed images to be close to those of samples in the target domain.

Let f(·) represent a feature transformation function, and the x denote a sample

from domain X. Our aim is to minimize the expectation distance between the

transformed image G(x) and the real samples {yj}NY

j of the target domain Y in

the feature space. Similarly, for each image y, the transformed image F(y) should

be close to the domain X in their feature space. To this end, the perceptual loss
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is given by:

Lpercep(G,F) = Ex∈XEy∈Y ‖f(y)−f(G(x))‖1+Ey∈Y Ex∈X‖f(x)−f(F(y))‖1. (3.9)

In practice, we use the pretrained VGG19 [131] as the feature mapping. The

features of images are extracted from the fully connected layer before the last soft-

max layer. To reduce the computational complexity, we compute the expectation

over samples of each domain that belongs to the same minibatch. Since we use

the L1-norm as the perceptual distance metric, the incremental computational

cost is limited.

To further reduce the space of possible mapping functions by the conditional

generator, we also use the cycle-consistency loss in Equation (3.3). The adversar-

ial losses in Equations (3.1), (3.2) are also used to encouraged to output realistic

translations. Overall, our full objective is:

L(TX , TY , DX , DY , AX , AY )

= LGAN(G, DY , X, Y ) + LGAN(F, DX , X, Y ) + λpercepLpercep(G,F)

+ λcycLcyc(G,F) + λAcycLAcyc(AX , AY ) + λsparseLsparse(AX , AY ),

(3.10)

where λsparse, λcyc and λpercep balance the relative importance of different terms.

The attention networks, transformation networks and discriminative networks in

both X domain and Y domain can be solved in the following min-max game:

arg min
TX ,TY ,AX ,AY

max
DX ,DY

L(TX , TY , DX , DY , AX , AY ). (3.11)

The optimization algorithm is described in the section 3.5.

3.4.4 Extra Supervision

In some cases, segmentation annotations can be collected and used as attention

maps. For example, our horse → zebra image segmentation of horse is exactly

the region of interest. We, therefore, supervise the training of the attention

network by segmentation labels. Given a training set {(x1,m1), · · · , (xN ,mN)}
of N examples, mi indicates the binary dense labels for each pixel. To learn the
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attention maps for both X domain and Y domain, we minimize the discrepancy

between predicted attention maps A(xi) and segmentation label mi. The total

attention loss can be written as:

LAsup(AX , AY ) =

NX∑
i=1

‖mi − AX(xi)‖1 +
NY∑
j=1

‖mj − AY (yj)‖1. (3.12)

The full objective thus becomes:

L(TX , TY , DX , DY , AX , AY )

= LGAN(G, DY , X, Y ) + LGAN(F, DX , X, Y )

+ λcycLcyc(G,F) + λAsupLAsup(AX , AY ),

(3.13)

where λcyc and λAsup control the relative importance of the objectives. As the

attention maps are supervised by semantic annotations, we do not incorporate

the constraints of Equations (3.7) and (3.8).

3.5 Implementation

For all experiments, the networks were trained with an initial learning rate of

0.0002 for the first 100 epochs and a linearly decaying rate that goes to zero

over the next 100 epochs. We used the Adam solver [67] with batch size of

8. We updated the discriminative networks using a randomly selected sample

from a buffer of previously generated images followed by [129]. The training

process is shown in Table 3.1 The architectures of transformation networks and

attention networks are based on Johnson et al. [61]. The discriminators are

adapted from the Markovian Patch-GAN [58, 77, 169, 183]. The architecture of

the transformation network and attention network is based on Johnson et al.

[61], which contains two stride-2 convolutions, several residual blocks and two

fractionally-convolutions with 1
2
stride. Instance Normalization [123] is used after

convolutional layers. For discriminative network, we adapt the Markovian Patch-

GAN architecture [58, 77, 169, 183]. Instead of distinguishing full-images, the

discriminative network distinguishes overlapping patches sampling from real and

generated images. By doing this, the discriminative network has fewer parameters
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Table 3.1: Architecture of the attention network, the transformation network and the discriminative network.

Operation Kernel size Stride Padding Feature maps Normalization Nonlinearity

Attention
network

Convolution 7 1 3 32 Instance Normalization ReLU
Convolution 3 2 1 64 Instance Normalization ReLU
Convolution 3 2 1 128 Instance Normalization ReLU

Residual block × 6 3 1 1 128 Instance Normalization ReLU
Fractional-convolution 3 1/2 1 64 Instance Normalization ReLU
Fractional-convolution 3 1/2 1 32 Instance Normalization ReLU

Convolution 7 1 0 1 - tanh

Transformation
network

Convolution 7 1 3 32 Instance Normalization ReLU
Convolution 3 2 1 64 Instance Normalization ReLU
Convolution 3 2 1 128 Instance Normalization ReLU

Residual block × 9 3 1 1 128 Instance Normalization ReLU
Fractional-convolution 3 1/2 1 64 Instance Normalization ReLU
Fractional-convolution 3 1/2 1 32 Instance Normalization ReLU

Convolution 7 1 0 3 - tanh

Discriminative
network

Convolution 4 2 1 64 - LeakyReLU
Convolution 4 2 1 128 Batch Normalization LeakyReLU
Convolution 4 2 1 256 Batch Normalization LeakyReLU
Convolution 4 2 1 512 Batch Normalization LeakyReLU
Convolution 4 1 1 512 Batch Normalization LeakyReLU
Convolution 4 1 1 1 - Linear
Resnet Block Residual block that contains 3×3 convolutional layers
LeakyReLU Slope 0.2
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and can be applied to any size of the input. Patch size is set to 70× 70. Details

are listed in Table 3.1. The optimization algorithm of Equation (9) is shown in

Algorithm 1. In practice, Kt, Kd and Ka are set to 1.

3.6 Experiments

In this section, we first compare the proposed method against state-of-the-art

works. Then, we study the function of the attention sparse loss and compare

our method against some variants. Next, we demonstrate empirical results in a

supervised manner. Last, we discuss the effect of the proposed method for global

image-to-image transform, e.g., summer→ winter. For all experiments, we denote

our model with full objective function as “Attention-GAN+” and represent our

model without perceptual loss λpercep as “Attention-GAN”.

We evaluate our method on three tasks: horse ↔ zebra, tiger ↔ leopard and

apple ↔ orange. The images for horse, zebra, apple, and orange are provided

by CycleGAN [183]. The images for tiger and leopards are from ImageNet [27],

which consists of 1,444 images for tiger, 1,396 for leopard. We randomly select

60 images for testing and the rest for the training set. In the supervised experi-

ment, we perform the horse ↔ zebra task where images and annotations are from

the MSCOCO dataset [84]. For each object category, images in the MSCOCO

training set are used for training and those in the MSCOCO validation set are

for testing. For all experiments, the training samples are first scaled as 286×286,

and then randomly flipped and cropped as 256× 256. In the test phase, we scale

input images to the size of 256 × 256.

We use the recently proposed Kernel Inception Distance (KID) [15] to quan-

titatively evaluate our image translation framework. KID computes the squared

maximum mean discrepancy (MMD) between feature representations of real and

generated images. Such feature representations are extracted from the Inception

network architecture [139]. KID has an unbiased estimator, which makes it more

reliable, especially when there are fewer test images than the dimensionality of

the inception features. Following UAIT [101], the mean KID values reported are

averaged over 10 different splits, each of which has 50 images randomly sampled

from each domain.
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Algorithm 1 Algorithm for training the attention generative network.

Require: The set of X domain sample {xi}NX

i=1 ∈ X, the set of Y domain sample

{yi}NY

j=1 ∈ Y , the number of discriminative network updates per step Kd,
the number of transformation network updates per step Kt, the number of
attention network updates per step Ka.

1: for number of training iterations do
2: for Kd steps do
3: Sample minibatch of n examples xi from domain X and n examples yi

from domain Y .
4: Generate images ŷi = G(xi) in Equation (5) and x̂i = F(yj) in Equation

(6).
5: Update discriminator DX and DY by ascending along its stochastic

gradient:
∇θDX

1
n

∑n
i=1 [(DX(xi)− 1)2] + [DX(x̂i)

2].

∇θDY

1
n

∑n
i=1 [(DY (yi)− 1)2] + [DY (ŷi)

2],
6: end for
7: for Kt steps do
8: Sample minibatch of n examples xi from domain X and m examples

yj from domain Y .
9: Generated images ŷi = AX(xi) � TX(xi) + (1 − AX(xi)) � xi, and

x̂j = AY (yj)� TY (yj) + (1− AY (yj))� yj.
10: Update transformation network TX and TY by descending along their

stochastic gradient:

∇θTX
1
n

∑n
i=1

(
DY [(ŷi)

2] + 1
m

∑m
j=1 ‖f(yj)− f(ŷi)‖1

)
,

∇θTY
1
m

∑m
j=1

(
DX [(x̂j)

2] + 1
n

∑n
i=1 ‖f(xi)− f(x̂j)‖1

)
.

11: end for
12: for Ka steps do
13: Sample minibatch of n examples xi from domain X and n examples yi

from domain Y .
14: Generate images ŷi = AX(xi)� TX(xi) + (1− AX(xi))� xi, and x̂j =

AY (yj)� TY (yj) + (1− AY (yj))� yj.
15: Update attention network AX and AY by descending along their

stochastic gradient:
∇θAX

1
n

∑n
i=1 (DY [(ŷi)

2] + ‖AX(xi)‖1 + ‖AX(xi)− AY (ŷi)‖1),
∇θAY

1
n

∑n
i=1(DX [(x̂i)

2] + ‖AY (yi)‖1 + ‖AY (yi)− AX(x̂i)‖1).
16: end for
17: end for
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Figure 3.5: Comparison with CycleGAN [183], UAIT [101] and Attention-GAN
[24] on horse ↔ zebra. In each case, the first image is the input image, the second
is the result of CycleGAN, the third is the results of UAIT, the forth is the result
of Attention-GAN and the last is the result of our Attention-GAN+.

We compare the proposed method to DiscoGAN [66], CycleGAN [183] and Du-

alGAN [169], which were similar but use different adversarial losses. DiscoGAN

used a standard GAN loss [44], CycleGAN uses a least-squared GAN loss [98],

and DualGAN used a Wasserstein GAN loss [4]. We also compare with [86]’s

UNIT algorithm, which leveraged the latent space assumption between each pair

of source/target images. Additionally, we compare with [101]’s unsupervised

attention-guided image-to-image translation (referred to “UAIT”), which is a
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contemporaneous work of our attention-GAN. UAIT shared our goal of introduc-

ing an attention network to disentangle the image background with the object,

but we adopt a different method to obtain an accurate attention map. UAIT

stops the training of the attention networks after 30 epochs to prevent it from

focusing on the background as well. In contrast, we learn the attention map

through a cyclic loss and a sparse loss.

The comparison is shown in Table 3.2. Our approach with perceptual loss

achieves the lowest KID score in all tasks, with Attention-GAN and UAIT [101]

as the next best performing approaches. UAIT [101] is a contemporaneous work

with Attention-GAN [24] sharing the goal of learning an attention map for image

translation. Both of two methods achieve closed performance, while Attention-

GAN slightly outperformed UAIT. After that, UNIT [86] achieves the fourth-

lowest KID score. Finally, DualGAN [169] and DiscoGAN [66] achieve the worst

performance in terms of mean KID values. In all, the results verify the superiority

of our method by incorporating the attention mechanism and perceptual loss.

3.6.1 Qualitative Comparisons

In this section, we compare our Attention-GAN, Attention-GAN+ with Cycle-

GAN and UAIT in terms of visual quality. Results of horse ↔ zebra are shown in

Figure 3.5. We observed that our method provides translation results of higher

visual quality in both the consistency of background and the fidelity of the trans-

formed object. In terms of the background consistency, we observe that all the

methods except CycleGAN could remain the background in the transformation.

UAIT, however, cannot precisely detect the region of the object in some complex

background. For example, in the first row of Figure 3.5, CycleGAN transforms

the green grass into brown when the horse is transformed into the zebra. In

contrast, UAIT, Attention-GAN, and Attention-GAN+ maintain the grass color

as the original ones. In the second row of Figure 3.5, UAIT only transformed

part of horses into the zebra texture. We consider the underlying reason is that

UAIT only optimizes the attention network in the first 30 epochs, to prevent

it from focusing on the background, but it is hard to tell if the attention net-

work has reached the optimization point. In contrast, our Attention-GAN and
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Table 3.2: Kernel Inception Distance ×100 ± std. ×100 for different image
translation algorithms. Lower is better.

Task apple → orange orange → apple zebra → horse horse → zebra
DiscoGAN [66] 18.34± 0.75 21.56± 0.80 16.60± 0.50 13.68± 0.28
DualGAN [169] 13.04± 0.72 12.42± 0.88 12.86± 0.50 10.38± 0.31

UNIT [86] 11.68± 0.43 11.76± 0.51 13.63± 0.34 11.22± 0.24
CycleGAN [183] 8.48± 0.53 9.82± 0.51 11.44± 0.38 10.25± 0.25

UAIT [101] 6.44± 0.69 5.32± 0.48 8.87± 0.26 6.93± 0.27
Attention-GAN 6.34± 0.69 4.51± 0.54 8.37± 0.32 5.82± 0.29

Attention-GAN+ (Ours) 3.90± 0.51 3.84± 0.52 4.12± 0.22 4.32± 0.21

Attention-GAN+ with sparse loss and attention cycle loss optimize all the players

of the model in the entire training procedure, which leads to a better attention

prediction.

Comparison results on tiger ↔ leopard and apple ↔ orange are shown in

Figure 3.6. The results of Attention-GAN are more visually pleasing than those

of CycleGAN. In most cases, CycleGAN can not preserve background consistency,

e.g., the blue jeans in the first image are transformed into yellow, the blue water in

the third image is transformed into yellow and the yellow weeds in the last image

are transformed into green color. One possible reason is that our Attention-GAN

disentangles the background and object of interests by the attention network and

only transforms the object, while the compared method only uses one generative

network that manipulates the whole image.

On the other hand, we observe that our method with perceptual loss (Attention-

GAN+) achieves the best fidelity of the transformed object. For instance, in the

zebra → horse task, we can still find zebra stripes in the transformed horse of

other methods while the brown color is rendered on the horse body. In contrast,

the transformed horses of our method are more realistic, which is consistent with

the quantitative results in Table 3.2.

3.6.2 Background Consistency Comparison

Since object transfiguration is required to predict the region of interest and trans-

form the object while preserving the background, we introduce metrics to assess

the background consistency of the translations. We compute PSNR and SSIM be-
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Table 3.3: Background consistency performance of different tasks for background
PSNR and SSIM.

Task CycleGAN UAIT
Attention-GAN
(Unsupervised)

Attention-GAN
(Supervised)

Attention-GAN+
(Unsupervised)

Attention-GAN+
(Supervised)

PSNR
horse → zebra 18.19 21.63 22.26 24.59 22.23 23.40
zebra → horse 18.10 21.36 21.54 23.93 21.92 23.40

SSIM
horse → zebra 0.6725 0.8585 0.9003 0.9482 0.8809 0.9354
zebra → horse 0.7155 0.8603 0.8988 0.9534 0.9027 0.9432

tween generated image background and original image background. PSNR is an

approximation to the human perception of reconstruction quality, which is defined

via mean squared error (MSE). Given testing samples {(x1,m1), · · · , (xN ,mN)},
we use pixels-wise multiplication � by the segmentation mask to compute image

background PSNR:

1

N

N∑
i=1

PSNR (xi � (1−mi) ,G(xi)� (1−mi)) , (3.14)

where xi indicates original image, G(xi) indicates the resulting image, (1 − mi)

indicates the image background, the pixels-wise multiplication xi � (1 −mi) in-

dicates the background of original image, and G(xi) � (1 − mi) indicates the

background of generated image. Similarly, we use SSIM to assess the structural

similarity between the background of the original image and composited output

by using pixels-wise multiplication:

1

N

N∑
i=1

SSIM (xi � (1−mi) , yi � (1−mi)) . (3.15)

In the experiment, we use MSCOCO [84] dataset’s test images and segmentation

mask to evaluate background quality of the generated image. We compare our

method with CycleGAN [183], UAIT [101] and our Attention-GAN in terms of

the image background PSNR and SSIM (Equations (3.14) and (3.15)). The test

dataset is from the MSCOCO dataset [84]. As the MSCOCO dataset does not

have the classes of tiger or leopard, and apples and oranges in images are too small,

we only compare the results of horse ↔ zebra. Results are shown in Table 3.3.

As can be seen, for both PSNR and SSIM, our method in unsupervised fashion

outperforms CycleGAN by a large margin, which indicates that the proposed

model predicts an accurate attention map and achieves a better performance of

transformation quality. We also notice our method slightly outperforms UAIT,
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Figure 3.6: Comparison with CycleGAN on apple ↔ orange and tiger ↔ leopard.
In each case: input image (left), result of CycleGAN [183] (middle), and result
of our Attention-GAN (right).

Figure 3.7: The stacked bar chart of participants’ preferences for our methods
compared to CycleGAN [173]. The blue bar indicates the number of images that
more participants prefer our results. The gray bar indicates the number of images
that more participants prefer CycleGAN’s results. The orange bar indicates the
number of images where two methods get an equal number of votes from 10
participants.

which is consistent with the qualitative result in Figure 3.5. As our method has

introduced attention sparse loss and attention cycle-consistent loss, the attention

network could be optimized in the overall training procedure, which helps the

attention network fall in the optimization point.
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Table 3.4: Background consistency performance of different λsparse in terms of
background PSNR and SSIM.

Task λsparse = 5 λsparse = 1 λsparse=0.8 λsparse=0.5 λsparse=0.3 λsparse=0.1 λsparse = 0

PSNR
horse → zebra 24.2173 22.2629 21.4270 21.2627 21.2097 21.6522 19.8521
zebra → horse 24.5339 22.0778 22.5059 22.2908 22.3544 21.2098 20.3272

SSIM
horse → zebra 0.9367 0.8988 0.8844 0.8744 0.8691 0.8685 0.8291
zebra → horse 0.9542 0.9003 0.9262 0.9182 0.9160 0.8994 0.8903

3.6.3 Human Perceptual Study

We further evaluate our algorithm via a human study. We perform pairwise A/B

tests deployed on the Amazon Mechanical Turk platform. We follow the same

experiment procedure in [21, 153]. The participants are asked to select a more

realistic image from each pair. Each pair contains two images translated from the

same source image by two approaches. We test the tasks of horse ↔ zebra, tiger

↔ leopard and apple ↔ orange. In each task, we randomly select 100 images

from the test set. Each image is compared by 10 participants. Figure 3.7 shows

the participants’ preference among 100 examples. We observe that 92 results of

our methods outperform results of CycleGAN in horse ↔ zebra task. In tiger ↔
leopard, still only 17% results of the compared method beat ours. It indicates

that our attention-guided model achieves better qualitative performance than the

existing methods that transform objects in a generative network. We also notice

that in apple ↔ orange task, only 60 results of our Attention-GAN outperform

the compared method. We consider the reason is that a large portion of images

in the apple and orange dataset are close-up images whose background is simple

so that CycleGAN could reach a competitive result.

3.6.4 Model Analysis

3.6.4.1 Analysis of Intermediate Model Results

We perform model analysis by visualizing the intermediate results of our model

in Figure 3.8. In the second column, the attention results are visualized by

heat-map. As can be seen, while being completely unsupervised, the attention

network of the model successfully disentangles the objects of our interests and

the background from the input image. The third column is the output of the
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Figure 3.8: Generation results of our model on horse → zebra. From left to right:
Inputs, attention maps, outputs of transformation network, background images
factorized by attention maps, object of images factorized by attention maps, final
composite images.

transformation network, where the transformed zebra is visually pleasing while

the background parts of images are meaningless. It demonstrates that the trans-

formation network only focuses on transforming the object of interests. The final

output images in the last column are combined with the background parts in the

fourth column and the objects of interests in the fifth column.

3.6.4.2 Analysis of Parameter

We further explore the effect and sensitivity of the attention sparse loss. Figure

4.14 shows the qualitative results of variants of our model on horse → zebra. We

observe that without the sparse loss (λsparse = 0), the attention network would

predict some parts of the image background as regions of interest. When λsparse

was set to 5, the attention mask shrinks too much to cover the whole object

of interests. It is because if we emphasize too much on the relative importance

of the sparse loss, the attention network can not comprehensively predict the

object location. This indicates that the λsparse can be viewed as a parameter that

balance the performance of background consistency and transformation quality.
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Figure 3.9: The effect of sparse loss with different parameters λsparse for mapping
horse → zebra. From left to right: input, output and attention map without
sparse loss, input and attention map when λsparse = 1, input and attention map
when λsparse=5.

Figure 3.10: The results of tiger↔leopard with different values on λsparse =
{0.1, 0.3, 0.5, 1}.

We find that λsparse = 1 is an appropriate choice, which makes a good balance to

pay enough attention to the objects of interests. Table 3.4 shows the background

consistent results on horse ↔ zebra. We observe that the performance is close

with λsparse between 0.1 to 1. The tiny fluctuations are mainly caused by the

initialization of the network. We also explore the effect of λsparse on tiger ↔
leopard task. As shown in Figure 3.10, all the results of attention maps focus

on the objects of interests. That is to say, λsparse in the range [0.1, 1] does not

drastically affect the results and is suitable for different object transfiguration

task.
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Figure 3.11: Results of horse ↔ zebra by unsupervised Attention-GANs. From
left to right: input images, outputs of the proposed Attention-GAN, the predicted
attention maps of Attention-GAN.

3.6.4.3 Analysis of Attention Prediction

We evaluate the foreground mask of horse in terms of UoI and mAPr@0.5. The

unsupervised Attention-GAN got 28.1% of UoI and 20.3% of mAPr@0.5. On the

other hand, the supervised Attention-GAN got 37.8% of UoI score and 30.5%

of mAPr@0.5. Although our algorithm is not particularly designed for seman-

tic segmentation, the proposed attention network is able to learn the object of

interests in an unsupervised way and achieve a reasonable performance. More

transformed results and attention prediction are shown in Figure 3.11, 3.12 and

3.13, which achieve satisfied performance.
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Figure 3.12: Results of tiger ↔ leopard by unsupervised Attention-GANs. From
left to right: input images, outputs of the proposed Attention-GAN, the predicted
attention maps of Attention-GAN.

3.6.5 Comparison of Supervised Results

In this subsection, we compare the performance of CycleGAN, Attention-GAN,

and Attention-GAN+ in the unsupervised and supervised way. We compare quan-

titative results by computing PSRN, SSIM of background region between gener-

ated and original images in horse ↔ zebra task. In Table 3.3, the Attention-GAN

and Attention-GAN+ with supervision outperform unsupervised version and Cy-

cleGAN from the perspective of background consistency. This demonstrates that

the attention network predicts the object of interests more accurately with the

segmentation mask. Also, we find that both the Attention-GAN and Attention-

GAN+ achieves satisfying results in terms of background consistency. Figure 3.14

shows the qualitative results as well as the predicted attention maps. Results
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Figure 3.13: Results of apple ↔ orange by unsupervised Attention-GANs. From
left to right: input images, outputs of the proposed Attention-GAN, the predicted
attention maps of Attention-GAN.

demonstrate that the attention maps with supervision predict more accurately

than the unsupervised version. Also, the attention maps tend to be dark red or

dark blue, which indicates the supervised attention network predicts with higher

confidence and disentangles the background and object of interests more clearly.

In some cases, CycleGAN and Attention-GAN in an unsupervised way would mis-

take to predict some parts of the background as targets. For example, CycleGAN

transforms the person (the first case in Figure 3.14) and the carriage (the second

case in Figure 3.14) into the texture of zebra. The unsupervised Attention-GAN

fails to predict the region of the horse in the first case and mistake to predict

the carriage as a horse in the second case. Comparing to the Attention-GAN,

results show that Attention-GAN+ with the proposed perceptual loss outputs

more realistic transformed results. For instance, in the first row and the second
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Figure 3.14: Comparison of horse → zebra between CycleGAN [183], unsu-
pervised Attention-GAN, supervised Attention-GAN, and supervised Attention-
GAN+.

row, the generated zebra of the Attention-GAN would be green which is the color

of the background, while the Attention-GAN+ generated zebra of high fidelity.

3.6.6 Global Image Transformation

We discuss the feasibility of our model in global image transformation. In the

global image transformation task, there is no obvious object need to be trans-

formed in the images, e.g., summer ↔ winter. Both local and global image

transformation is important. The proposed attention-GAN is effective to identify

important regions in image-to-image transformation, and it can also lead to some

interesting observations in global image transformation. In summer ↔ winter,

there is no explicit object of interest, but the algorithm does recognize some re-

gions with more attention, e.g., grass and trees in Figure 3.15, which are usually

green in summer and brown in winter. Meanwhile, regions without distinctive

characteristics, e.g., the blue sky would not be attended.

3.7 Summary

This chapter introduces the attention mechanism into the generative adversarial

nets considering image context and structure information on object transfigura-
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Input CycleGAN Attention-GAN

Figure 3.15: Results of Summer → Winter comparing with CycleGAN. From
left to right: input images, results of CycleGAN, final outputs of the proposed
Attention-GAN, the predicted attention maps of Attention-GAN.

tion problem. To improve the fidelity of the outputs in the high-level features,

we introduce a perceptual loss by considering the similarity of the transformed

images and the overall target images in the high-level feature space. In our model,

we develop a three-player model that consists of an attention network, a transfor-

mation network, and a discriminative network. The attention network predicts

the regions of interest whilst the transformation network transforms the object

from one class to another. We show that our model has advantages over the previ-

ous generation methods in preserving background consistency and transformation

quality.
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Chapter 4

Gated Generaitive Model for

Global Image Transformation

In this chapter, we investigate multi-domain image synthesis for style transfer.

Style transfer describes the rendering of an image’s semantic content as different

artistic styles. Recently, generative adversarial networks (GANs) have emerged

as an effective approach in style transfer by adversarially training the generator

to synthesize convincing counterfeits. However, traditional GAN suffers from

the mode collapse issue, resulting in unstable training and making style transfer

quality difficult to guarantee. Also, the GAN generator is only compatible with

one style, so a series of GANs must be trained to provide users with choices

to transfer more than one kind of style. In this chapter, we focus on tackling

these challenges and limitations to improve style transfer. We propose adversarial

gated networks (Gated-GAN) to transfer multiple styles in a single model. The

generative networks have three modules: an encoder, a gated transformer, and

a decoder. Different styles can be achieved by passing input images through

different branches of the gated transformer. To stabilize training, the encoder

and decoder are combined as an auto-encoder to reconstruct the input images.

The discriminative networks are used to distinguish whether the input image is

a stylized or genuine image. An auxiliary classifier is used to recognize the style

categories of transferred images, thereby helping the generative networks generate

images in multiple styles. In addition, Gated-GAN makes it possible to explore
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a new style by investigating styles learned from artists or genres. Our extensive

experiments demonstrate the stability and effectiveness of the proposed model

for multi-style transfer.

4.1 Introduction

Style transfer refers to redrawing an image by imitating another artistic style.

Specifically, given a reference style, one can make the input image look like it has

been redrawn with a different stroke, perceptual representation, color scheme,

or that it has been retouched using a different artistic interpretation. Manually

transferring the image style by a professional artist usually takes considerable

time. However, style transfer is a valuable technique with many practical ap-

plications, for example quickly creating cartoon scenes from landscapes or city

photographs and providing amateur artists with guidelines for painting. There-

fore, optimizing style transfer is a valuable pursuit.

Style transfer, as an extension of texture transfer, has a rich history. Texture

transfer aims to render an object with the texture extracted from a different

object [5, 35, 52, 74]. In the early days, texture transfer used low-level visual

features of target images, while the latest style transfer approaches are based on

semantic features derived from pre-trained convolutional neural networks (CNNs).

Gatys et al. [40] introduced the neural style transfer algorithm to separate natural

image content and style to produce new images by combining the content of an

arbitrary photograph with the styles of numerous well-known works of art. A

number of variants emerged to improve the speed, flexibility, and quality of style

transfer. Johnson et al. [61] and Ulyanov et al. [141] accelerated style transfer

by using feedforward networks, while Chen et al. [19], Li et al. [80] and Odena

et al. [108] achieved multi-style transfer by extracting each style from a single

image. Ulyanov et al. [142] and Luan et al. [93] enhanced the quality of style

transfer by investigating instance normalization in feedforward networks [141].

CNN-based style transfer methods can now produce high-quality imitative

images. However, these methods focus on transferring the original image to the

style provided by another style image (typically a painting). In contrast, collec-

tion style transfer aims to stylize a photograph by mimicking an artist’s or genre’s
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Figure 4.1: Gated-GAN for multi-collection style transfer. The images are pro-
duced from a single model with a shared encoder and decoder are shared. Styles
are controlled by switching different gated-transformer module. From left to
right: original images, transferred images in Monet style, transferred images in
Van Gogh’s style, transferred images in Cezanne’s style, transferred images in
Ukiyoe-e’s style.

style. In practice, when a user takes a picture of a beautiful landscape, he might

hope to re-render it on canvas such that it appears to have been painted by an

artist, e.g., Monet, or in the style of a famous animation, e.g., Your Name. Given

an in-depth understanding of an artist’s collection of paintings, it is possible to

imagine how the artist might render the scene. With this in mind, generative

adversarial networks (GANs) [44] can be applied to learn the distribution of an

artist’s paintings. GANs are a framework in which two neural networks compete

with each other: a generative network and a discriminative network. The gener-

ative and discriminative networks are simultaneously optimized in a two-player

game, where the discriminative networks aim to determine whether or not the

input is painted by the artist, while the generative network learns to generate im-
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ages to fool the discriminative networks. However, the GAN training procedure is

unstable. In particular, without paired training samples, the original GANs can-

not guarantee that the output imitations contain the same semantic information

as that of the input images. CycleGAN [183], DiscoGAN [66], DualGAN [169]

proposed cycle-consistent adversarial networks to address the unpaired image-to-

image translation problem. They simultaneously trained two pairs of generative

networks and discriminative networks, one to produce imitative paintings and

the other to transform the imitation back to the original photograph and pursue

cycle consistency.

Considering the wide application of style transfer on mobile devices, space-

saving is an important algorithm design consideration. Methods of CycleGAN

[183], DiscoGAN [66], DualGAN [169] could only transfer one style per network.

In this work, we propose a gated transformer module to achieve multi-collection

style transfer in a single network. Moreover, previous methods adopted cycle-

consistent loss requires an additional network that converts the stylized image

into the original one. With the increase in the number of transferred styles,

the training algorithm will become complicated if we adopt cycle-consistent loss.

Also, style transfer is actually a one-sided translation problem, which does not

expect style images to be transformed into content images. In our method, we

adopt encoder-decoder subnetwork and an auto-encoder reconstruction loss to

guarantee that the outputs have consistent semantic information with the content

images. With auto-encoder reconstruction loss, our algorithm achieves one-sided

mapping, which needs fewer parameters and can be easily generalized for multiple

styles.

The proposed adversarial gated networks (Gated-GAN) realize the transfer of

multiple artists or genre styles in a single network (see Figure 4.1). Different to

the conventional encoder-decoder architectures in [61, 113, 183], we additionally

consider a gated-transformer network between the encoder and decoder consist-

ing of multiple gates, each corresponding to one style. The gate controls which

transformer is connected to the model so that users can switch gate to choose

between different styles. If the gated transformer is skipped, the encoder and

decoder are trained as an auto-encoder to preserve semantic consistency between

input images and their reconstructions. At the same time, the mode collapse issue
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is avoided and the training procedure is stabilized. The gated transformer also

facilitates generating new styles through weighted connections between the trans-

former branches. Our discriminative network architecture has two components:

the first to distinguish synthesized images from genuine images, and the other to

identify the specific styles of these images. Experiments demonstrate that our ad-

versarial gated networks successfully achieve multi-collection style transfer with

a quality that is better or at least comparable to existing methods.

The remainder of this chapter is organized as follows. In Section 2, we sum-

marize related work. The proposed method is detailed in Section 3. The results of

experiments using the proposed method and comparisons with existing methods

are reported in Section 4. We conclude in Section 5.

4.2 Related Work

In this section, we introduce related style transfer works. We classify style transfer

methods into four categories: texture synthesis-based methods, optimization-

based methods, feedforward network-based methods, and adversarial network-

based methods.

4.2.1 Traditional Texture Transfer Method

Style transfer is an extension of texture transfer, the goal of the latter being

to render an object with a texture taken from a different object [5, 35, 52, 74].

Most previous texture transfer algorithms relied on texture synthesis methods

and low-level image features to preserve the target image structure. Texture

synthesis is the process of algorithmically constructing an unlimited number of

images from a texture sample. The generated images are perceived by humans

to be of the same texture but not exactly like the original images. A large range

of powerful parametric and non-parametric algorithms exist to synthesize photo-

realistic natural texture [1,34,41]. Based on texture synthesis, [36] and [38] used

segmentation and patch matching to preserve information content. However,

the texture transfer methods use only low-level target image features to inform

texture transfer and take a long time to migrate a style from one image to another.
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4.2.2 Optimization-based Methods

The success of deep CNNs for image classification [69,138] prompted many scien-

tists and engineers to visualize features from a CNN [96]. DeepDream [138] was

initially invented to help visualize what a deep neural network sees when given

an image. Later, the algorithm became a technique to generate artworks in new

psychedelic and abstract forms. Based on image representations derived from pre-

trained CNNs, Gatys et al. [40] introduced a neural style transfer algorithm to

separate and recombine image content and style. This approach has since been

improved in various follow-up papers. Li et al. [76] studied patch-based style

transfer by combining generative Markov random field (MRF) models and the

pre-trained CNNs. Selim et al. [127] extended this idea to head portrait painting

transfer by imposing novel spatial constraints to avoid facial deformations. Luan

et al. [93] studied photorealistic style transfer by assuming the input to output

transformation was locally affine in color space. Optimization-based methods can

produce high quality results but they are computationally expensive, since each

optimization step requires a forward and backward pass through the pre-trained

network.

4.2.3 Feedforward Networks-based Methods

Feedforward network-based methods accelerate the optimization procedure, which

first iteratively optimizes a generative model and produces the styled image

through a single forward pass. Johnson et al. [61] and Ulyanov et al. [141]

trained a feedforward network to quickly produce similar outputs. Based on [141],

Ulyanov et al. [142] then proposed to maximize quality and diversity by replacing

the batch normalization module with instance normalization. After that, several

works explored multi-style transfer in a single network. Dumoulin et al. [146]

proposed conditional instance normalization, which specialized scaling and shift-

ing parameters after normalization to each specific texture and allowed the style

transfer network to learn multiple styles. Huang et al. [163] introduced an adap-

tive instance normalization (AdaIN) layer that adjusted the mean and variance

of the content input to match those of the style input. Since the StructAE [112]

is able to map input data into nonlinear latent spaces while preserving the local
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and global subspace structure, [19] introduced StyleBank, which was composed of

multiple convolutional filter banks integrated in an auto-encoder, with each filter

bank an explicit representation for style transfer. [80] took a noise vector and a

selection unit as input to generate diverse image styles. Although adopting dif-

ferent methods to achieve multi-style transfer, they all explicitly extracted style

presentations from style images based on the Gram matrix [40]. Gram matrix

based methods could do collection style transfer if they use several images as

style. Though those methods are designed to transfer the style of a single image,

they could also transfer the style of several images by averaging their Gram ma-

trix statistics of pretrained deep features. On the other hand, our methods learn

to output samples in the distribution of the style of a collection. [81] achieved

universal-style transfer, by applying the style characteristics from a style image

to content images in a style-agnostic manner. By whitening and coloring trans-

formation, the feature covariance of content images could exhibit the same style

of statistical characteristics as the style images. In contrast, we are interested in

the multi-collection style transfer problem. In contrast, we are interested in the

multi-collection style transfer problem. A single image is difficult to comprehen-

sively represent the style of an artist, and thus we study multi-collection style

transfer to abstract the style of an artist from a collection of images.

4.2.4 Adversarial Network-based Methods

GANs [44] represented a generative method using two networks, one as a discrim-

inator and the other as a generator, to iteratively improve the model by a mini-

max game. Chuan et al. [77] proposed Markovian GANs for texture synthesis and

style transfer, addressing the efficiency issue inherent in MRF-CNN-based style

transfer [76]. Spatial GAN (SGAN) [60] successfully achieved data-driven texture

synthesis based on GANs. PSGAN [13] improved Spatial GAN to learn periodical

textures by extending the structure of the input noise distribution. [136] proposed

a max-min method to transform features into a low-dimensional subspace.

By adopting adversarial loss, many works have generated realistic images for

conditional image generation, e.g., frame prediction [90], image super-resolution

[72], image dehazing [181] and image-to-image translation [59]. However, these
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approaches often required paired images as input, which are expensive and hard

to obtain in practice. Several studies have been conducted investigating domain

transfer in the absence of paired images. [66, 168, 183] independently reported

a similar idea of cycle-consistent loss to transform the image from the source

domain to the target domain and then back to the original image. Taigman et

al. [140] proposed Domain Transfer Network, which employed a compound loss

function, including an adversarial loss and constancy loss, to transfer a sample in

one domain to an analog sample in another domain.

In contrast, some works have generated different image types from noise in

a single generative network. One strategy was to supply both the generator

and discriminator with class labels to produce class-conditional samples [102].

Another strategy was to modify the discriminator to contain an auxiliary decoder

network to output the class label for the training data [107, 123] or a subset of

the latent variables from which the samples were generated [23]. AC-GAN [108]

added auxiliary multi-class category loss to supervise the discriminator, which

was used to generate multiple object types. Our work is different in that it

focuses on exploring migrating different styles to content images.

4.3 Gated Generative Model

In this section, we introduce the proposed gated generative model for multi-style

transfer. We first consider the style transfer for one domain. We have two sets of

unpaired training samples: one set of input images {xi}Ni=1 ∈ X and the target

set of collections for artist or genre {yi}Mi=1 ∈ Y . We aim to train a generative

network that generates images G(x) in the style of a target artist or genre, and

simultaneously we train a discriminative network D to distinguish the transferred

images G(x) from the real style image y. The generative network implicitly learns

the target style from adversarial loss, aiming to fool the discriminator. The whole

framework has three modules: an encoder, a gated-transformer, and a decoder.

The encoder consists of a series of convolutional layers that transform input image

into feature space Enc(x). After the encoder, a series of residual networks [51]

become the transformer: T (·). The input of the residual layer in gated function

T is the feature maps from the last layer of encoder module Enc(x). The output
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Figure 4.2: The architecture of the proposed adversarial gated networks: a gen-
erative network and a discriminative network. The generative network consists of
three modules: an encoder, a gated transformer, and a decoder. Images are gen-
erated to different styles through branches in the gated transformer module. The
discriminative network uses the adversarial loss to distinguish between stylized
and real images. An auxiliary classifier supervises the discriminative network to
classify the style categories.

of the gated function is the activations T (Enc(x)). Then, a series of fractionally-

strided convolutional networks decode the transformed feature into output images

G(x) = Dec(T (Enc(x))). To stabilize training, we introduce the auto-encoder

reconstruction loss. We introduce the gated transformer module to integrate

multiple styles within a single generated network. The network architecture is

shown in Figure 4.2, and the overall architecture is called the adversarial gated

network (Gated-GAN).

60



4.3.1 Adversarial Network for Style Transfer

To learn a style from the target domain Y , we apply adversarial loss [44], which

simultaneously trains G and D as the two-player minimax game with loss func-

tion L(G,D). The generator G tries to generate an image G(x) that looks similar

in style to target domain Y , while the discriminator D aims to distinguish be-

tween them. Specifically, we train D to maximize the probability of assigning the

correct label to target image y and transferred image G(x), meanwhile training

G to minimize the probability of the discriminator assigning the correct label

to transferred image G(x). The original generative adversarial value function is

expressed as follows:

min
G

max
D

V (G,D) = Ey∈Y [logD(y)] + Ex∈X [log(1−D(G(x)))] . (4.1)

We employ the least squares loss (LSGAN) as explored in [98], which provides

a smooth and non-saturating gradient in the discriminator D. The adversarial

loss LGAN(G,D) becomes:

LGAN(G,D) = Ey∈Y
[
(D(y)− 1)2

]
+ Ex∈X

[
D(G(x))2

]
. (4.2)

where the discriminator uses the 0-1 binary coding that 0 and 1 are the labels for

fake data and real data.

4.3.2 Auto-encoder Reconstruction Loss for Training Sta-

bilization

The original GAN framework is known to be unstable, as it must train two neural

networks with competing goals. [183] pointed out that one reason for instability

is that there exist non-unique solutions when the generator learns the mapping

function. Due to unpaired training samples, the same set of input images can be

mapped to any random permutation of images in the target domain. To reduce

the space of possible mapping functions, we introduce the auto-encoder recon-

struction loss. In our model, the auto-encoder is obtained by directly connecting

the encoder and decoder modules. That is, the network is encouraged to produce
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output Dec(Enc(x)) identical to input image x after learning the representa-

tion (encoding: Enc(x)) for the input data. We define the L1 loss between the

reconstructed output and input as the auto-encoder reconstruction loss :

LR = Ex∈X [||Dec(Enc(x))− x||1] . (4.3)

Mode collapse is a common problem in vanilla GAN [3], where all input images

might be mapped to the same output image, and the optimization fails to make

progress. In collection style transfer, if the networks trained with adversarial loss

alone have sufficient capacity, content images would be mapped to an arbitrary

output as long as it matches the target style. The proposed encoder-decoder

subnetwork aims to reconstruct input images so that structures of the output are

expected to be consistent with the input image, which guarantees the diversity

of the output along with different inputs.

4.3.3 Adversarial Gated Network for Multi-Style Transfer

4.3.3.1 Gated Generated Network

In multi-style transfer, we have a set of input images {xi}Ni=1 ∈ X and collections

of paintings Y = {Y1, Y2, ..., YK}, where K denotes number of collections. In

each collection, we have Mc numbers of images {yi}Mc

i=1 ∈ Yc, where c indicates

the index of collection. The proposed gated generative network aims to output

images G(x, c) by assigning specific style c. Specifically, the gated-transformer

(red blocks in Figure 4.2) transforms the input from encoded space into different

styles by switching trigger to different branches:

G (x, c) = Dec (T (Enc(x), c)) . (4.4)

In each branch, we employ the residual network as the transfer module. The

encoder and decoder are shared by different styles, so the network only has to

save the extra transformer module parameters for each style.
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4.3.3.2 Auxiliary Classifier for Multiple Styles

If we only use the adversarial loss, the model tends to confuse and mix multiples

styles together. Therefore, we need a supervision to separate categories of styles.

One solution is to adopt LabelGAN [123]. [123] generalized binary discriminator

to multi-class case with its associated class label c ∈ {1, · · · , K}, and the (K+1)-

th label corresponds to the generated samples. The objective functions are defined

as:

Llab
G = Ex∈X [H ([1, 0], [Dr (G(x)) , DK+1 (G(x))])] , (4.5)

Llab
D = E(y,c)∈Y [H(v(c), D(y)] + Ex∈X [H(v(K + 1), D(G(x))] (4.6)

where denotes the probability of the sample x to have the i-th style. D(x) =

[D1(x), D2(x), · · · , DK+1(x)] and v(c) = [v1(c), . . . , vK+1(c)] with vi(c) = 0 if i �= c

and vi(c) = 1 if i = c. H is the cross-entropy, defined as H(p, q) = −∑
i pi log qi.

In LabelGAN, the generator gets its gradients from the K specific real class

logits in the discriminator and tends to refine each sample towards being one

of the classes. However, LabelGAN actually suffers from the overlaid-gradient

problem [180]: all real class logits are encouraged at the same time. Though

it tends to make each sample be one of these classes during the training, the

gradient of each sample is a weighted averaging over multiple label predictors.

In our method, an auxiliary classifier (denoted as C) is added in the consid-

eration of leveraging the side information directly:

LGated
G = λCLSEx∈X [H(u(c), C(G(x, c))] + LGAN (4.7)

where u(·) is the vectorizing operator that is similar to v(·) but defined with K

classes, and C(G(x, c)) is the probability distribution over K real classes given

by the auxiliary classifier. LGAN indicates the adversarial loss (in Equation 4.2)

that encourages to generate realistic images. In the first term of Equation 4.7,

we optimize entropy to make each sample have a high confidence of being one of

the classes, so that the overlaid-gradient problem can be overcome. The loss can
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be written in the form of log-likelihood:

min
C

LCLS(C) = −E(y,c)∈Y {logC(Style = c|y)} . (4.8)

The classifier C is encouraged to correctly predict the log-likelihood of the correct

class given real images. Meanwhile, the generator aims to generate images that

can be correctly recognized by classifier:

min
G

LCLS(G) = −Ex∈X {logC(Style = c|G(x, c))} . (4.9)

In practice, the classifier shares low-level convolutional layers with the discrim-

inator, but they have exclusive fully connected layers to output the conditional

distribution.

4.4 Implementation

4.4.1 Network Configuration

Our generative network architecture contains two stride-2 convolutions (encoder),

one gated residual blocks (gated-transfer), five residual blocks, and two fractionally-

convolutions with 1
2
stride (decoder). Instance normalization [123] is used after

the convolutional layers. Details are provided in Table 4.1.

For the discriminators and classifiers, we adapt the Markovian Patch-GAN

architecture [58, 77, 168, 183]. Instead of operating over the full images, the dis-

criminators and classifiers distinguish overlapping patches, sampling from the real

and generated images. By doing so, the discriminators and classifiers focus on

local high-frequency features like texture and style and ignore the global image

structure. The patch size is set to 70×70. Also, PatchGAN has fewer parameters

and can be applied to any size of inputs.
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Table 4.1: Generative Network of Gated-GAN

Operation Kernel size Stride Feature maps

Encoder
Convolution 7 1 32
Convolution 3 2 64
Convolution 3 2 128

Gated-transformer Residual block 128

Decoder

Residual block 128
Residual block 128
Residual block 128
Residual block 128
Residual block 128
Frac-convolution 3 1/2 64
Frac-convolution 3 1/2 32
Convolution 7 1 3

4.4.2 Training Strategy

To smooth the generated image G(x, c), we make use of the total variation loss

[2, 61, 121], denoted by LTV :

LTV =
∑
i,j

[
(G(x)i,j+1 −G(x)i,j)

2 + (G(x)i+1,j −G(x)i,j)
2] 1

2 (4.10)

where i ∈ (0, · · · , H−1) and j ∈ (0, · · · ,W −1) and G(x) is the generated image

whose dimension is H ×W . The full objective of the generator is minimizing the

loss function:

L(G) = LGAN + λCLSLCLS + λTVLTV (4.11)

where λCLS and λTV are parameters that control relative importance of their cor-

responding loss functions. Alternatively, we train an auto-encoder by minimizing

the weighted reconstruction loss in Equation 4.3: λRLR. The discriminator max-

imizes the prediction of real images and generated images L(D) = LGAN , while

the classifier in Equation 4.8 maximizes the prediction of collections from dif-

ferent artists or genres. For all experiments, we set λCLS = 1, λR = 10, and

λTV = 10−6. The networks are trained with a learning rate of 0.0002, using the

Adam solver [67] with the batch size of 1.
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The input image is 128× 128. The training samples are first scaled to 143 ×
143, and then randomly flipped and cropped to 128 × 128. We train our model

with an input size of 128 × 128 for two reasons. First, randomly cropping raw

input could augment the number of the training set. Secondly, relatively smaller

size of the image decreases the computational cost, so that speeds up training

procedure. In the test phase, We test images with their original resolution to

receive a clearer exhibition.

To stabilize training, we update the discriminative networks using a history

of transferred images rather than the ones produced by the latest generative

network [129]. Specifically, we maintain an image buffer that stores 50 previously

generated images. At each iteration of discriminator training, we compute the

discriminator loss function by sampling images from the buffer. The training

process is shown in Algorithm 3. θEnc denotes the parameter of encoder module

and θDec denotes the parameters of decoder module. In practice, Kg and Kd are

set to 1.

Algorithm 2 Algorithm for training the gated generative network.

Require: The set of training sample {xi}Ni=1 ∈ X, The set of style images with
category {yi, ci} ∈ Y , number of discriminator network updates per step Kd,
number of generative network updates per step Kg.

Ensure: Gated generative newtworks:
G = Dec(T (Enc(·), ·)).

1: for number of training iterations do
2: for Kd steps do
3: Sample minibatch of style images (yi, ci) and training images xi.
4: Generate stylized image G(xi, ci) in Equation 4.4.
5: Update discriminator D and classifier C

ΔθD ← ∇θDLGAN , ΔθC ← θD∇θCLCLS.
6: end for
7: for Kg steps do
8: Sample training images xi

9: Update generator G :
ΔθG ← ∇θG(LGAN + λCLSLCLS + λCLC + λTVLTV ).

10: end for
11: Update encoder and decoder module θEnc, θDec:

ΔθEnc,θDec
← ∇θEnc,θDec

(λRLR).
12: end for
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4.5 Experiments

In this section, we evaluate the effectiveness, stability, and functionality of the

proposed model. We first introduce a quantitative assessment of image quality.

Then, we set up a texture synthesis experiment and visualize the filters in the

gated transformer branches. Lastly, we train the model for multiple style transfer

and compare results with state-of-the-art algorithms.

4.5.1 Assessment of Image Quality

We use FID score [53] to quantitatively evaluate the quality of results. FID score

measures the distance between the generated distribution and the real distribu-

tion. To this end, the generated samples are first embedded into a feature space

given by (a specific layer) of Inception Net. Then, taking the embedding layer as

a continuous multi-variate Gaussian, the mean and covariance are estimated for

both the generated data and the real data. The Fréchet distance between these

two Gaussians is then used to quantify the quality of the samples, i.e.,

FID(x, g) = ‖μx − μg‖22 + Tr(Σx + Σg − 2(ΣxΣg)
1
2 ) (4.12)

where (μx,Σx) and (μg,Σg) are the mean and covariance of sample embeddings

from the real data distribution and generative model distribution, respectively.

In our experiment, we use paintings of artists as samples of real distribution and

stylized images as samples of generated distribution. That is to say, we compute

the FID between generated images and authentic work of painting.

4.5.2 Texture synthesis

To explicitly understand the gated-transformer module in the proposed Gated-

GAN, we design an experiment to explore what the gated-transformer learns.

We use our Gated-GAN to achieve synthesize texture and visualize the gated-

transformer filters. For each style, the training set is a textured image. The

training samples are first scaled to 143 × 143, and then randomly flipped and

cropped to 128 × 128. The generative network input is Gaussian noise. After
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Figure 4.3: Four cases of texture synthesis using Gated-GAN. For each case,
the first column shows examples of texture, and the other three are synthesized
results given different samples of Gaussian noise as inputs.

Figure 4.4: Visualization of learned features in the gated transformer of the
generative networks. In each case, the left shows synthesized images and the
right shows the corresponding features.

adversarial training, the generative network outputs realistic textured images

(see Figure 4.3).

To explore style representations learned from the gated-transformer, we visu-

alize the transformer filters in Figure 4.4. The features are decoded by 3×3×128

tensors, where only one of the 128 channels is activated by Gaussian noise. They

passed through different gated transformer filters but the same decoder. Since

the output of the decoder contains three channels (RGB channels), we can ob-

serve the color of output decoded from the learned feature. This reveals that

the transformer module learns style representations, e.g., color, stroke, etc. An-

other interpretation is that the transformer module learns the bases or elements

of styles. Generated images can be viewed as linear combinations of these bases,

with coefficients learned from the encoder module.
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Figure 4.5: Collection style transfer on Photo → Monet. From left to right:
input photos, Monet’s paintings picked from a similar landscape theme, and our
stylized images. The photo is transferred adaptively based on different themes.

4.5.3 Style Transfer

In this subsection, we present our results for generating multiple styles of artists

or genres using a single network. Then, we compare our results with state-of-

the-art image style transfer and collection style transfer algorithms. The model

is trained to generate images in the style of Monet, Van Gogh, Cezanne, and

Ukiyo-e, whose datasets are from [183]. Each contains 1073, 400, 526, and 563

paintings, respectively.

4.5.3.1 Multi-Collection Style Transfer

Collection style transfer mimics the style of artists or genres with respect to their

features, e.g., stroke, impasto, perspective frame usage, etc. Figure 4.5 shows
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Figure 4.6: A four-style transfer network is trained to capture the styles of Monet,
Van Gogh, Cezanne, and Ukiyo-e.

the results of the collection style transfer using our method. Original images are

presented on the left, and the generated images are on the right. For comparison,

Monet’s paintings depicting similar scenes are shown in the middle. It can be

seen that the styles of the generated images and their corresponding paintings

are similar. Although the themes and colors of the two generated images are

different, they still appear similar to Monet’s authentic pieces. Our method can

clearly mimic the style of the artist for different scenes. Figure 4.6 shows the

results of applying the trained network on evaluation images for Monet’s, Van

Gogh’s, Cezanne’s, and Ukiyo-e’s styles.

4.5.3.2 Comparison with Image Style Transfer

The image style transfer algorithm [40] focuses on producing images that combine

the content of an arbitrary photograph and style of one or many well-known

artworks. This is achieved by minimizing the mean-squared distance between the

entries of the Gram matrix from the style image and the Gram matrix of the image
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to be generated. We note some recent works on multi-style transfer [19, 80, 146],

but these are all based on neural style transfer [40]. Thus, we compare our results

with [40].

For each content image, we use two representative artworks as the reference

style images. To generate images in the style of the entire collection, the target

style representation is computed by the average Gram matrix of the target do-

main. To compare this with our method, we use the collections of the artist’s

artworks or a genre and compute the ‘average style’ as the target.

Figure 4.7 reports the difference of methods. We can see that Gatys et al.

[40] requires manually picking target style images that closely match the desired

output. If the entire collection is used as target images, the transferred style is the

average style of the collections. In contrast, our algorithm outputs diverse and

reasonable images, each of which can be viewed as a sample from the distribution

of the artist’s style.

4.5.3.3 Comparison with Universal Style Transfer

[81] aims to apply the style characteristics from a style image to content im-

ages in a style-agnostic manner. By whitening and coloring transformation, the

feature covariance of content images could exhibit the same style of statistical

characteristics as the style images without requiring any style-specific training.

We compare images generated from the proposed algorithm and those from

[81]. The results are shown in Figure 4.8. Given a picture with bushes and flowers

(see Figure 4.8 (a)), our method outputs what Monet might record this scenery

(see Figure 4.8 (d)), in which the style of painting bushes and flowers is similar

to Monet’s painting of “Flowers at Vetheuil”. What if the content image is a

cityscape? Our method outputs images with foggy strokes (see Figure 4.8 (h))

since Monet produced a lot of cityscapes with fog in London (e.g. “Charing Cross

Bridge”). On the other hand, [81] transfers images by following a particular style

image. Taking “Flowers at Vetheuil” as the style image, Figure 4.8 (g) produced

by [81] well inherits the style of Monet’s “Flowers at Vetheuil” with green and

red spots. However, Monet might not paint a cityscape with green and red spots

as painting flowers.
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Figure 4.7: Comparison of our methods with image style transfer [40] on photo
→ Monet and photo → Ukiyo-e. From left to right: input photos, Gatys et al.’s
results using different target style images, Gatys et al.’s results using the entire
collection of artist and genre, our results for collection style transfer.

In summary, our task focuses on what the artists or genres might paint given

content images, while the task of [81] is to apply style characteristics from a

particular style image to any content images. Both [81] and our method output

interesting results, and could be used in different scenarios.

4.5.3.4 Comparison with Collection Style Transfer

CycleGAN [183] previously showed impressive results on collection style trans-

fer, so we compare our results with CycleGAN in this section. The generative

network of baseline CycleGAN is composed of three stride-2 convolutional layers,

6 residual blocks, two fractional-convolutional layers and one last convolutional

layer, which shares the same structure with our method in our experiment. Fig-

ure 4.9 demonstrates multi-collection style transfer by our method, which shows
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Figure 4.8: Comparison of our methods with universal style transfer [81] on photo
→ Monet. From left to right: input images, results of [81] with the style image:
Monet Charing Cross Bridge, results of [81] with the style image: Monet Flowers
at Vetheuil, and our results of Monet’s collection style transfer.

Table 4.2: Quantitative evaluation on collection style transfer in terms of FID to
measure the performance. Lower score indicates better quality.

Style Content Images CycleGAN [183] Ours
Monet 86.50 64.14 55.13
Cezanne 186.73 106.96 107.27
Van Gogh 173.01 107.03 109.59
Ukiyoe 195.25 103.36 115.96
MEAN 160.37 95.37 96.99

that the proposed model produces comparable results to CycleGAN.

Quantitative results are shown in Table 4.2, though the quality of images

generated from the proposed algorithm exhibits similar performance as those of

CycleGAN, it is instructive to note that our four styles are produced from a

single network. In the second column of Table 4.2, we compute the score of the

corresponding content images of stylized images. We find that the stylized images

achieve better performance than original content images. It demonstrates that

the stylized images are more similar to the real authentic work of artists, which

is consistent with our intuitive expectation.

Finally, we compare the model size with CycleGAN [183]. For fair comparison,
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Figure 4.9: Comparison with CycleGAN [183]. From left to right: original images,
stylized images in Monet’s style, stylized images in Van Gogh’s style, stylized
images in Cezanne’s style, stylized images in Ukiyo-e style. In each case, the first
row shows the results produced by CycleGAN, and the second row shows our
results.

the proposed Gated-GAN is composed of several convolutional layers and residual

blocks with the same architecture as the generative network of CycleGAN. When

the transformer module number is set to one, the parameters of the two models are

the same. Given another N styles, CycleGAN must train N additional models. A

whole generative network must be included for a new style. For Gated-GAN, the

transformation operator is encoded in the gated transformer, which only has one

residual block. A new style will thus only require a new transformer module (one

red block in Figure 4.2 (a)) in the generative network. As a result, the proposed

method saves storage space when the style number increases. In Figure 4.10, we

compare the numbers of parameters with those of CycleGAN, whose The x-axis

indicates style number and the y-axis indicates the model size. It demonstrates

that with the increase of style number, only a small portion of parameters is

needed in our model.
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Figure 4.10: Model size. We compare the number of parameters between our
model and CycleGAN [183]. The x-axis indicates style number and the y-axis
indicates the model size.

4.5.3.5 Comparison with Conditional GAN

Conditional GAN [102,108] model is a widely used method to generate classcon-

ditional image. When the conditional GAN is applied in multi style transfer,

a stylized image G(c, x) is generated from a content image x and a style class

label c. We compare conditional GAN in experiments. The label of classes is

represented by a one-hot vector with k bits where each represents a style type. k

noise vectors of the same dimension as the content image are randomly sampled

from a uniform distribution. The input of the generative network is obtained by

concatenating the content image with the outer product of these noise vectors

and the class label.

As we can see in Figure 4.11 (b), the conditional GAN fails to output mean-

ingful results. This is because, in collection style transfer, conditional GAN lacks

paired input-output examples. To stabilize the training of conditional GAN, we

adopt cycle-consistent loss [183]. From the results of conditional GAN with cycle-

consistent loss in Figure 4.11 (c), we can see that the results of different styles

tend to be much similar, and only colors are changed at first sight. In contrast,

75



Input Condition GAN
Condition GAN + 

cycle-consistent loss Ours

(a) (b) (c) (d)

Figure 4.11: Comparison of our methods with Condition GAN and its variant.
From left to right: input, condition GAN and condition GAN + cycle-consistent
loss. Each row indicates different styles, from top to bottom: Monet, Ukiyo-e,
Cezanne.

our results (see Figure 4.11 (d)) are more diverse in different styles in terms of

strokes and textures.

4.5.4 Analysis of Loss Function

4.5.4.1 Influence of Parameters in Loss Function

In our model, we propose an auxiliary classier loss and an auto-encoder recon-

struction loss, which are balanced by parameters λCLS and λR respectively. Now

we analyze the influence of parameters. To explore the influence of parameters,

we do experiments by considering λCLS = {0, 0.1, 1, 5, 10} and λR = {1, 5, 10, 20}.
Figure 4.12 and Table 4.3 demonstrate the qualitative and quantitative com-

parisons of the influence of parameter λCLS = {0, 0.1, 1, 5, 10}. We can see that

the classifier loss provides supervision of styles. Without classifier loss (λCLS = 0),

our model will only transfer into one style, as shown in Figure 4.12 (b) that all

the outputs through different gated-transformer are the same. We notice that if

the weight of the classifier loss is set too large (λCLS = 10) in Figure 4.12 (e), the
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Inputs

(a) (b) (c) (d) (e)

Figure 4.12: Qualitative comparison of the influence of parameter λCLS. The
first column shows the input images. The rest columns demonstrate results with
λCLS = {0, 0.1, 1, 10}. Each row demonstrates images transferred by different
styles. From top to bottom: Monet, Cezanne, Van Gogh.

Table 4.3: Quantitative evaluation of parameter λCLS = {0, 0.1, 1, 5, 10} in terms
of FID score.

Style λCLS = 0 λCLS = 0.1 λCLS = 1 λCLS = 5 λCLS = 10
Monet 204.82 63.35 55.13 62.66 61.48
Cezanne 234.02 136.35 107.27 127.77 143.39
Van Gogh 217.10 112.61 109.59 126.56 138.66
Ukiyoe 206.67 138.13 115.96 132.72 140.53
MEAN 215.65 112.61 96.99 112.42 121.02

model would produce images with some artifacts. The underlying reason is that

larger classifier loss suppresses the function of the discriminative network so that

the output becomes less realistic. We find that our model with λCLS = 1 outputs

satisfying results. As a result, we set λCLS = 1 in our model.

Figure 4.13 and Table 4.4 reveal the qualitative and quantitative comparisons

of the influence of parameter λR = {1, 5, 10, 20}. We can see that if we set λR

too small (λR = 1), the outputs tend to be blurry and meaningless (see in Figure

4.13 (b)). It is because, without λR, the model cannot capture the structure and

content information of the inputs. When λR = {5, 10, 20} the visual qualities
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Inputs 1

(a) (b) (c) (d) (e)
Figure 4.13: Qualitative comparison of the influence of parameter λR. The first
column shows the input images. The rest columns demonstrate results with
λR = {1, 5, 10, 20}. Each row demonstrates images transferred by different styles.
From top to bottom: Monet, Cezanne, Ukiyo-e.

Table 4.4: Quantitative evaluation of parameter λR = {1, 5, 10, 20} in terms of
FID score.

Style λR = 1 λR = 5 λR = 10 λR = 20
Monet 180.30 121.07 55.13 115.09
Cezanne 165.27 148.67 107.27 140.84
Van Gogh 148.43 139.87 109.59 134.13
Ukiyoe 166.69 134.26 115.96 138.54
MEAN 165.17 135.97 96.99 132.15

are similar while the FID score shows that λR = 10 achieves a slightly better

quantitative performance. It demonstrates that our method is robust and easy

to reproduce satisfying results. Since λR = 10 achieves the best quality, we set

λR = 10 in our model.

4.5.4.2 Analysis of Auto-encoder Reconstruction Loss

We next justify our choice of L1-norm. Beyond L1-norm, L2-norm can also be

used in Equation 4.3. In Table 4.5, we find that there is no significant difference

between the results of L1 and L2 loss. In CycleGAN [14], L1-norm is used in
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Table 4.5: Quantitative evaluation on L1-norm and L2 norm in terms of FID
score.

Style CycleGAN Ours (L1-norm) Ours (L2-norm)
Monet 64.14 55.13 56.09
Cezanne 106.96 107.27 101.54
Van Gogh 107.03 109.59 109.33
Ukiyoe 103.36 115.96 112.39
MEAN 95.37 96.99 94.84

Table 4.6: Experiment setup of network architecture analysis

Expt1 Expt2 Expt3
Encoder 3 × Convolution 3 × Convolution 3 × Convolution
Gated-transformer 1 × Residual block 1 × Convolution 2 × Residual block

Decoder
5 × Residual block 5 × Residual block 5 × Residual block

2 ×Fractional-convolution 2 × Fractional-convolution 2 × Fractional-convolution
1 × Convolution 1 × Convolution 1 × Convolution

cycle-consistent reconstruction loss. As CycleGAN is an important comparison

algorithm in our method, we adopt L1-norm in our auto-encoder reconstruction

loss as well. Lastly, we analyze the influence of the auto-encoder reconstruction

loss in stabilizing the adversarial training procedure. We train a comparative

model by ignoring the auto-encoder reconstruction loss in Equation 4.3. In Fig-

ure 4.14, the model without Equation 4.3 generates images with random texture

and tends to be less diverse after training for several iterations. In contrast, the

full proposed model generates satisfying results. Without the auto-encoder recon-

struction loss, the network only aims to generate images to fool the discriminative

network, which often leads to the well-known problem of mode collapse [3]. Our

encoder-decoder subnetwork is encouraged to reconstruct input images, and thus

the semantic structure of the input is aligned with that of the output, as well as

encourages diversity of outputs. In all, the full model outputs satisfying results.

4.5.5 Analysis of network architecture

We explore the influence of neural network structure. We setup variants of our

model in Table 4.6. Variants of models have different configurations of gated-

transformer module. The quantitative results in Table 4.7 reveal that the perfor-
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Inputs Full objective
(100k iter)

Full objective
(300k iter)

Full objective
(500k iter)

No reconstruction
loss (10k iter)

No reconstruction
loss (100k iter)

No reconstruction
loss (300k iter)

Figure 4.14: Comparison with a variant of our method across different training
iterations for mapping images to Cezanne’s style. From left to right: original
images, results after training for 10k, 100k, and 300k iterations with and without
auto-encoder reconstruction loss.

mance of variant 2 declines compared to that of the variant 1. From qualitative

results in Figure 4.15, we observe that model of variant 2 cannot maintains con-

tent structure (see Figure 4.15 (c)). The underlying reason is that the residual

block has a branch that skip the convolutional layer and directly connects be-

tween the encoder and decoder module. Since the encoder-decoder subnetwork

learns the content information of input from reconstruction loss, residual blocks

with skipping connection shuttle the encoded information to the decoder mod-

ule, which helps our model to output results aligned with the structured of input

images.

To analyze the influence of layer size of gated-transformer module, we set

variant 3 whose gated-transformer consists of 2 residual blocks. In Table 4.7, we

can see the model of variant 3 achieves a slightly better quantitative evaluation

than variant 1. The reason is that with the number of residual blocks increasing,

the expression capacity of network increases as well, which means the model could

capture more details for each style. However, the performance rise of variant 3

is limited and the qualitative qualities are similar in Figure 4.15, which means

one residual block of gated-transformer is sufficient in multi style transfer. As a
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Inputs Variant 1 (Ours)

(a) (b) (c) (d)
Figure 4.15: Qualitative comparison of the influence of different network struc-
tures. The first row is the results of photo → Cezanne, and the second row is the
results of photo → Van Gogh.

Table 4.7: Quantitative evaluation on different network structure in terms of FID.

Style Variants 1(Ours) Variants 2 Variants 3
Monet 55.13 67.16 53.08
Cezanne 107.27 128.62 110.13
Van Gogh 109.59 199.71 109.07
Ukiyoe 115.96 195.87 100.32
MEAN 96.99 147.84 93.15

result, we adopt variant 1 of architecture as our method.

4.5.6 Incremental Training

By sharing the same encoding/decoding subnets, our model is compatible with

adding new styles. For a new style, our model enables to add the style by learn-

ing a new branch in the gated-transformer while holding the encoding-decoding

subnets fixed. In this subsection, we explore the ability and performance of

our proposed model in terms of incremental training for the new style. In this

experiment, we first jointly train the encoder-decoder subnetwork and gated-

transformer (three collection styles: Cezanne, Ukiyo-e and Van Gogh) with the

strategy described in Algorithm 3. After that, for the new style (Monet), we train

a new branch of residual blocks in the gated-transformer. Figure 4.16 shows sev-
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Inputs CycleGAN
Ours

(Simultaneous Training)
Ours

(Incremental Training)

Figure 4.16: Comparison of incremental training. From left to right: original
inputs, results of CycleGAN [14], results of our methods that all the styles are
trained simultaneously, results of incremental training.

eral results of the newly introduced style by incremental training. It obtains very

comparable stylized results to the CycleGAN, which trains the whole network

with the style. We also evaluate the quantitative performance of the new style

in terms of the FID score. The new style by incremental training gets a score of

57.27. Compared to 55.13 of our Gated-GAN and 64.14 of baseline CycleGAN,

the incremental training achieves a competitive result.

4.5.7 Linear Interpolation of Styles

Since our proposed model achieves multi-collection style transfer by switching

gates c to different branches T (Enc(x), c), we can blend multiple styles by ad-

justing the gate weights to create a new style or generate transitions between

styles of different artists or genres:

G̃(x, c1, c2) = Dec(α · T (Enc(x), c1) + (1− α) · T (Enc(x), c2)) (4.13)
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Figure 4.17: Style interpolation. The leftmost image is generated in Monet’s
style, and the rightmost image is generated in Van Gogh’s style. Images in the
middle are convex combinations of the two styles.

where c1 and c2 indicate the gates corresponding to different style branches and

α indicates the weight for convex combination of styles. In Figure 4.17, we show

an example of interpolation from Monet to Van Gogh with the trained model as

we vary α from 0 to 1. The convex combination produces a smooth transition

from one style to the other.

4.6 Conclusions

In this chapter, we study multi-collection style transfer in a single network using

adversarial training. To integrate styles into a single network, we design a gated

network that filters in different network branches with respect to different styles.

To learn multiple styles simultaneously, a discriminator and an auxiliary classi-

fier are proposed to distinguish authentic artworks and their styles. To stabilize

GAN training, we introduce the auto-encoder reconstruction loss. Furthermore,

the gated transformer module provides the opportunity to explore new styles by

assigning different weights to the gates. Experiments demonstrate the stability,

functionality, and effectiveness of our model and produce satisfactory results com-

pared with a state-of-art algorithm, in which one network merely outputs images

in one style.
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Chapter 5

Temporal Generaive Model for

Long-term Video Frame

Synthesis

In this chapter, we investigate video synthesis for long-term video prediction.

Video prediction refers to predicting and generating future video frames by ob-

served a set of consecutive frames. Conventional video prediction methods con-

tinuously criticize the discrepancy between predicted and ground truth frames in

a recursive generation process. As the prediction error accumulates recursively,

these methods would easily become out of control and are often confined to the

short-term horizon. In this paper, we introduce a retrospection process to rectify

the prediction errors beyond criticizing the future prediction. The introduced

retrospection process is designed to look back what have been learned from the

past and rectify the prediction deficiencies. To this end, we build a retrospection

network to reconstruct the past frames given the currently predicted frames. A

retrospection loss is introduced to push the retrospection frames being consistent

with the observed frames, so that the prediction error is alleviated. On the other

hand, an auxiliary route is built by reversing the flow of time and executing a

similar retrospection. These two routes interact with each other to boost the

performance of retrospection network and enhance the understanding of dynam-

ics across frames, especially for the long-term horizon. An adversarial loss is
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employed to generate more realistic results in both prediction and retrospection

process. Extensive experiments on the natural video dataset demonstrate the

advantage of introducing retrospection process in long-term video prediction.

5.1 Introduction

Video prediction refers to predicting future video frames by observing a sequence

of video frames. Accurately generating future frames is important in video cod-

ing, video completion, robotics, autonomous driving and intelligent agents that

interact with their environment. For example, self-driving cars need to predict the

passing vehicles. This prediction capability is also vital for autonomous systems

in tasks of path planning and interaction with humans. In recent years, video pre-

diction has attracted increasing attention from the computer vision community

and improved the performance based on the deep neural networks and generative

adversarial networks [82, 144,145,159].

To predict reasonable future frame in natural videos, different distance metrics

have been introduced to measure the discrepancy between predicted frames and

ground-truth frames, (e.g., Euclidean distance [25,37,109]) , and the discrepancy

between the distribution of predicted frames and ground-truth frames (e.g., KL

distance [144], and Wasserstein distance [82]). For instance, [25, 37, 109] trained

predicted models by minimizing mean squared error (MSE) between the next

ground-truth frame and the predicted next frame. Since there are many possible

futures, the model with MSE tends to output an average over many possible

images, and causes a blurry result. To achieve sharper and more realistic results,

MCNET [144] combined adversarial loss [44] and MSE loss in the video prediction

framework. DRNET [29] designed an adversarial training strategy to disentangle

the motion and content representations, so that the video prediction is achieved

by a combination of the extracted content features and the predicted motion

features.

These existing methods often execute in a recursive manner by taking the

newly generated frames as observations to generate subsequent frames. They

usually produce high quality predictions for the first few steps. But the prediction

would then dramatically degrade, and could even lead to totally missing the video
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context or keeping a stationary frame. Looking at the future, these methods

continuously criticize the discrepancy between predicted and ground truth frames

in a recursive generation process without pause, and the prediction error would

accumulate and gradually become difficult to control. In addition to criticizing

the future prediction, we are better to retrospect what has been learned from the

past and rectify any deficiencies. The proposed retrospection process is used to

alleviate the prediction error accumulation between the predicted frames and the

ground-truth frames. The introduced retrospection process provides an auxiliary

loss to improve the quality of predicted frames. If the predictions are not accurate

or in high quality, the retrospection network is hard to well reconstruct past

frames. As a result, to minimize the difference between the retrospection frames

and the original frames in the retrospection module, the predictive network is

encouraged to produce high-quality predicted frames.

In this chapter, we propose to achieve long-term video predictions by criti-

cizing the future and retrospecting the past. Instead of taking video prediction

as a single feed-forward process, we suggest that a qualified generator would also

be able to predict videos in a backward manner. A new retrospection network

is developed to reconstruct the past frames given the currently predicted frames.

During the prediction process, a prediction loss is employed to minimize the dis-

crepancy between the predicted and the ground-truth frames. After predicting

in a few time steps, we pause the prediction process and look back to rectify

the prediction deficiencies in a backward manner. A retrospection loss is intro-

duced to minimize the distance between the retrospected frames and the original

frames. Also, we build an auxiliary route to train the retrospection network,

where retrospection network first generates a few past frames in backward, then

pauses to check if the generated frames could predict the future accurately by the

prediction network. Standard feed-forward prediction networks can be flexibly

integrated with the proposed video retrospection network to improve the training

stage of the video generator. The retrospection operation will be dropped in the

test, so that test efficiency can be preserved.

We conducted both qualitative and quantitative experiments on three natural

video datasets, e.g., the KTH [126], Weizmann [45] and UCF-101 datasets [132].

Experiments demonstrate that the proposed algorithm can boost the visual qual-
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ity of generated videos and lead to more precise results in long-term prediction,

which significantly outperforms prior arts.

5.2 Related Work

Many deep learning techniques for video prediction have emerged recently. We

review relevant studies related to video prediction using deep neural networks.

Over the last few years, CNNs and recurrent neural networks (RNNs) have gained

huge popularity and a number of studies [17,62,91,162] applied CNNs and RNNs

to predict future frames from an image sequence. The video prediction problem

was initially studied at the patch level containing synthetic motions [103, 135,

137]. [114] adopted a discrete vector quantization approach to performing patch-

level video prediction. However, predicting patches encounters the well-known

aperture problem that causes blockiness as prediction advances in time.

In pixel level, a lot of works have emerged on video prediction since convolu-

tional LSTM (Conv-LSTM) [128] has successfully been applied in a large variety

of computer vision research area [9, 111, 176]. Several more studies [17, 37, 91]

adopted convolutional LSTM to take spatial and temporal contexts into ac-

count. [99] proposed a video generation framework which utilized the Conv-LSTM

to encode short-term and long-term spatial-temporal context for semantic video

generation using captions. [170] combined the ConvLSTM into a deep generative

model which modeled the factorization of the joint likelihood of inputs in the form

of video data. [17, 37, 91] adopted convolutional LSTM to take spatial and tem-

poral contexts into account. [99] proposed a video generation framework which

utilized the Conv-LSTM to encode short-term and long-term spatial-temporal

context for semantic video generation using captions. [170] combined the ConvL-

STM into a deep generative model which modeled the factorization of the joint

likelihood of inputs in the form of video data.

On the other hand, some methods managed to ease the task by introducing

various prior knowledge. One popular hypothesis is that a video sequence could

be decomposed as content and motion. By independently modeling the motion

and content, MCNET [144] predicted the next frame by combining the predicted

motion feature and the extracted content feature. DRNET [29] designed an ad-
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versarial training strategy to disentangle the motion and content representations.

Another assumption is that the outcome of an event is stochastic as a consequence

of the latent events, so different possible future for each sample of its latent vari-

ables can be predicted [7]. [159] incorporated a two steam generation architecture

to deal with high frequency and low-frequency video content separately so as to

output structured prediction. [155] produced a mask that outlines the predicted

foreground object to achieve a better quality of prediction.

Other methods exploited external labeled notation to facilitate future pre-

diction. For example, [109] developed an action-conditioned video prediction

framework that utilized action prior knowledge as well as previous appearance

information to predict futures in the game. [82] utilized labeled optical flow to

simultaneously solve both video prediction and optical flow estimation. [97] took

advantage of the scene geometry and use the predicted depth for generating the

next frame prediction. [85] made use of geometry-aware deep network model by

accessing camera intrinsic parameters to predict next frames of cityscapes. The

mentioned methods used annotations to facilitate video prediction, such as ac-

tion annotations, optical flow, and skeleton information. The annotated labels

are required manually annotations. Some of the labels such as optical flow can

be estimated by algorithms, but the estimation error would decrease the quality

of the generated frame.

Traditional video prediction networks are trained by minimizing mean square

error (MSE) between predicted and ground truth frames [25, 37, 109]. However,

since there are many possible futures, the model with MSE tends to output

an average over many possible images and causes a blurry result. Generative

adversarial networks (GANs) [44] is an implicit generative model, implemented

by a two-player game: a generator and a discriminator. The generator aims to

generate realistic images to fool the discriminator, while the discriminator aims to

classify whether the images are real or fake. The idea of an adversarial loss that

forces the generated images to be, in principle, indistinguishable from real images.

This is particularly powerful for image generation tasks, as this is exactly the

objective that much of computer graphics aims to optimize. After the invention

of adversarial training, many studies applied this scheme to generate images in

the context of image generation [16], image-to-image translation [22,79,183], text-
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Table 5.1: Notation Table

Notation Description
xt ground-truth frame at time t
x̂G
t frame predicted by network G given the true past frames

x̃G
t frame predicted by network G given the generated past frames

x̂F
t frame generated by network F given the true past frames

x̃F
t frame generated by network F given the predictions

xt1:t2 concatenation of frames xt from t1 to t2
[xt1 ,xt2 ] concatenation of frame xt1 and frame xt2

[xt1:t2 ,xt3:t4 ] concatenation of frames from t1 to t2 and t3 to t4

to-image generation [117], etc. In video prediction area, MCNET [100] proposed

adversarial training with multi-scale convolutional networks to generate sharper

predictions. [88] exploited spatial and motion constraints in addition to intensity

and gradient losses. They computed optical flow through FlowNet [32] and the

flow information is used to predict temporally consistent frames. On the other

hand, stochastic video prediction methods have emerged that output samples

of possible future distribution. The stochastic video prediction methods are a

promising solution to obtain realistic and sharp future frames, e.g., SAVP [73]

and SVG [28].

In this work, we observe that existing video prediction methods often execute

in a single recursive manner, and the prediction error would accumulate over

time. Therefore, we introduce a retrospection process to look back what has

been learned and rectify the prediction deficiencies. CycleGAN [183] brings the

translated images back to the original image. While the high-level idea is similar,

we explore the retrospection idea in video prediction, and a novel formulation has

been developed.

5.3 Temporal Generative Model

Figure 5.1 illustrates our temporal generative model for long-term video pre-

diction. Our model includes two direction mappings: prediction process and

retrospection process. The prediction process aims to predict the subsequent

frames while the retrospection process aims to reconstruct the observed frames
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in a reverse chronological order. Let xt ∈ Rw×h×c denote the t-th frame in an

input video, where w, h, and c denote the width, height, and number of chan-

nels, respectively. Assuming that we have T observed frames {x1, · · · ,xT}, the
prediction frame at (T + 1) time index is produced by a video prediction model

x̂G
T+1 = G(x1:T ). Then the subsequent frames is generated by observing the

predicted frames recursively (see blue lines). That is to say, at (T + k) time in-

dex, the prediction x̂T+k is achieved by observing both the ground-truth frames

{x1, · · · ,xT} and predicted frames
{
x̂G
T+1, · · · , x̂G

T+k−1

}
. We express the formula

as:

x̂G
T+k =

⎧⎨
⎩
G(x1:T ), k = 1

G([x1:T , x̂T+1:T+k−1]), 1 < k � K.
(5.1)

As a consequence, the quality of subsequent predictions relies on the accuracy

of the previous predictions. In most of the time, the prediction deviation would

accumulate and the quality of prediction frames would decrease dramatically. In

our method, we introduce a retrospection process (e.g., green arrows in Figure

5.1) to further alleviate prediction deviation. In the retrospection process, the

predicted frames are required to reconstruct the input frame in backward. The

retrospection model F is constructed to estimate the reconstruction frames x̃F
T =

F (x̂G
T+K:T+1) given the observed predicted frames {x̂T+K , · · · , x̂T+1} in a reverse

chronology order. The preceding retrospection frames are generated recursively:

x̃F
t =

⎧⎨
⎩
F
(
x̂G
T+K:T+1

)
, t = T

F
([
x̂G
T+K:T+1, x̃

F
T :t+1

])
, 1 � t < T,

(5.2)

where the
[
x̂G
T+K:T+1, x̃

F
T :t+1

]
indicates the concatenation of the predicted frames

x̂G
T+K:T+1 and retrospections x̃F

T :t+1 in the channel of time.

The rest of this section organized as follow. We first briefly review the pre-

vious methods for predicting future frames. Then we introduce the proposed

retrospection process in detail. Lastly, we summarize the full objective function

of our model.
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Retrospection
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Figure 5.1: The illustration of our model. The generative model predicts the next
frame conditioned on the previous frames (blue lines), while our model introduces
a retrospection process to reconstruct the original input frames given predictions
in a reverse chronological order (green lines).

5.3.1 Preliminaries: Prediction Process

We first briefly review the previous video prediction model which only contains the

prediction process. Normally, the video prediction model G is trained to predict

K subsequent frames given T observed frames as inputs. Let the training data set

denote as D = {x(i)
1,··· ,T+K}Ni=1 where i indicates the index of videos. A prediction

loss Limg is usually adopted to minimize the distance between predicted frames

and ground-truth. The function can be expressed as follow:

Limg (G) = Lp (xT+k, x̂T+k) + Lgdl (xT+k, x̂T+k) , (5.3)

where LP guides the network to match the average pixel values, Lgdl guides

our network to match the gradients of pixel values between ground-truth and

predicted frames:

Lp (y, z) =
K∑
k=1

||y − z||pp, (5.4)

Lgdl (y, z) =

h,w∑
i,j

| (|yi,j−yi−1,j|−|zi,j−zi−1,j|) |λ+| (|yi,j−1−yi,j|−|zi,j−1−zi,j|) |λ.
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Here xT+k and x̂T+k are ground-truth and predicted frames at time T + k re-

spectively. Since training to generate average sequences would result in blurry

generations [90], the additional adversarial loss LGAN is used to produce realistic

visual outputs [144]:

LGAN (G) = − logDg

([
x1:T , x̂

G
T+1:T+K

])
, (5.5)

where x1:T is the concatenation of the input images, x̂T+1:T+KG is the concate-

nation of all predicted images along the time dimension, and Dg (·) is the dis-

criminator in adversarial training. The discriminative loss for discriminator Dg

in adversarial training is defined by minimizing:

Lgan (Dg) = − logDg ([x1:t,xt+1:t+k])− log
(
1−Dg

([
x1:t, x̂

G
T+1:T+K

]))
, (5.6)

where xT+1:T+K is the concatenation of the ground-truth future images. LGAN

and Limg allow the model to criticize the quality of the prediction sequence, which

focus on comparing the predicted frames with the ground-truth.

5.3.2 Retrospection Process

As shown in left-bottom of Fig 5.2, our model consists of two routes. One route

G → F is to train prediction network, and the auxiliary retrospection network

adopts to reconstruct the prediction to the past. The other route F → G, on

the other hand, is built to train retrospection network. In route F → G, the

retrospection network first generates a few past frames in backward, then pauses

to check if the generated frames could be used to predict the future accurately

by prediction network.

5.3.2.1 Route G → F

In the route G → F , our proposed model consists of two generative networks:

a forward prediction network G and a retrospection network F . The forward

network G is to perform predictions, which is similar to the previous work [144];

the retrospection network F is introduced to retrospect the past by observing

current predictions in Equation 5.2. The retrospection loss Lret1 is introduced
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Figure 5.2: The overall architecture of the proposed network. Left bottom: our
model contains two routes: one is G → F , and the other is F → G. Right top:
illustration of the route G → F in detail. In each route, our model consists of two
processes. The prediction process executes recursively by taking the observations
to generate subsequent frames, while the retrospection process synthesizes frames
by observing the predicted frames in a backward manner. The discriminative
network uses an adversarial loss to distinguish between predicted and real frames.

to minimize the distance between the retrospections x̃F
1:T and the original frames

x1:T :

Lret1 (F,G) = Lp

(
xt, x̃

F
t

)
+ Lgdl

(
xt, x̃

F
t

)
, t ∈ {1 : T} . (5.7)

Notice that only one route of G → F cannot guarantee to alleviate the deviation

of predicted frames. Due to the capacity of a network, the retrospection network

F might be trained to reconstruct the original frames from noisy frames. As a

result, another route F → G is necessary to train the retrospection network by

observing the ground-truth frames.

5.3.2.2 Route F → G

In order to train the retrospection network F , the inverse route F → G is built.

In route F → G, we feed the inverse of frame sequence {xT+K , · · · ,xT} into the
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network, and encourage the network to generate preceding frames recursively:

x̂F
t =

⎧⎨
⎩
F (xT+K:T+1), t = T

F
([
xT+K:T+1, x̂

F
T :t+1

])
, 1 � t < T,

(5.8)

where x̂F
T :t+1 indicates the retrospection frames of network F . A reconstruction

loss is defined similar to Equation 5.3 to minimize the distance between retro-

spections x̂F
t and ground-truth frames xt:

Limg(F ) = Lp

(
xt, x̂

F
t

)
+ Lgdl

(
xt, x̂

F
t

)
, t ∈ {1 : T}. (5.9)

Similar to route G → F , the retropsections x̂F
1:T are required to capable of

predicting the frames x̃G
T+1:T+K by prediction network recursively:

x̃G
T+k =

⎧⎨
⎩
G(x̂F

1:T ), k = 1

G(
[
x̂F
1:T , x̃

G
T+1:T+k−1

]
), 1 < k � K.

(5.10)

The retrospection loss Lret2 is introduced to rectify the error between the

predicted frames and original input frames:

Lret2 (F,G) = Lp

(
xT+k, x̃

G
T+k

)
+ Lgdl

(
xT+k, x̃

G
T+k

)
, k ∈ {1 : K} , (5.11)

where x̃G
T+k indicates the reconstructed frames of network G.

In our model, the retrospection loss Lret1 in Equation 5.7 is used to alleviate

the accumulation error produced from forward video prediction model G, mean-

while Lret2 in Equation 5.11 is used to alleviate the accumulation error produced

from retrospection model F . We analyzed the function of the two-route model in

Section 5.5.3. In order to train the retrospection network, we introduce the ad-

versarial loss to cheat the discriminator Df to classify the retrospection samples

as real samples:

LGAN(F ) = −logDf (
[
xT+K:T+1, x̂

F
T :1

]
). (5.12)

The discriminator aims to distinguish between the real frames and the retro-
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spected frames in a reverse chronological order. The adversarial loss of discrimi-

native network is defined by minimizing the function:

LGAN (Df ) = − logDf ([xT+K:T+1,xT :1])− log
(
1−Df

([
xT+K:T+1, x̂

F
T :1

]))
,

(5.13)

where xT+K:T+1 indicates reversed ground-truth video sequence, while x̂F
T+K:T+1

denotes reversed generated frames of retrospection network F . Here we adopt

a conditional GAN [102] that conditioned on the reversed ground-truth frames

xT+K:T+1.

5.3.3 Full Objective

Our full objective for generative models of two process can be summarized as:

L(G,F ) = α1Limg(G) + α2Limg(F )

+ β1LGAN(G) + β2LGAN(F )

+ γ1Lret1(F,G) + γ2Lret2(F,G),

(5.14)

where α1, α2, β1, β2, γ1 and γ2 control the relative importance. In our model,

the predictions of network G are required not only to minimize the discrepancy

with the ground-truth frames, but also to be able to retrospect to the original

frames. As a result, the objective of the prediction network G is to solve:

argmin
G

[Limg(G) + β1LGAN(G) + γ1Lret1(F,G)] . (5.15)

The generative network with the image loss and adversarial loss would lead to

the preliminary generation results. The introduced retrospection loss provides

an auxiliary constraint to further enhance the quality of predicted frames. In

addition, given a certain capacity of retrospective network, compared with a noisy

input, high-quality predicted frames for the retrospection module tends to have

a big chance to better reconstruct the past frames. That is to say, by minimizing

the retrospection loss, the predicted frames would be further optimized to achieve

higher quality. Meanwhile, the retrospection network is updated by observing the

ground-truth frames in the route F → G. The objective of retrospection network
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F is to solve:

argmin
F

[Limg(F ) + β2LGAN(F ) + γ2Lret2(F,G)] . (5.16)

While the discriminative network is trained to minimize the loss function Equa-

tion 5.6 and Equation 5.13 in order to distinguish between the generated frames

and real frames:

D∗
g = argmin

Dg

LGAN(Dg), (5.17)

D∗
f = argmin

Df

LGAN(Df ). (5.18)

The detailed training procedure is shown in Algorithm 3.

5.4 Implementation

5.4.1 Network Configuration

We design the architecture for our prediction network G and retrospection net-

works F according to [144] which has shown impressive results for video predic-

tion. The prediction network and retrospection network share the same architec-

ture. While the prediction network aims to predict future frames, the retrospec-

tion network aims to generate fore-passed frames. As shown in Fig. 5.2, each

network contains a motion encoder, a content encoder, an LSTM module, a com-

bination layer and a decoder. The motion encoder and content encoder contain

a series of convolutional layers and max pooling layers. The decoder consists of

a series of deconvolution layers and unpooling layers. The unpooling layer [171]

is an up-sampling operation which can be viewed as an inverse of max pooling.

We adopt tanh function in the output layer of decoder, and the ReLU function

in the rest of layers.

In addition, a discriminative network is built to facilitate more realistic out-

puts. The forward and backward discriminative network Dg and Df are shared

the same architecture, which consist of a series of convolutional layers. The Batch

Normalization [57] and leaky-Relu [95] are used after convolutional layers. At the
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Table 5.2: Architecture of the prediction and retrospection network

Module Operation Kernel size Stride Padding Feature Maps

Motion
encoder

Convolution 5 1 2 64
MaxPooling 2 2 - 64
Convolution 5 1 2 128
MaxPooling 2 2 - 128
Convolution 7 1 3 256
MaxPooling 2 2 - 256

Content
Encoder

Convolution 3 1 1 64
Convolution 3 1 1 64
MaxPooling 2 2 - 64
Convolution 3 1 1 128
Convolution 3 1 1 128
MaxPooling 2 2 - 128
Convolution 3 1 1 256
Convolution 3 1 1 256
Convolution 3 1 1 256
MaxPooling 2 2 - 256

Decoder

Unpooling 2 2 - 256
Deconvolution 3 1 1 256
Deconvolution 3 1 1 256
Deconvolution 3 1 1 128
Unpooling 2 2 - 128

Deconvolution 3 1 1 128
Deconvolution 3 1 1 128
Deconvolution 3 1 1 64
Unpooling 2 2 - 64

Deconvolution 3 1 1 64
Deconvolution 3 1 1 1

last layer, the sigmoid function is used. Details are listed in Table 5.3.

Motion Encoder. The motion encoder of the prediction network captures the

temporal dynamics of the scenes’ components by recurrently observing the differ-

ence between frames xt and xt−1. Correspondingly, in the retrospection network,

the difference between the xt+1 and xt+2 is fed into its motion encoder. The

outputs of motion feature are filtered by a series of convolutional layers. The

architecture is similar to VGG16 [131] up to the third pooling layer, except that
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Table 5.3: Algorithm for training the temporal generative network.

Operation Kernel size Stride Padding Feature maps

Discriminative
Network

Convolution 5 2 3 64
Convolution 5 2 3 128
Convolution 5 2 3 256
Convolution 5 2 3 512
Convolution 5 1 2 1

LeakyReLU: Slope 0.2

the consecutive 3×3 convolutions are replaced by single 5 × 5, 5 × 5, and 7 × 7

convolutions in each layer.

Content Encoder. The content encoder extracts important spatial features

from a single frame, such as the spatial layout of the scene and salient objects

in a video. In our experiment, it takes the last observed frames xt as an input

in the prediction process, while it takes the first predicted frames x̂t+1 as input

in the retrospection process. The content encoder is also built with the same

architecture as VGG16 [131] up to the third pooling layer.

Decoder Module. The decoder is used to generate a pixel-level prediction of

the next frames in the prediction process or the past frames in retrospection

process. To reduce the information loss caused by pooling at the encoding phase,

a residual connection [155] is adopted by taking the computed features from both

the motion and content encoders. We employ deconvolution network [172] for

the decoder module. The architecture of the decoder is the mirror of the content

encoder. The output layer is passed through a tanh(·) activation function.

Discriminative Network. The discriminative network consists of 4 convolu-

tional layers with kernel size 5 × 5 and stride 2, whose output channels are 64,

128, 256, 512 respectively. From the second layer, each layer is followed by a

batch normalization layer [57]. After that, each layer is followed by a leaky ReLU

layer [50]. The final layer is a fully connected layer with 1 hidden unit followed

by a sigmoid function, aims to predict the possibility of input’s label. Note that

we concatenate the frames of both observation and prediction along the channel

of time as the inputs.

The LSTM module predicts or retrospects the dynamics of frames in a chrono-
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logical or reversed order recursively. We adopt a convolutional LSTM [128] as our

LSTM module. The combination module is used to fuse the content representa-

tion and motion representation, which consists of 3 consecutive 3×3 convolutions

(256, 128, and 256 channels in each layer).

5.4.2 Training Strategy

All networks are trained by the Adam optimization [67] for 100,000 iterations

with the learning rate of 0.0001, the exponential decay rate for the first moment

of 0.5 and the exponential decay rate for the second moment estimates of 0.999.

Following MCNET [144], we set a margin to balance the adversarial training of

generative network and discriminative model. To stabilize training, we set a mar-

gin to balance the adversarial training of generative network and discriminative

model. Following MCNET [144], the loss margin m is set to be 0.3.

Algorithm 3 shows the detailed training procedure. In the training proce-

dure, the generative network G and retrospective network F are trained alterna-

tively.The route G → F is used to optimize the generative network G, and route

F → G is used to optimize the retrospective network.r During training each net-

work, we assume that the other network has been optimized. For instance, the

retrospective network F is well optimized to generated realistic and sharp frames

by the LGAN(F ). As a result, as long as the retrospection is pixel-wise consistent

to the input frames, the error of predicted frames could be rectified. Similar idea

has been applied in CycleGAN [183]. In CycleGAN [183], they trained the two

generative networks by two directions, and in each direction a cycle-consistent

loss is adopted.

5.5 Experiments

In this section, we present experiments using our model for long-term video pre-

diction. We first evaluate our model on the KTH [135] and Weizmann datasets

[45]. We then proceed to evaluate on a more challenging dataset, UCF-101 [132].

We compare our model with MCNET [144], which achieves state-of-the-art per-

formance on the KTH [135], Weizmann [45] and UCF101 datasets [132]. For all
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Algorithm 3 Adversarial training of our proposed model.

Require: the set of training data {x(i)
1,··· ,T+K}Ni=1, margin m.

1: for number of training iterations do
2: Sample minibatch of sequence frames x1:T+K .
3: Predict the subsequent frames x̂T+1:T+K by given the observed frames x1:T

in the prediction network G : x1:T → x̂G
T+1:T+K in Equation 5.1.

4: Retrospect the preceding frames x1:T by given the predicted frames
x̂G
T+1:T+K in the retrospection network F : x̂G

T+1:T+K → x̃F
1:T in Equation

5.2.
5: Generate the preceding frames x̃F

1:T by given the ground-truth frames
xT+K:T+1 in the retrospection network F : xT+K:T+1 → x̂F

1:T in Equation
5.8.

6: Generate the subsequent frames x̃G
T+1:T+K by given the generated frames

x̂F
1:T in the network G : x̂F

1:T → x̃G
T+1:T+K in Equation 5.10.

7: if log(1−Dg(
[
x1:T , x̂

G
T+1:T+K

]
)) > m and log(Dg(x1:T+K)) > m then:

8: Update discriminator Dg using Equation 5.17:
9: ΔθDg

← ∇θDg
LGAN(Dg).

10: end if
11: if log(1 −Dg(

[
x1:T , x̂

G
T+1:T+K

]
)) < 1 −m and log(Dg(x1:T+K)) < 1 −m

then
12: Update prediction network G using Equation 5.15:
13: ΔθG ← ∇θG(α1Limg + β1LGAN + γ1Lret1).
14: end if
15: if log(1−Df (

[
xT+K:T+1, x̂

F
T :1,

]
)) > m or log(Df (xT+K:1)) > m then

16: Update discriminator Df using Equation 5.18:
17: ΔθDf

← ∇θDf
LGAN(Df ).

18: end if
19: if log(1 − Df (

[
xT+K:T+1, x̂

F
T :1

]
))) < 1 − m or log(Df (xT+K:1)) < 1 − m

then
20: Update retrospection network F using Equation 5.16:
21: ΔθF ← ∇θF (α2Limg + β2LGAN + γ2Lret2).
22: end if
23: end for
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our experiments, we use λ = 1, and p = 2 in the loss function. We train our

network by observing 10 frames and predicting 10 subsequent frames. For fair-

ness, both the prediction process and retrospection process of our model adopted

the same architecture with MCNET [144]. As the retrospection process would

be discarded in the test phase, it costs the same test computation complexity.

We demonstrate the quantitative comparison in terms of PSNR, SSIM. PSNR

and SSIM are commonly used in previous works [144]. However, they are shallow

functions, and not necessarily coincide with human perception. Recently, per-

ceptual metrics are proposed by adopting the deep features in neural networks,

such as LPIPS (Learned Perceptual Image Patch Similarity) [177] and FVD [18].

To partially mitigate the limitations of these metrics, we also evaluate on LPIPS,

which have been shown to correspond better to human perceptual judgments. In

addition, we used a person detection evaluation to test the quality of generation

frames on person action dataset, with the idea that acceptable predictions should

contain recognizable person. Meanwhile, we take two variants of our method for

ablation study, details are presented in Section 5.5.3.

5.5.1 KTH and Weizmann Action Datasets

5.5.1.1 Experimental setting

The KTH human action dataset [135] contains 6 categories of periodic motions

on a simple background: running, jogging, walking, boxing, hand-clapping and

hand-waving. Following MCNET [144], we used person 1-16 for training and 17-

25 for testing, and also resize frames to 128× 128 pixels. During the evaluation,

to demonstrate the effectiveness of our proposed long-term model, we predicted

100 subsequent frames given the previous 10 frames as input. We also selected

the walking, running, one-hand waving, and two-hands waving sequences from

the Weizmann action dataset [45] to verify the networks’ generalization. Since

most of the videos in the Weizmann dataset only contain around 70-80 frames,

we test our model for the predictions of 70 time steps on the Weizmann dataset.
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Figure 5.3: Qualitative comparison between our methods, MCNET and SVG on
the KTH dataset. The top case corresponds to the action of boxing, and the
lower case corresponds to the action of hand-waving.

5.5.1.2 Results Analysis

Figure 5.3 presents qualitative results of long-term prediction by our network

and MCNET on the KTH dataset. As expected, prediction results by our full

objective preserve a better quality with time passing. Our method could achieve

more satisfying results at 100-time steps, while MCNET’s results tend to collapse

to meaningless noise (see the fourth column in each case at t = 100). In action

of boxing, we notice that at t = 40, the output of MCNET appears some noisy

pattern besides the person’s feet. With the increase of time step, the region of

noise becomes larger and eventually dominates the whole images. In testing of

hand-waving action, we find that MCNET is able to achieve a competitive result
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Figure 5.4: Quantitative comparisons between different variants of our method
and MCNET baseline in terms of PSNR, SSIM and LPIPS on the KTH
dataset. “Ours” denotes our method (MCNET+Retrospection) with full ob-
jective. “Route F to G” represents Route F → G alone (Equation 5.19). “Route
G to F” indicates Route G → F alone (Equation 5.20). Given 10 input frames,
the models predict 100 frames recursively. For PSNR and SSIM, higher is better.
For LPIPS, lower is better.

Figure 5.5: Quantitative comparisons between our method and MCNET in terms
of PSNR, SSIM on the Weizmann dataset.

in the first several time steps. However, with the time passing, the prediction

deviation is accumulated whose images appear noisier. Our method with retro-

spection loss, on the other hand, is able to output consistent high-quality results

for a long time. The reason is that the proposed retrospection process is able to

alleviate the prediction error accumulation.

Figure 5.4 summarizes the quantitative comparisons of our methods, MCNET

and two variants of our model. In the KTH test set (Figure 5.4), our models

and variants outperform the MCNET baseline in long-term video prediction.

Although all four methods achieve comparable LPIPS scores for the first 20 future

frames, with the increase of time step, the margin between our method (blue line)

and MCNET (red line) becomes more significant. One reason for this result is

that the baseline method only considers the prediction recursively in the forward

time steps, which is easy to accumulate the prediction error and leads to dramatic
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Figure 5.6: Comparison with MCNET [144] in terms of the recognition rate. The
recognition rate of the person detector that a person is recognized in the predicted
frame.

degradation of prediction performance. Also, we test on unseen data of Weizmann

dataset [45] by the pretrained model. Performance shown in Figure 5.5 reveals

that our method outperforms MCNET especially on the long-term horizon.

5.5.1.3 Person Detection Evaluation

we use a person detection evaluation to test the quality of generation frames on

person action dataset, with the idea that acceptable predictions should contain

recognizable person. Similar to [155], we use the pretrained Mask-RCNN1 as

the person detector, and calculated the percentage of frames that a recognizable

person is in the image. We record the person recognition rate of Mask-RCNN

in Figure 5.6. The proposed method stays relatively constant over prediction

time-steps. For longer-term predictions, e.g., at t = 100, more than 80% of

our generated frames could be recognized as a person, while the performance of

MCNET drops to only 65% of predictions can be recognized. The evaluation

shows that the proposed method is better than the baselines on the long-term

horizon.

1https://github.com/matterport/Mask_RCNN
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Figure 5.7: Quantitative comparison on the UCF-101 dataset. MCNET [144]
trained to predict 10 frames is denoted as “MCNET-T10”. The results are pre-
dicted by observing 10 previous frames. Our method less artifact and blur around
the ambiguity region. The remarkable region is denoted in color and scaled.

5.5.2 UCF-101 Dataset

This section presents results on more challenging real-world videos dataset, the

UCF-101 dataset [132]. Having collected from YouTube, the dataset contains 101

realistic human actions taken in a wild and exhibits various challenges, such as

background clutter, occlusion, and complicated motion. The videos in 101 action

categories are grouped into 25 groups, where each group consists of 4-7 videos of

an action. We use group 1-7 for testing and group 8-25 for training. We employ

the same network architecture as in the KTH dataset but resized frames to 240

× 320 pixels.

5.5.2.1 Results Analysis

Figure 5.8 show the quantitative comparisons between our network trained by full

objective and MCNET. We test the official-released pre-trained model 1(denoted

as “MCNET”), which is trained to predict one future frame by observing four

1https://github.com/rubenvillegas/iclr2017mcnet
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Figure 5.8: Quantitative comparisons between our model, MCNET [144] and
MCNET trained by 10 input frame and 10 output frames (indicated by “MCNET-
T10”). In the test phase, the models predict 100 frames recursively given 10 input
frames.

frames. However, we find that only predicting one future frame is easily to miss

the motion pattern of the video and leads to stationary output. As a result, the

performance in terms of PSRN, SSIM and LPIPS drops with the increase of time

(see blue line).

For fairness, we also compare with the MCNET [144] which is trained to pre-

dict 10 frames by given 10 input frames (denoted as “MCNET-T10” in orange

line). We observe that our model still outperforms the compared method and

the gap becomes more significant with the increase of predicted time. Figure

5.7 presents qualitative comparisons between frames generated by our method,

MCNET and MCNET-10T. We observe that the results of MCNET is becoming

blur while ours are still recognizable (see details in the zoomed region). In addi-

tion, the quality of MCNET’s results falls dramatically with time passing, e.g.,

at t = 100 in the second row. Results of MCNET-T10 is better compared with

MCNET, while we still could find some green noisy patches. Our method, on the

other hand, could maintain structural outputs with reasonable dynamic.

5.5.2.2 Human Perceptual Study

We further evaluat our algorithm via a human study. We perform pairwise A/B

tests deployed on a service similar to Mechanical Turk. We follow the experiment

procedure in [145]. The participants are asked to select the more realistic video

generated from our method and MCNET. Each pair contains two video predic-

tions observed by the same input frames generated. We use the data sets of KTH,

Weizmann and UCF101 [132]. In each data set, we collect comparisons of 100
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Figure 5.9: The stacked bar chart of participants preferences for our methods
compared to MCNET [144]. The blue bar indicates the number of videos that
more participants prefer our results. The gray bar indicates the number of videos
that more participants prefer MCNET’s results. The orange bar indicates the
number of videos where two methods get a equal number of votes.

Table 5.4: Ablation study of the proposed model.

Model PSNR SSIM LPIPS
MCNET (Only G) 19.42 0.5541 0.3410
Route F → G 19.92 0.6186 0.3136
Route G → F 22.05 0.6881 0.3749
Two routes (Ours) 22.48 0.7092 0.2336

generated videos, and presented each video to 10 human raters. The table in

Figure 5.9 shows the video number of the most users preference. It demonstrates

that most users prefer our results, which indicates that qualitative performance

obtained by our proposed approaches are better than those obtained by existing

methods.

5.5.3 Model Analysis

5.5.3.1 Ablation Study

We take two variants of our method for ablation study. The first variant is denoted

as “Route F → G”. We first train a retrospection network and prediction network

by solving:

argmin
G,F

[α2Limg(F ) + β2LGAN(F ) + γ2Lret2(F,G)] . (5.19)
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The prediction is obtained by feeding the test frames to the trained prediction

network.

The second variant is denoted as “route G → F”. We simultaneously train

the prediction and retrospection network by removing the auxiliary route F → G:

argmin
G,F

[α1Limg(G) + β1LGAN(G) + γ1Lret1(F,G)] , (5.20)

where α1, β2 and γ1 are set to be the same as the full objective function. Table

5.4 presents results of ablation study on the KTH dataset. We observe that

our model and its variants outperform the MCNET baseline which only has the

prediction process. In “route G → F”, the generative network was optimized

by the prediction loss Limg(G), pixel adversarial loss LGAN(G), and rectified by

the retrospection loss Lret1(F,G). The retrospection loss enforces the predictions

to reconstruct the original input. As a result, the performance is close to the

two routes version. In our full model, an auxiliary route “route F → G”, is

designed to reduce the accumulation error produced from F . In Figure 5.4, we

observe that our method still outperforms the “route G → F”, which indicates

a better retrospective network F is able to improve the accuracy of prediction.

In “route F → G”, the generative network G only optimize the reconstruction

loss: argminG Lret2(F,G), whose aim is actually to generate the future frames{
x̃G
T+1, · · · , x̃G

T+K

}
from the previous frames

{
x̂F
1 , · · · , x̂F

T

}
. That is to say, the

generative network G in this route does not get the benefit from the retrospective

process. As the results shown in Figure 5.4, the performance of “route F → G”

is close to the baseline (MCNET). Overall, the proposed training strategy of two

routes achieves the best result.

5.5.3.2 Parameter Selection

We discuss our parameter selection strategy and analyze the function for the

newly introduced parameters. In our model, Route G → F and Route F → G

are symmetrical, so we set α1 = α2, β1 = β2, and γ1 = γ2. This selection strat-

egy is similar to CycleGAN [183], which uses the same parameters in the same

functionality loss (e.g., cycle-consistent loss) of the two translation directions. In

our model, α1 (α2) and β1 (β2) balance the importance of image reconstruction
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Figure 5.10: Quantitative comparison of the retrospection loss with different
parameter γ.

loss and adversarial loss. We follow MCNET [144] to set these hyper-parameters

as α1 = α2 = 1 in all experiments, β1 = β2 = 0.02 on KTH dataset, and

β1 = β2 = 0.001 on UCF101 dataset. We analyze the selection the newly intro-

duced parameter of retrospection loss γ1 and γ2. When γ1(γ2) = 0, our model are

equivalent to MCNET. Figure 5.10 shows results of γ1(γ2) = {0.1, 1, 2}. We find

γ1(γ2) = 0.1 is too small, and the performance drops to be similar to MCNET.

γ1(γ2) = 2 is too large, which means the model emphasizes too much on the aux-

iliary network and ignore the importance for producing the accurate prediction.

In all, γ1(γ2) = 1 achieves the best performance, so we set γ1(γ2) = 1 in our

model.

5.5.3.3 Adversarial Loss

We explore the contribution of the adversarial loss in our model. We analyze

the results of the function without the adversarial loss. The function without

adversarial loss can be expressed as follow:

Lno adv(G,F ) = α1Limg(G) + α2Limg(F ) + γ1Lret1(F,G) + γ2Lret2(F,G). (5.21)

For fair comparison, we set α1 = α2 = 1 and γ1 = γ2 = 1, which are the same
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Figure 5.11: Qualitative analysis for the function of the adversarial loss. First
Row: ground-truth frames; Second Row: our results with full objective; Third
Row: results without adversarial loss in Equation 5.21.

Figure 5.12: Ablation study for the function of the adversarial loss in terms of
the recognition rate. The recognition rate of the person detector that a person is
recognized in the predicted frame.

with our model. Results are demonstrated in Figure 5.3, which are denoted as

“Ours-No Adv”. We observe that the prediction frames are blurry and hard to be

recognized. We also test the person recognition rate. As shown in Figure 5.12, the

model without adversarial loss results in dramatically decrease in terms of person

recognition rate. At t=[50,100], it turns out that only 34.5% generated frames

could be recognized as person. In comparison, our method with adversarial losses

produce 83.0% predictions with recognizable persons. The reason is that Limg

guides the model to match the average pixel of all possible future frames. Training

to generate average sequences, however, results in somewhat blurry generations.

The adversarial loss allows our model to predict realistic looking frames.
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Figure 5.13: Quantitative comparisons between our method, SAVG, SVG w/o
the retrospection process in terms of PSNR, SSIM and LPIPS.

5.6 Retrospection for Other Models

In our paper, we apply the retrospective training procedure to MCNET, which is

a simple framework and outputs deterministic future frames. However, accurately

predicting future for long-term is challenging, since the ambiguous nature of the

problem would cause the model to average together possible futures into a simple,

blurry prediction. Recently, works for stochastic video prediction methods have

emerged that output a sample of possible future distribution. The stochastic video

prediction methods are a promising solution to obtain realistic and sharp future

frames, e.g., SAVP [73] and SVG [28]. In this section, we compare our model

to SAVP and SVG, and extend those methods by incorporating the proposed

retrospective training procedure.

For a fair comparison, we train the SVG, SAVP model by using the same data

and image size to our model. Specifically, we use person 1-16 for training and

17-25 for testing, and the image size is of 128 × 128. The model is trained by

observing 10 frames and predicting 10 subsequent frames. The code is used from

authors’ homepages1 2. In the test phase, we predict 100 subsequent frames given

the previous 10 frames as input. By incorporating the retrospection processing,

we first train a retrospective generator F by feeding the true future frames and

encourage the network F to generate preceding frames. Then we retrain the

prediction network G by adding the retrospection loss, so that the predicted

future frames can be enhanced for the reconstruction of past frames. Figure

5.3 demonstrates the qualitative comparison to our methods. Though SVG could

1https://github.com/alexlee-gk/video_prediction
2https://github.com/edenton/svg
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Figure 5.14: Qualitative comparison between SVG and “SVG+retro” on the ac-
tion of hand-waving. “SVG+retro” incorporating the retrospection process.

output unblurred and realistic frames for a long-term horizon, we notice that after

a few times step, the motion information in the SVG might be lost or incorrect.

For instance, in the bottom row of Figure 5.3, the generated person keeps a fixed

gesture after t=30. Figure 5.14 shows the comparisons between SVG and SVG by

incorporating the retrospection process (denoted as “SVG+retro”). We find that

with the retrospection process, the motion information can be preserved. For

instance, in the right cases of Figure 5.14, the generated person of “SVG+retro”

keeps hand-waving all the time. In constrast the person of SVG becomes the

action of walking after t=80. The reason is that the introduced retrospection

process tends to keep the action of prediction consistent with that in the past

frames.

Results in Figure 5.13 shows the quantitative comparisons between our meth-

ods, SVG, and “SVG+retro”. We observe that our method outperforms the

compared method in terms of PSNR, while we get a lower score in terms of

perceptual metrics, SSIM and LPIPS. Since our methods are merely based on

the deterministic prediction, our results can get close to the ground truth fu-

ture frames. However, compared stochastic-based methods achieve more realistic

frames in terms of human perception. As shown in the plot of “SVG+retro” and

“SAVP+retro”, the performance has been improved, which demonstrates that

our method can improve the stochastic based video prediction method as well.

5.7 Conclusion

We have proposed a long-term video prediction model via criticization and retro-

spection in the natural video. Our model consists of a prediction network and a
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retrospection network. The prediction network is used to generate future frames

given a set of consecutive frames. The retrospection network aims to look back

to rectify the prediction deficiencies. In addition to considering the discrepancy

between the predicted frames and ground truth frames, we feed the predicted

frames to the retrospection network to minimize the discrepancy between the

retrospective frames and the observed frames. To optimize the prediction net-

work and the retrospection network, an auxiliary route is built by reversing the

flow of time and executing a similar retrospection. Our method can alleviate the

accumulation deviation during the recursive prediction process. Extensive exper-

iments demonstrate the effectiveness of the proposed model on long-term video

prediction.
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Chapter 6

Conclusions

Visual synthesis is one of the fundamental problems in computer vision with the

aspect of theory (e.g., generative model, unsupervised learning) and applications

(e.g., art creation, super-resolution, video and image processing). In this thesis,

we study the challenging problem of visual data synthesis. The proposed visual

synthesis algorithms improve interpretation and controllability to generate object

in our desired region, efficient and effective to achieve multi-domain synthesis in

a single model, as well as achieve long-term video prediction. The summarization

of the proposed methods will be given in this chapter and we will discuss some

future directions on the algorithms and applications.

6.1 Summary of Conclusions

First, the attention-mechanism is incorporated into the generative adversarial

model for image-to-image transformation. With the proposed method, attention-

GAN is able to transform the object of the source image to the target class of

object. We decompose the traditional generative network into two subnetworks:

attention network and transformation network. Each of them is responsible for

one subtask. The attention network is used to localize the region of the object

and the transformation is used to generate the transformed object. In addition,

to improve the quality of transformed images, a perceptual loss is introduced

by minimizing the feature distance between the translations and overall samples
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of the target domain. We show that our model has advantages over the one-

shot generation method in preserving background consistency and transformation

quality.

Then, an effective model is proposed for multi-domain image synthesis. An

adversarial gated network (Gated-GAN) is designed to achieve multi-style image

synthesis in a single network. The generative network of the proposed Gated-

GAN consists of an encoder, a gated transformer, and a decoder. Different styles

can be achieved by passing input images through different branches of the gated

transformer. The discriminative networks are used to distinguish whether the

input image is a stylized or genuine image. An auxiliary classifier is used to

recognize the style categories of transferred images, thereby helping the generative

networks generate images in multiple styles. An auto-encoder reconstruction loss

is also introduced by combining the encoder and decoder directly. The proposed

auto-encoder reconstruction loss is able to stabilize the training process.

Third, long-term video synthesis is investigated by considering temporal con-

sistency. The thesis proposes a retrospection process to look back on what has

been learned in the video generation process and rectify generation errors. An

auxiliary route is built by reversing the flow of time, which assists the train-

ing of the retrospection network. These two routes interact with each other to

boost the performance of retrospection network and enhance the understanding

of dynamics across frames, especially for the long-term horizon. Extensive exper-

iments on natural video datasets demonstrate the advantage of introducing the

retrospection process in long-term video prediction.

6.2 Future Works

Although some useful methods have been present to improve the performance

of visual data synthesis, there is still a way to go in this area. Future works

will focus on synthesizing more realistic and challenging visual data (e.g., high-

resolution (2K/4K) images, 3D point clouds data), as well as generating visual

data conditioned on semantic and more complex information.

• High-resolution data synthesis. Our methods provide controllable, flex-
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ible, and robust visual data synthesis algorithms, but they are limited in the

resolution of up to 256× 256. The main reason is that it is difficult to train

GANs to produce high-resolution images, due to training instability and op-

timization issues. These challenges call for better network architectures, as

well as more robust loss functions and stable training procedures. With the

development of high-speed networks (e.g., 5G network) and high-resolution

display devices (e.g., 4K screen), high resolution and fidelity visual data

are in high demand. In the future, end-to-end training with more compact,

simple, and memory-efficient architecture is a potential direction.

• 3D data synthesis. This thesis focuses on synthesizing 2D visual data,

such as images and video frames, but does not involve 3D data. The chal-

lenges lie in the inherent drawback of inefficient representation as the dimen-

sionality per 3D shape sample can vary. With the development of AR/VR,

self-driving cars, the 3D vision problem becomes more and more important

since it provides much richer information than 2D. In the future, generating

3D visual data (e.g., RGB-D or 3D cloud point) is a promising and signifi-

cant problem. How to efficiently fit and generate the 3D data presentation

within conventional CNNs remains a problem.

• Multiple sources information. Visual synthesis is the process of creating

pixel-level data (e.g., images, and videos) from some forms of descriptions.

My thesis mainly solves the visual synthesis from images. In the future, I

hope to explore more interesting and challenging visual data applications,

such as texts-to-image, virtual clothing try-on, dance creation from music,

etc.
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[110] D. Pathak, P. Krähenbühl, J. Donahue, T. Darrell, and A. A. Efros,

“Context encoders: Feature learning by inpainting,” in 2016 IEEE

Conference on Computer Vision and Pattern Recognition, CVPR 2016, Las

Vegas, NV, USA, June 27-30, 2016. IEEE Computer Society, 2016, pp.

2536–2544. [Online]. Available: https://doi.org/10.1109/CVPR.2016.278

6, 17

[111] V. Patraucean, A. Handa, and R. Cipolla, “Spatio-temporal video

autoencoder with differentiable memory,” CoRR, vol. abs/1511.06309,

2015. [Online]. Available: http://arxiv.org/abs/1511.06309 87

[112] X. Peng, J. Feng, S. Xiao, W. Yau, J. T. Zhou, and S. Yang, “Structured

autoencoders for subspace clustering,” IEEE Transactions on Image Pro-

cessing, vol. 27, no. 10, pp. 5076–5086, Oct 2018. 57

[113] A. Radford, L. Metz, and S. Chintala, “Unsupervised representation

learning with deep convolutional generative adversarial networks,” arXiv

preprint arXiv:1511.06434, 2015. 16, 25, 55

[114] M. Ranzato, A. Szlam, J. Bruna, M. Mathieu, R. Collobert, and S. Chopra,

“Video (language) modeling: a baseline for generative models of natural

videos,” arXiv preprint arXiv:1412.6604, 2014. 87

[115] L. J. Ratliff, S. A. Burden, and S. S. Sastry, “Characterization and compu-

tation of local nash equilibria in continuous games,” in 2013 51st Annual

Allerton Conference on Communication, Control, and Computing (Aller-

ton), Oct 2013, pp. 917–924. 15

[116] J. Redmon and A. Farhadi, “Yolov3: An incremental improvement,” arXiv,

2018. 1

130



REFERENCES

[117] S. Reed, Z. Akata, X. Yan, L. Logeswaran, B. Schiele, and H. Lee, “Gen-

erative adversarial text to image synthesis,” in Proceedings of The 33rd

International Conference on Machine Learning, vol. 3, 2016. 89

[118] S. E. Reed, Z. Akata, S. Mohan, S. Tenka, B. Schiele, and H. Lee, “Learning

what and where to draw,” in Advances in Neural Information Processing

Systems, 2016, pp. 217–225. 17, 26

[119] E. Reinhard, M. Ashikhmin, B. Gooch, and P. Shirley, “Color transfer

between images,” IEEE Computer Graphics and Applications, vol. 21, no. 5,

pp. 34–41, 2001. 5

[120] R. A. Rensink, “The dynamic representation of scenes,” Visual cognition,

vol. 7, no. 1-3, pp. 17–42, 2000. 27

[121] L. I. Rudin, S. Osher, and E. Fatemi, “Nonlinear total variation based noise

removal algorithms,” Physica D: Nonlinear Phenomena, vol. 60, no. 1-4, pp.

259–268, 1992. 65

[122] O. Russakovsky, J. Deng, H. Su, J. Krause, S. Satheesh, S. Ma, Z. Huang,

A. Karpathy, A. Khosla, M. Bernstein, A. C. Berg, and L. Fei-Fei, “Ima-

geNet Large Scale Visual Recognition Challenge,” International Journal of

Computer Vision (IJCV), vol. 115, no. 3, pp. 211–252, 2015. 1

[123] T. Salimans, I. Goodfellow, W. Zaremba, V. Cheung, A. Radford, and

X. Chen, “Improved techniques for training gans,” in Advances in Neural

Information Processing Systems, 2016, pp. 2234–2242. 16, 25, 35, 59, 63,

64

[124] P. Sangkloy, J. Lu, C. Fang, F. Yu, and J. Hays, “Scribbler: Con-

trolling deep image synthesis with sketch and color,” arXiv preprint

arXiv:1612.00835, 2016. 17, 21, 26

[125] S. Santurkar, L. Schmidt, and A. Madry, “A classification-based perspective

on gan distributions,” 2018. 8, 16

131



REFERENCES
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