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Chapter 1

Introduction

1.1 Background

In this thesis, we mainly focus on how to enable machines to generate a

target image given an input image. This has many application scenarios

such as human-computer interaction, entertainment, virtual reality, and

data augmentation. However, this problem is challenging since it needs

a high-level semantic understanding of the image mapping between the

input domain and the output domain. Recently, Generative Adversarial

Networks (GANs) [41] have shown the potential to solve this challenging

task and can be utilized, for example, to translate a neutral face into a

smiling face or to transfer a specific pose into different poses. GANs are

generative models based on game theory, and consist of a generator and a

discriminator where the goal of the generator is to produce photo-realistic

images so that the discriminator cannot tell the generated images apart

from real images.

GANs have achieved impressive performance in a wide range of applica-

tions such as high-quality image generation [63, 10, 156, 140, 163], image

inpainting [30, 217], cross-modal retrieval/matching [198, 199], semantic

segmentation [175, 180], object detection [80, 189], depth estimation [7],

and image/action recognition [174, 117]. However, it is still hard for vanilla
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1.1. BACKGROUND CHAPTER 1. INTRODUCTION

GANs to generate images in a controlled setting. To generate images that

meet user requirements, Conditional GAN (CGAN) [103] is employing the

conditioned guidance information to guide the image generation process. A

CGAN model always combines a vanilla GAN and an external source, such

as discrete class labels or tags [113, 123, 25], text descriptions [208, 78],

object keypoints [132, 98], human skeletons [163, 146], segmentation maps

[133, 134, 119, 92], conditional images [55], object masks [105], and atten-

tion maps [166, 20, 100].

In this thesis, we mainly focus on image generation. However, one

can still observe unsatisfying results produced by existing state-of-the-art

methods. To address this limitation and further improve the quality of

generated images, we propose a few novel models. The image generation

task can be roughly divided into three subtasks, i.e., person image genera-

tion, scene image generation, and cross-modal translation (Figures 1.1 and

1.2). Person image generation can be further divided into three subtasks,

namely, hand gesture generation, facial expression generation, and person

pose generation. Meanwhile, scene image generation can be further divided

into two subtasks, i.e., cross-view image translation and semantic image

synthesis. For each task, we have proposed the corresponding solution.

Specifically, for hand gesture generation, we have proposed the Gesture-

GAN framework. For facial expression generation, we have proposed the

Cycle-in-Cycle GAN (C2GAN) framework. For person pose generation,

we have proposed the XingGAN and BiGraphGAN frameworks. For cross-

view image translation, we have proposed the SelectionGAN framework.

For semantic image synthesis, we have proposed the Local and Global GAN

(LGGAN), EdgeGAN, and Dual Attention GAN (DAGAN) frameworks.

Although each method was originally proposed for a certain task, we later

discovered that each method is universal and can be used to solve different

tasks. For instance, GestureGAN can be used to solve both hand gesture

8
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Figure 1.1: The illustration of our approachs for image generation.

generation and cross-view image translation tasks, as shown in Chapter 2.

C2GAN can be used to solve facial expression generation, person pose

generation, hand gesture generation, and cross-view image translation, as

shown in Chapter 3. SelectionGAN can be used to solve cross-view im-

age translation, facial expression generation, person pose generation, hand

gesture generation, and semantic image synthesis, as shown in Chapter 5.

9



1.2. THESIS OVERVIEW CHAPTER 1. INTRODUCTION

Figure 1.2: Example results of the proposed methods in this thesis.

Moreover, we explore cross-modal translation and propose a novel Dance-

GAN for audio-to-video translation.

1.2 Thesis Overview

In this thesis, we explore Generative Adversarial Network [41] to learn to

generate images including human faces, hands, bodies, and natural scenes.

See Figures 1.1 and 1.2 for better understanding. Specifically:

Part I. Person Image Generation. Chapter 2 describes the proposed

GestureGAN [163] for hand gesture-to-gesture translation, which can gen-

erate target images with arbitrary poses, sizes, structures, and locations

in the wild. We also propose three novel objective functions to better

10
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optimize the proposed GAN model, i.e., color loss, controllable structure

guided cycle consistency loss, and self-content preserving loss. These opti-

mization functions and the proposed GAN framework are jointly trained in

an end-to-end fashion to improve both the quality and fidelity of the gen-

erated images. Lastly, we introduce an efficient Fréchet ResNet Distance

(FRD) metric to evaluate the similarity of the real and generated images,

which is more consistent with human judgment.

Chapter 3 introduces the proposed C2GAN [164] for facial expression-

to-expression translation, which organizes the guidance and the image data

in an interactive manner, instead of using as input only the guidance in-

formation. The proposed cycle in cycle network structure is a new de-

sign that explores the effective use of cross-modal information for guided

image-to-image translation tasks. The designed cycled sub-networks con-

nect different modalities and implicitly constraint each other, leading to

extra supervision signals for better image generation. We also investigate

cross-modal discriminators and cycle losses for more robust network opti-

mization.

Chapter 4 presents the proposed XingGAN [156] and BiGraphGAN

[155] for pose-guided preson image generation, respectively. XingGAN

explores cascaded guidance with two different generation branches, and

aims at progressively producing a more detailed synthesis from both person

shape and appearance embeddings. We then propose SA and AS blocks,

which effectively transfer and update person shape and appearance fea-

tures in a crossing way to mutually improve each other, and are able to

significantly boost the quality of the final outputs.

Moreover, the proposed BiGraphGAN aims to progressively reason the

pose-to-pose and pose-to-image relations via two novel proposed blocks.

We also propose a novel Bipartite Graph Reasoning (BGR) block to ef-

fectively reason the crossing long-range relations between the source pose

11
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and the target pose in a bipartite graph by using Graph Convolutional

Networks (GCNs). Finally, we present a new Interaction-and-Aggregation

(IA) block to interactively enhance both person’s appearance and shape

feature representations.

Part II. Scene Image Generation. Chapter 5 introduces the proposed

SelectionGAN [165] for cross-view image translation, which explores cas-

caded semantic guidance with a coarse-to-fine inference, and aims at pro-

ducing a more detailed synthesis from richer and more diverse multiple in-

termediate generations. We also propose a novel multi-scale spatial pooling

& channel selection module, which is utilized to automatically enhance the

multi-scale feature representation in both spatial and channel dimensions.

We introduce a novel multi-channel attention selection module, which is

utilized to attentively select interested intermediate generations and is able

to significantly boost the quality of the final output. The multi-channel

attention module also effectively learns uncertainty maps to guide the pixel

loss for more robust optimization.

Chapter 6 presents the proposed LGGAN [169] and EdgeGAN [161] for

semantic image synthesis, respectively. LGGAN explores image generation

from the local context, which we believe is beneficial for generating richer

details compared with the existing global image-level generation methods.

A new local class-specific generative structure is designed for this purpose.

It can effectively handle the generation of small objects and details, which

are common difficulties encountered by the global-based generation. We

also propose a novel global and local generative adversarial network design

able to take into account both the global and local contexts. To stabilize

the optimization of the proposed joint network structure, a fusion weight

map generator and a dual-discriminator are introduced. Moreover, to learn

discriminative class-specific feature representations, a novel classification

module is proposed. We also introduce a novel semantic-aware upsampling

12
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(SAU) to dynamically upsample a small subset of relevant pixels based on

the semantic information. SAU is more efficient than deconvolution, pixel

shuffle, and spatial attention, and can capture more complete semantic

information than traditional upsampling methods such as nearest-neighbor

interpolation.

At the same time, we propose a novel EdgeGAN for the challenging

semantic image synthesis task. To the best of our knowledge, we are the

first to explore the edge generation from semantic layouts and then utilize

the generated edges to guide the generation of realistic images. We then

propose an effective attention guided edge transfer module to selectively

transfer useful edge structure information from the edge generation branch

to the image generation branch. We also design a new semantic preserv-

ing module to highlight class-dependent feature maps based on the input

semantic label map for generating semantically consistent results. Both

ideas have not been investigated by any existing GAN-based generation

works.

Part III. Cross-Modal Translation. Chapter 7 describes the proposed

DanceGAN for cross-modal audio-to-video translation, which consists of

two generation stages, i.e., music-to-skeleton translation, and skeleton-to-

video translation. We also propose two graph attention networks to ex-

plicitly model dependencies across joints spatially and temporally at the

same time. To the best of our knowledge, we are the first to explore the

spatial and temporal graph attention networks to guide the generation of

coordinated and coherent skeleton sequence from the input music. We also

design a new self-supervised regularization network to enhance the video

generation process from both forward and backward directions, which has

not been investigated by any existing GAN-based generation works.

Conclusion. In Chapter 8, we summarize the contributions of this thesis

and discuss several future directions in multi-modal synthesis including

13
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image, text, audio, video, and 3D object.
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Chapter 2

GestureGAN

We propose a unified Generative Adversarial Network (GAN) model for

controllable image-to-image translation, i.e., transferring an image from a

source to a target dn guided by controllable structures. In addition to con-

ditioning on a reference image, we show how the model can generate images

conditioned on controllable structures, e.g., class labels, object keypoints,

human skeletons, and scene semantic maps. The proposed model consists

of a single generator and a discriminator taking a conditional image and

the target controllable structure as input. In this way, the conditional im-

age can provide appearance information and the controllable structure can

provide the structure information for generating the target result. More-

over, our model learns the image-to-image mapping through three novel

losses, i.e., color loss, controllable structure guided cycle-consistency loss,

and controllable structure guided self-content preserving loss. Also, we

present the Fréchet ResNet Distance (FRD) to evaluate the quality of the

generated images. Experiments on two challenging image translation tasks,

i.e., hand gesture-to-gesture translation and cross-view image translation,

show that our model generates convincing results, and significantly out-

performs other state-of-the-art methods on both tasks. Meanwhile, the

proposed framework is a unified solution, thus it can be applied to solv-
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ing other controllable structure guided image translation tasks, such as

landmark guided facial expression translation and keypoint guided person

image generation. To the best of our knowledge, we are the first to make

one GAN framework work on all such controllable structure guided image

translation tasks. The source code and trained models are available at

https://github.com/Ha0Tang/GestureGAN.

2.1 Introduction

At a high level, current image-to-image translation techniques usually fall

into one of two types: supervised/paired [55, 184] and unsupervised/unpaired

[231, 25]. However, existing image-to-image translation frameworks are

inefficient for the multi-domain image-to-image translation task. For in-

stance, given n different image domains, Pix2pix [55] and BicycleGAN [232]

need to train A2
n=n(n−1)=Θ(n2) models. CycleGAN [231], DiscoGAN [67]

and DualGAN [206] need to train C2
n=n(n−1)

2 =Θ(n2) models, or n(n−1)

generator/discriminator pairs since one model has two different genera-

tor/discriminator pairs for these methods. ComboGAN [5] requires n=Θ(n)

models. G2GAN [167] needs to train two generators, i.e., the generation

generator and the reconstruction generator, while StarGAN [25] only needs

one model. However, for some specific image-to-image translation applica-

tions such as hand gesture-to-gesture translation [163] and person image

generation [98], n could be arbitrary large since hand gestures and human

bodies in the wild can have arbitrary poses, sizes, appearances, locations,

and self-occlusions.

To address these limitations, several works have been proposed to gen-

erate images based on controllable structures, e.g., object keypoints, hu-

man skeleton, and scene semantic maps. These works can be divided into

three different categories: (1) Object keypoint guide methods. Reed et

18
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Figure 2.1: Comparison with state-of-the-art image-to-image translation methods. (a)
Traditional deep learning methods, e.g., Context Encoder [121]. (b) Adversarial learning
methods, e.g., Pix2pix [55] and BicycleGAN [232]. (c) Keypoint-guided image genera-
tion methods, e.g., PG2 [98], G2GAN [149] and DPIG [99]. (d) Skeleton-guided image
generation methods, e.g., SAMG [201] and PoseGAN [146]. (e) Semantic-guided image
generation methods, e.g., SelectionGAN [165] and X-Fork [133]. (f) Adversarial unsu-
pervised learning methods, e.g., CycleGAN [231], DiscoGAN [67] and DualGAN [206].
(g) Multi-domain image translation methods, e.g., ComboGAN [5], G2GAN [167] and
StarGAN [25]. (h) Proposed GAN model in this paper. Note that the proposed GAN
model is a unified solution for controllable structure guided image-to-image translation
problem, i.e., controllable structure C can be one of class label L, object keypoint K,
human skeleton S or semantic map M . Notations: x and y are the real images; x′ and y′

are the generated images; x′′ and y′′ are the reconstructed images; Ky is the keypoint of
y; Sy is the skeleton of y; My is the semantic map of y; Lx and Ly are the class labels of
x and y, respectively; Cx and Cy are the controllable structures of x and y, respectively;
G, GX 7→Y and GY 7→X represent generators; D, DY and DX denote discriminators.

al. [132] proposed GAWWN, which generates bird images conditioned on

bird keypoints. Song et al. [149] propose G2GAN for facial expression

synthesis based on facial landmarks. Ma et al. propose PG2 [98] and a

two-stage reconstruction pipeline [99] achieving person image translation

using a conditional image and a target pose image. (2) Human skeleton

guided methods. Siarohin et al. [146] introduce PoseGAN based on the

human skeleton for human image generation. Tang et al. [163] propose a
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novel GestureGAN conditioned hand skeleton for hand gesture-to-gesture

image translation tasks. Yan et al. [201] propose a method to generate

human motion sequences with simple backgrounds using CGANs and hu-

man skeleton information. (3) Scene semantic guide methods. Wang et

al. [184] propose Pix2pixHD, which can be used for turning semantic label

maps into photo-realistic images or synthesizing portraits from face label

maps. Park et al. [119] propose the spatially-adaptive normalization, a

simple but effective layer for synthesizing images given an input semantic

layout. Regmi and Borji [133] propose X-Fork and X-Seq, which aim to

generate images across two drastically different views by using the guidance

of semantic maps.

The aforementioned methods have achieved impressive results on the

corresponding tasks. However, each of them is tailored for a specific ap-

plication limiting their capability to generalize. Our framework does not

impose any application-specific constraint. This makes our setup consid-

erably simpler than the other approaches (see Figure 2.1). To achieve this

goal, we propose a unified solution for controllable image-to-image transla-

tion. It allows generating high-quality images with arbitrary poses, sizes,

structures, and locations in the wild. Our GAN model only consists of one

generator and one discriminator, taking a conditional image and the novel

controllable structures as inputs. In this way, the conditional image can

provide appearance information and the controllable structures can pro-

vide structure information for generating the target image. In addition, to

better learn the mapping between inputs and outputs, we propose three

novel losses, i.e., color loss, controllable structure guided cycle-consistency

loss, and self-content preserving loss. The proposed color loss can handle

the problem of ‘channel pollution’ that is frequently occurring in generative

models such as PG2 [98], leading the generated images to be sharper and

having higher quality. The proposed controllable structure guided cycle-
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consistency loss is more flexible than the one proposed in CycleGAN [231],

reducing further the space of possible mappings between different domains.

The proposed self-content preserving loss can preserve color composition,

object identity, and global layout of generated images. These optimiza-

tion loss functions and the proposed GAN framework are jointly trained

in an end-to-end fashion to improve both fidelity and visual naturalness of

the generated images. Furthermore, we propose the Fréchet ResNet Dis-

tance (FRD), which is a novel and better evaluation metric to evaluate

the generated images of GANs. Extensive experiments on two challenging

controllable image-to-image translation tasks with four different datasets,

i.e., hand gesture-to-gesture translation and cross-view image translation,

demonstrate that the proposed GAN model generates high-quality images

with convincing details and achieves state-of-the-art performance on both

tasks. Finally, the proposed GAN model is a general-purpose solution

that can be applied to solve a wide variety of controllable structure guided

image-to-image translation problems.

In summary, the contributions of this paper are as follows:

• We propose a unified GAN model for controllable image-to-image

translation tasks, which can generate target images with arbitrary

poses, sizes, structures, and locations in the wild.

• We propose three novel objective functions to better optimize the pro-

posed GAN model, i.e., color loss, controllable structure guided cycle

consistency loss, and self-content preserving loss. These optimization

functions and the proposed GAN framework are jointly trained in

an end-to-end fashion to improve both the quality and fidelity of the

generated images.

• We propose an efficient Fréchet ResNet Distance (FRD) metric to

evaluate the similarity of the real and generated images, which is more

consistent with human judgment.
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• Qualitative and quantitative results demonstrate the superiority of the

proposed GAN model over the state-of-the-art methods on two chal-

lenging controllable image translation tasks with four datasets, i.e.,

hand gesture-to-gesture translation and cross-view image translation.

Part of this work has been published in [163]. We extend it in nu-

merous ways: (1) We extend GestureGAN proposed in [163] to a unified

GAN framework for handling all controllable image-to-image translation

tasks. (2) We further tune our whole pipeline and improve its performance

and generalizability for hand gesture-to-gesture translation and cross-view

image translation by employing three additional losses, i.e., controllable

structure guided self-content preserving loss, perceptual loss, and Total

Variation loss. Moreover, we extend the one-cycle framework in [163] to a

two-cycle framework and validate the effectiveness. (3) We extend the ex-

perimental evaluation provided in [163] in several directions. First, we con-

duct extensive experiments on two challenging generative tasks with four

different datasets, demonstrating the wide application scope of our GAN

framework. Second, we conduct exhaustive ablation studies to evaluate

each component of the proposed method. Third, we investigate the influ-

ence of hyper-parameters on generation performance. Forth, we compare

the model parameters of different methods. Lastly, we provide arbitrary

image translation results on both tasks.

2.2 Related Work

Generative Adversarial Networks (GANs) are unsupervised learn-

ing methods and have been proposed in [41]. Recently, GANs have shown

promising results in various applications, e.g., image generation [63, 10,

215]. Existing approaches employ the idea of GANs for conditional image

generation, such as image-to-image translation [55], text-to-image transla-
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tion [130, 171], audio-to-image [34], and sketch generation [157, 18]. The

key success of GANs is the adversarial loss, which allows the model to gen-

erate images that are indistinguishable from real images, and this is exactly

the goal that many tasks aim to optimize. In this paper, we mainly focus

on image-to-image translation tasks.

Image-to-Image Translation is the problem of transferring an image

from a source domain to a target domain, which uses input-output data

to learn a parametric mapping between inputs and outputs, e.g., Isola et

al. [55] propose Pix2pix, which uses a conditional GAN to learn a trans-

lation function from input to output image domains with paired training

data. However, collecting large sets of image pairs is often prohibitively

expensive or unfeasible. To solve this limitation, Zhu et al. [231] propose

CycleGAN, which can learn to translate between domains without paired

input-output examples by using the cycle consistency loss. Similar ideas

have been proposed in several works [206, 25, 167]. For example, Choi et

al. [25] introduce StarGAN, which can perform image-to-image translation

for multiple domains.

However, existing image-to-image translation models are inefficient and

ineffective. For example, with n image domains, CycleGAN [231], Disco-

GAN [67], and DualGAN [206] need to train 2C2
n=n(n−1)=Θ(n2) genera-

tors and discriminators, while Pix2pix [55] and BicycleGAN [232] have to

trainA2
n=n(n−1)=Θ(n2) generator/discriminator pairs. Recently, Anoosheh

et al. propose ComboGAN [5], which only needs to train n generator and

discriminator pairs for n different image domains, having a complexity of

Θ(n). Tang et al. [167] propose G2GAN, which can perform image-to-

image translations for multiple domains using only two generators, i.e.,

the generation generator and the reconstruction generator. Additionally,

Choi et al. [25] propose StarGAN, in which a single generator and a dis-

criminator can perform unpaired image-to-image translations for multiple
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Figure 2.2: Pipeline of the proposed unified GAN model for controllable image-to-image
translation tasks. The proposed GAN framework consists of a single generator G and an
associated adversarial discriminator D, which takes a conditional image x and a control-
lable structure Cy as input to produce the target image y′. We have two cycles and here
we only show one of them. Note that the controllable structure Cy can be a class label,
object keypoints, human skeletons, semantic maps, etc.

domains. Although the computational complexity of StarGAN is Θ(1),

this model has only been validated on the face attributes modification

task with clear background and face cropping. More importantly, for some

specific image-to-image translation tasks such as hand gesture-to-gesture

translation [163] and person image generation [98, 155] tasks, the image

domains could be arbitrarily large, e.g., hand gestures and human bodies

in the wild can have arbitrary poses, sizes, appearances, structures, loca-

tions, and self-occlusions. The aforementioned approaches are not effective

in solving these specific situations.

Controllable Image-to-Image Translation. To fix these limitations,

several recent works have been proposed to generate persons, birds, faces

and scene images based on controllable structures, i.e., object keypoints [132,

98, 99], human skeletons [201, 164, 146, 156] and semantic maps [184, 119,

133, 169]. In this way, controllable structures provide four types of informa-

tion to guide the image generation process, i.e., category, scale, orientation,

and location. Although significant efforts have been made to achieve con-

trollable image-to-image translation in the area of computer vision, there

has been very limited research on universal controllable image translation.

That is, the typical problem with the aforementioned generative models is
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that each of them is tailored for a specific application, which greatly limits

the generalization ability of the proposed models. To handle this prob-

lem, we propose a novel and unified GAN model, which can be tailored

for handling all kinds of problem settings of controllable structure guided

image-to-image translation, including object keypoint guided generative

tasks, human skeleton guided generative tasks and semantic map guided

generative tasks, etc.

2.3 Model Description

In this section, we present the details of the proposed GAN model (Fig-

ure 2.2). We present a controllable structure guided generator, which uti-

lizes the images from one domain and conditional controllable structures

from another domain as inputs and produces images in the target domain.

Moreover, we propose a novel discriminator which also takes the control-

lable structure into consideration. The proposed GAN model is trained

in an end-to-end fashion mutually benefiting from the generator and the

discriminator.

2.3.1 Controllable Structure Guided Generator

Controllable Structure Guided Generation. Image-to-image trans-

lation tasks, such as hand gesture-to-gesture translation [163], person im-

age generation [98], facial expression-to-expression translation [164] and

cross-view image translation [133] are very challenging. In these tasks, the

source domain and the target domain may have large deformations. More-

over, these tasks can be treated as an infinite mapping problem leading

to ambiguity issues in the translation process. For instance, in the hand

gesture-to-gesture translation task, if you input a hand gesture image to

the generator, it has no idea which gestures should output.
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To fix this limitation, we employ controllable structures as conditional

guidance to guide the image generation process. The controllable struc-

tures can be class labels, object keypoints, human skeletons or semantic

maps, etc. Following [98, 146, 133] we generate the controllable structures

using deep models pretrained from other large-scale datasets, e.g., we ap-

ply the pose estimator OpenPose [13] to obtain approximate human body

poses and hand skeletons. Specifically, as shown in Figure 2.2, we con-

catenate the input conditional image x from the source domain and the

controllable structure Cy from a target domain, and input them into the

generator G and synthesize the target image y′=G(x,Cy). In this way, the

ground-truth controllable structure Cy provides stronger supervision and

structure information to guide the image-to-image translation in the deep

network, while the conditional image x provides the appearance informa-

tion to produce the final result y′.

Controllable Structure Guided Cycle. Guided by the controllable

structure Cy, our generator can produce the corresponding image y′. How-

ever, state-of-the-art controllable image-to-image translation methods such

as [98, 146, 165, 133] only consider the image translation process, i.e., from

the source domain to the target domain. Different from them, we consider

both the image translation process and image reconstruction process, i.e.,

from the source domain to the target domain and from the target domain

back to the source domain. The intuition behind this is that if we translate

from one domain to the other and back again we should arrive at where we

started. The proposed controllable structure guided cycle is different from

the cycle proposed in CycleGAN [231], which uses a cycle consistency loss

to preserve the content of its input images while changing only the domain-

related part of the inputs. The main difference is that CycleGAN can only

handle two different domains, while an image translation problem such as

hand gesture-to-gesture translation task has arbitrary domains, e.g., hand
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gestures in the wild can have arbitrary poses, sizes, appearances, struc-

tures, locations, and self-occlusions. Therefore, we need the controllable

structure to guide the learning of the proposed cycle. The proposed con-

trollable structure guided cycle is also different from the cycle proposed

in StarGAN [25], which translates an original image into an image in the

target domain and then reconstructs the original image from the translated

image through feeding the target label. However, class labels can only pro-

vide the category information, while the controllable structure can provide

four types of information for generation at the same time, i.e., category,

location, scale, and orientation. More specifically, as shown in Figure 2.2,

the generated image y′ and the controllable structure Cx are concatenated

to input into the generator G. The proposed controllable structure guided

cycle can be formulated as follows,

x′′ = G(y′, Cx) = G(G(x,Cy), Cx) ≈ x. (2.1)

Note that we use a single generator twice, first to translate an original im-

age into an image in the target domain and then to reconstruct the original

image from the translated image. Image translation and image reconstruc-

tion are simultaneously considered in our framework, constructing a full

mapping cycle. Similarly, we have another cycle,

y′′ = G(x′, Cy) = G(G(y, Cx), Cy) ≈ y. (2.2)

Controllable Structure Guided Cycle Consistency Loss. To bet-

ter optimize the proposed cycle, we propose a novel controllable structure

guided cycle consistency loss. It is worth noting that CycleGAN [231] is

different from the Pix2pix model [55] as the training data in CycleGAN

is unpaired. CycleGAN introduces the cycle consistency loss to enforce

forward-backward consistency. In that case, the cycle consistency loss can
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be regarded as ‘pseudo’ pairs of training data even though we do not have

the corresponding data in the target domain which corresponds to the in-

put data from the source domain. However, in this paper, we introduce the

controllable structure guided cycle consistency loss for the paired image-to-

image translation task. This loss ensures the consistency between source

images and the reconstructed image, and it can be expressed as,

Lcyc(G,Cx, Cy) =Ex,Cx,Cy
[||x−G(G(x,Cy), Cx)||1]

+Ey,Cx,Cy

[
||y −G(G(y, Cx), Cy)||1

]
,

(2.3)

where G is the generator; x and y are the input images; Cx and Cy are

the controllable structures of image x and y, respectively. As mentioned

before, we use the same generator G twice. Equipped with this loss, the

proposed generator G further improves the image quality due to its implicit

data augmentation effect from a multi-task learning setting.

2.3.2 Controllable Structure Guided Discriminator

Conditional GANs (CGANs) such as Pix2pix [55] learn the mappingG(x) 7→
y, where x is the input conditional image. Generator G is trained to gen-

erate image y′ that cannot be distinguished from ‘real’ image y by an

adversarially trained discriminator D, while the discriminator D is trained

as well as possible to detect the ‘fake’ images generated by the generator

G. The objective function of CGANs is defined as follows,

LcGAN(G,D) = Ex,y [logD(x, y)] + Ex [log(1−D(x,G(x)))] , (2.4)

where generator G tries to minimize this objective function while the dis-

criminator D tries to maximize it. Thus, the solution can be expressed as

G∗= arg min
G

max
D
LcGAN(G,D). In this paper, we try to learn two mappings

through one generator, i.e., G(x,Cy)7→y and G(y′, Cx)7→x. As shown in
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Figure 2.2, in order to learn both mappings, we employ the controllable

structures explicitly. Thus, the adversarial losses of the two mappings are

defined respectively, as follows:

Ladv(G,D,Cy) =E[x,Cy],y [logD([x,Cy], y)]

+E[x,Cy] [log(1−D([x,Cy], G(x,Cy)))] ,
(2.5)

where Cy is the controllable structure of image y and [·, ·] represents the

concatenation operation. This controllable structure guided input encour-

ages D to capture the local-aware information and generate semantic-

matched target images. Similarly, we have another adversarial loss,

Ladv(G,D,Cx) =E[y,Cx],x [logD([y, Cx], x)]

+E[y,Cx] [log(1−D([y, Cx], G(y, Cx)))] .
(2.6)

Thus, the final adversarial loss is the sum of Equations (2.5) and (2.6),

Ladv(G,D) = Ladv(G,D,Cx) + Ladv(G,D,Cy). (2.7)

2.3.3 Optimization Objective

Color Loss. Previous work indicates that mixing the adversarial loss with

a traditional loss such as L1 loss [55] or L2 loss [121] between the generated

images and the ground truth images improves the generation performance.

The definitions of L1 and L2 losses are:

LL{1,2}(G) =E[x,Cy],y

[
‖y −G([x,Cy])‖{1,2}

]
,

+E[y,Cx],x

[
‖x−G([y, Cx])‖{1,2}

]
.

(2.8)

However, we observe that the existing image-to-image translation mod-

els such as PG2 [98] cannot retain the holistic color of the input images.

An example is shown in Figure 2.3, where PG2 is affected by the pollution

issue and produces more unrealistic regions. Therefore, to address this lim-
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Figure 2.3: Illustration of the ‘channel pollution’ issue. From left to right: Conditional
Image, Ground Truth, PG2 [98], and Ours.

itation we introduce a novel channel-wise color loss. Traditional generative

models convert an entire image into another, which leads to the ‘channel

pollution’ problem. However, the color loss treats r, g, and b channels

independently and generates only one channel each time, and then these

three channels are combined to produce the final image. Intuitively, since

the generation of a three-channel image space is much more complex than

the generation of single-channel image space, leading to a higher possibility

of artifacts, we independently generate each channel. The objective of r,

g and b channel losses can be defined as follows,

Lcolorc{1,2}(G) =E[xc,Cy],yc

[
‖yc −G([xc, Cy])‖{1,2}

]
+E[yc,Cx],xc

[
‖xc −G([yc, Cx])‖{1,2}

]
.

(2.9)

where c ∈ {r, g, b}; xr, xg and xb denote the r, g and b channels of image

x respectively similar to yr, yg and yb; ‖· ‖1 and ‖· ‖2 represent L1 and L2

distance losses. Thus, the color L1 and L2 losses can be expressed as,

Lcolor{1,2}(G) = LColorr{1,2} + LColorg{1,2} + LColorb{1,2}. (2.10)

In Equation (2.8), one channel is always influenced by the errors from other

channels. On the contrary, if we compute the loss for each channel inde-

pendently as shown in Equation (2.10), we can avoid such influence. In

this way, the error in one channel will not influence other channels. We ob-

serve that this novel loss can improve the image quality in our experimental
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section.

Controllable Structure Guided Self-Content Preserving Loss. To

preserve the image content information (e.g., color composition, object

identity, global layout) between the input and output, CycleGAN [231]

proposes the identity preserving loss. However, different from [231], we pro-

pose the controllable structure guided self-content preserving loss, which

can be expressed as follows,

Lcon(G) = Ex,Cx
[||x−G(x,Cx)||1] + Ey,Cy

[
||y −G(y, Cy)||1

]
. (2.11)

We aim to minimize the L1 difference between the real image x/y and

the self-content preserving image G(x,Cx)/G(y, Cy) for content informa-

tion preservation. In this way, we regularize the generator to be near a

self-content mapping when real images and self controllable structures are

provided as the input to the generator.

Perceptual Loss measures the perceptual similarity in a high-level feature

space. This loss has been shown to be useful for many tasks such as style

transfer [60] and image translation [184]. The formulation of this loss is as

follows:

Lvgg(y′) =
1

Wi,jHi,j

Wi,j∑
w=1

Hi,j∑
h=1

||Fk(y)−Fk(G(x,Cy))||1, (2.12)

where Fk indicates the feature map obtained by the k-th convolution within

the VGG network [148], Wi,j and Hi,j are the dimensions of the respective

feature maps within the VGG network. Similarly, we have another loss for

the generated image x′, which can be formulated as,

Lvgg(x′) =
1

Wi,jHi,j

Wi,j∑
w=1

Hi,j∑
h=1

||Fk(x)−Fk(G(y, Cx))||1. (2.13)
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Thus, the final perceptual loss is the sum of both, Lvgg=Lvgg(y′)+Lvgg(x′).
Total Variation Loss. Usually, the images synthesized by GAN models

have many unfavorable artifacts, which deteriorate the visualization and

recognition performance. We impose the Total Variation (TV) loss [60] on

the final synthesized image y′ to alleviate this issue,

Ltv(y′) =
C∑
c=1

W,H∑
w,h=1

|y′(w + 1, h, c)− y′(w, h, c)|+ |y′(w, h+ 1, c)− y′(w, h, c)| ,

(2.14)

where W and H represent the width and height of the generated image

y′. Similarly, we have another loss for the generated image x′ and the final

total variation loss is the sum of both.

Overall Loss. The total optimization loss is a weighted sum of the above

losses. Generator G and discriminator D are trained in an end-to-end

fashion to optimize the following min-max function,

G∗ = arg min
G

max
D

(Ladv + λcolorLcolor + λcycLcyc+

λconLcon + λvggLvgg + λtvLtv),
(2.15)

where λcolor, λcyc, λcon, λvgg and λtv are five hyper-parameters controlling

the relative importance of these six losses. Solving this min-max problem

enables our model to generate the target images guided by controllable

structures in a photo-realistic manner.

2.3.4 Implementation Details

Network Architecture. We adopt our generator architectureG from [60],

which has shown effective in many applications such as unsupervised im-

age translation [231] and neural style transfer [60]. We use nine residual

blocks for both 64×64 and 256×256 image resolutions. The last layer of

the generator is the Tanh activation function. For the discriminator D,
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we adopt 70×70 PatchGAN proposed in [55]. PatchGAN tries to decide if

any 70×70 patch in an image is real or fake. The final layer of discrimina-

tors employs the Sigmoid activation function to produce a 1-dimensional

output. Therefore, we are averaging all responses to provide the ultimate

output of the discriminator.

Optimization Details. We observe that the proposed controllable struc-

ture guided discriminator achieves promising generation results. However,

to further improve the image quality, we use the scheme of training a dual-

discriminator instead of one discriminator as a more stable way to improve

the capacity of discriminators similar to Nguyen et al. [110], which have

demonstrated that they improve the ability of discriminator to generate

more photo-realistic images. To be more specific, dual-discriminator ar-

chitecture can better approximate optimal discriminator. If one of the

discriminators is trained to be far superior over the generators, the gener-

ators can still receive instructive gradients from the other one. In addition

to the proposed controllable structure guided discriminator, we use a tradi-

tional one, which takes the input image and the generated image as input.

Both discriminators have the same network architecture structure.

We follow the standard optimization method in [41, 55] to optimize the

proposed GAN model, i.e., one gradient descent step on discriminators

and generator alternately. We first train generator G with discriminators

fixed, and then train discriminators with generator G fixed. In addition,

as suggested in [41], we train to maximize logD([x,Cy], y
′) rather than

log(1−D([x,Cy], y
′)). Moreover, in order to slow down the rate of D rela-

tive to G we divide the objective function by 2 while optimizing D. The

proposed GAN model is trained and optimized in an end-to-end fashion.

We employ the Adam [68] optimizer with momentum terms β1=0.5 and

β2=0.999 as our solver. The initial learning rate for Adam is 0.0002.

We follow [98] and exploit OpenPose [147] to detect the ground-truth
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hand skeletons as training data for the hand gesture-to-gesture transla-

tion task. We then connect the 21 keypoints (hand joints) detected by

OpenPose to obtain the hand skeleton. The hand skeleton image visually

contains richer hand structure information than the hand keypoint image.

In hand skeleton images, the hand joints are connected by the lines with a

width of 4 and with white color. In addition, we follow [133] and use Re-

fineNet [90] to generate the ground-truth semantic maps as training data

for the cross-view image translation task.

2.3.5 Fréchet ResNet Distance

We also propose a novel evaluation metric to measure the image quality

of the generated images by GAN models, i.e., Fréchet ResNet Distance

(FRD). FRD provides an alternative method to quantify the quality of

synthesis and is similar to the FID proposed by [48]. FID is a measure

of similarity between two datasets of images. The authors have shown

that the FID is more robust to noise than IS and correlates well with

the human judgment of visual quality [48]. To calculate FID between two

image domains y and y′, they first embed both into a feature space F given

by an Inception model. Then viewing the feature space as a continuous

multivariate Gaussian as suggested in [48], Fréchet distance between the

two Gaussians is used to quantify the quality of the data. The definition

of FID is:

FID(y, y′) = ‖µy − µy′‖2
2+Tr(

∑
y +
∑

y′ − 2(
∑

y

∑
y′)

1
2 ), (2.16)

where (µy,
∑

y) and (µy′,
∑

y′) are the mean and the co-variance of the data

distribution and model distribution, respectively. Note that we regard the

images in y′ and y as two wholes respectively, and then calculate the Fréchet

distance between y′ and y for calculating FID.
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Unlike FID, which calculates the distance between two distributions,

the proposed FRD is inspired by the feature matching method [158], and

separately calculates the Fréchet distance between each generated image

and the corresponding real image from a semantic point of view. In this

way, images from the two domains do not affect each other when comput-

ing the Fréchet distance. Moreover, for FID the number of samples should

be greater than the dimension of the coding layer, while the proposed FRD

does not have this limitation. We denote yi and y′i as images in the y and y′

domains, respectively. For calculating FRD, we first embed both images yi

and y′i into a feature space F with 1,000 dimensions given by a ResNet50

pretrained model. We then calculate the Fréchet distance between two

feature maps f(yi) and f(y′i). The Fréchet distance F (f(yi), f(y′i)) is de-

fined as the infimum over all reparameterizations α and β of [0, 1] of the

maximum over all t ∈ [0, 1] of the distance in F between f(yi)(α(t)) and

f(y′i)(β(t)), where α and β are continuous, non-decreasing surjections of

the range [0, 1]. The proposed FRD is a measure of similarity between the

feature vector of the real image f(yi) and the feature vector of the gener-

ated image f(y′i) by calculating the Fréchet distance between them. The

Fréchet distance is defined as the minimum cord-length sufficient to join a

point traveling forward along f(y′i) and one traveling forward along f(yi),

although the rate of travel for each point may not necessarily be uniform.

Thus, the definition of FRD between two image domains y and y′ is:

FRD(y, y′) =
1

N

N∑
1

inf
α,β

max
t∈[0,1]

{
d
(
f(yi)(α(t)), f(y′i)(β(t))

)}
, (2.17)

where d is the distance function of F and N is the total number of images

in y and y′ domains.
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2.4 Experiments

To explore the generality of the proposed GAN model, we evaluate the

proposed model on a variety of tasks and datasets, including hand gesture-

to-gesture translation and cross-view image translation.

2.4.1 Hand Gesture-to-Gesture Translation

Datasets. We follow GestureGAN [163] and evaluate the proposed GAN

model on two hand gesture datasets, i.e., NTU Hand Digit [137] and Cre-

ative Senz3D [101], which include different hand gestures. We use the

hand gesture images and filter out failure cases in hand estimation for

both training and testing sets. (1) NTU Hand Digit [137] contains 10

hand gestures (e.g., decimal digits from 0 to 9) color images and depth

maps collected with a Kinect sensor under cluttered backgrounds. We

randomly select 84,636 pairs, each of which is comprised of two images of

the same person but different gestures. 9,600 pairs are randomly selected

for the testing subset and the rest of 75,036 pairs as the training set. (2)

Creative Senz3D [101] includes static hand gestures performed by 4 people,

each performing 11 different gestures repeated 30 times each in the front of

a Creative Senz3D camera. We randomly select 12,800 pairs and 135,504

pairs as the testing and training set, each pair is composed of two images

of the same person but different gestures.

Parameter Settings. For both datasets, we do left-right flip and random

crops for data augmentation. For optimization, models are trained with

a batch size of 4 for 20 epochs on both datasets. At inference time, we

follow the same settings of PG2 [98] to randomly select the target keypoint

or skeleton.

Evaluation Metrics. Following GestureGAN [163], we use Peak Signal-

to-Noise Ratio (PSNR), Inception Score (IS), Fréchet Inception Distance
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Figure 2.4: Different methods for hand gesture-to-gesture translation on NTU Hand Digit.

(FID), and the proposed FRD to evaluate the quality of generated images.

State-of-the-Art Comparisons. We compare the proposed model with

the most related works, i.e., PG2 [98], SAMG [201], PoseGAN [146], DPIG [99]

and GestureGAN [163]. PG2 and DPIG try to generate a person image with

different poses based on conditional person images and target keypoints.

SAMG and PoseGAN explicitly employ human skeleton information to

generate person images. Note that SAMG adopts a CGAN to generate

motion sequences based on appearance information and skeleton informa-

tion by exploiting frame-level smoothness. We re-implemented this model

to generate a single frame for a fair comparison. These methods are paired

image-to-image models and comparison results are shown in Figures 2.4

and 2.5. As we can see in both figures, the proposed model consistently

produces sharper images with convincing details compared with other base-

lines on both datasets. We also note that the proposed GAN model is more

robust than existing methods as shown in the first row of Figure 2.4. Ex-

isting methods are easy to overfit since they generate the dropping arm as

shown in the white dotted box while the proposed model failed to generate

it. It is hard to generate the dropping arm since no guidance has been

provided to generate it, while exiting methods just simply memorize the

blocks from training images to generate new ones rather than to learn the

representations between different images.
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Figure 2.5: Different methods for hand gesture-to-gesture translation on Senz3D.

Method
NTU Hand Digit Senz3D

PSNR ↑ IS ↑ AMT ↑ FID ↓ FRD ↓ PSNR ↑ IS ↑ AMT ↑ FID ↓ FRD ↓

PG2 [98] 28.2403∗ 2.4152∗ 3.5%∗ 24.2093∗ 2.6319∗ 26.5138∗ 3.3699∗ 2.8%∗ 31.7333∗ 3.0933∗

SAMG [201] 28.0185∗ 2.4919∗ 2.6%∗ 31.2841∗ 2.7453∗ 26.9545∗ 3.3285∗ 2.3%∗ 38.1758∗ 3.1006∗

DPIG [99] 30.6487∗ 2.4547∗ 7.1%∗ 6.7661∗ 2.6184∗ 26.9451∗ 3.3874∗ 6.9%∗ 26.2713∗ 3.0846∗

PoseGAN [146] 29.5471∗ 2.4017∗ 9.3%∗ 9.6725∗ 2.5846∗ 27.3014∗ 3.2147∗ 8.6%∗ 24.6712∗ 3.0467∗

GestureGAN [163] 32.6091∗ 2.5532∗ 26.1%∗ 7.5860∗ 2.5223∗ 27.9749∗ 3.4107∗ 22.6%∗ 18.4595∗ 2.9836∗

Ours 32.6574 2.3783 29.3% 6.7493 1.7401 31.5420 2.2159 27.6% 12.4465 2.2104

Table 2.1: Comparison results with state-of-the-art models for hand gesture-to-gesture
translation on NTU Hand Digit and Senz3D. For all metrics except FID and FRD, higher
is better. (∗) These results are reported in [163].

Moreover, we also provide quantitative results in Table 2.1, and we can

see that the proposed GAN model produces more photo-realistic results

that other baselines on all metrics expect IS. This phenomenon can also

be observed in PG2 [98], GestureGAN [163], and other super-resolution

work such as [60], i.e., sharper results have a lower IS. Finally, we also

show some results of the arbitrary hand gesture-to-gesture translation on

NTU Hand Digit dataset in Figure 2.8. Given a single image and several

hand skeletons, the proposed model can generate the corresponding hand

gestures.

User Study. We also conducted a user study similar to [98, 231, 146].

We follow the same settings as in [55] to perform an Amazon Mechanical

Turk (AMT) perceptual study and gather data from 50 participants per

algorithm we tested. Specifically, participants were presented a sequence

of pairs of images, a ‘real’ image and a ‘fake’ image (generated by our algo-

38



CHAPTER 2. GESTUREGAN 2.4. EXPERIMENTS

rithm or a baseline), and asked to click on the image they thought was real.

The first 10 images of each session were practice and feedback was given.

The remaining 40 images were used to assess the rate at which each algo-

rithm fooled participants. Each session only tested a single algorithm, and

participants were only allowed to complete a single session. The results on

NTU Hand Digit and Senz3D datasets compared with the baseline models

are shown in Table 2.1. We observe that the proposed model consistently

achieves the best performance compared with these baselines.

FID v.s. FRD. We also compare the performance between FID and the

proposed FRD metric. The results are shown in Table 2.1 and we can

observe that FRD is more consistent with the human judgment, i.e., the

AMT score, than the FID metric. Moreover, we observe that the difference

in FRD between GestureGAN and the other methods is not as obvious as

in the results from the user study, i.e., the AMT metric. The reason is that

FRD calculates the Fréchet distance between the feature maps extracted

from the real image and the generated image using CNNs which are trained

with semantic labels. Thus, these feature maps are employed to reflect the

semantic distance between the images. The semantic distance between the

images is not very large considering they are all hands. On the contrary, the

user study measures the generation quality from a perceptual level. The

difference on the perceptual level is more obvious than on the semantic

level, i.e., the generated images with small artifacts show minor differences

on the feature level, while are being judged with a significant difference

from the real images by humans.

2.4.2 Cross-View Image Translation

Datasets. We follow [133] and conduct the experiments on two pub-

lic datasets: 1) For Dayton [179], following the same setting of [133], we

select 76,048 images and create a train/test split of 55,000/21,048 pairs.
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The images in the original dataset have 354×354 resolution. We resize

them to 256×256. 2) CVUSA [192] consists of 35,532/8,884 image pairs

in train/test split. Following [133], the aerial images are center-cropped to

224×224 and resized to 256×256. For the ground-level images and corre-

sponding segmentation maps, we take the first quarter of both and resize

them to 256×256.

Parameter Settings. We follow [133] and all images are scaled to 256×256,

and we enabled random crops for data augmentation. The low-resolution

experiments on Dayton are carried out for 100 epochs with a batch size of

16, whereas the high-resolution experiments for this dataset are trained for

35 epochs with a batch size of 4. For CVUSA, we follow the same setup

as in [133] and train our network for 30 epochs with a batch size of 4.

Evaluation Metrics. We follow [133] and use Inception Score (IS), top-k

prediction accuracy, KL score, Structural-Similarity (SSIM), PSNR, and

Sharpness Difference (SD) for the quantitative analysis. Moreover, we

employ LPIPS [220] to evaluate the quality of the generated images. LPIPS

uses pretrained deep models to evaluate the similarity, which highly agrees

well with humans’ perception. Specifically, we use the default pretrained

AlexNet provided by the authors [220] to calculate the LPIPS metric.

State-of-the-Art Comparison. We compare the proposed model with

five recently proposed state-of-the-art methods on the cross-view image

translation task, i.e., Pix2pix [55], Zhai et al. [211], X-Fork [133], X-

Seq [133] and SelectionGAN [165]. The comparison results are shown in

The qualitative results in higher resolution on Dayton and CVUSA datasets

are shown in Figures 2.6 and 2.7. The proposed model generates better

results against other baselines in terms of detail preservation and transla-

tion visual effects. In addition, it can be seen that our method generates

more clear details on objects/scenes such as road, trees, clouds than Se-

lectionGAN in the generated ground-level images (zoom-in for details in
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Figure 2.6: Different methods for cross-view image translation task in 256×256 resolution
on Dayton.

Figure 2.7: Different methods for cross-view image translation task in 256×256 resolution
on CVUSA.

Figure 2.6). For the generated aerial images, we can observe that grass,

trees, and house roofs are well-rendered compared to others. Moreover, the

results generated by our method are closer to the ground truth in layout

and structure (see the results in the a2g direction in Figures 2.6 and 2.7).

The quantitative comparison results are shown in Tables 2.2, 2.3, 2.4

and 2.5. We can observe the significant improvement of the proposed model

in these tables. The proposed model consistently outperforms Pix2pix,

Zhai et al., X-Fork, and X-Seq on all the metrics. Moreover, comparing

against SelectionGAN, the proposed model still achieves competitive per-

formance on all metrics excepting SSIM, PSNR, and SD. In most cases of
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Dir.
Method

Accuracy (%) ↑ Inception Score ↑
SSIM ↑ PSNR ↑ SD ↑ KL ↓

� Top-1 Top-5 all Top-1 Top-5

a2g

Pix2pix [55] 7.90∗ 15.33∗ 27.61∗ 39.07∗ 1.8029∗ 1.5014∗ 1.9300∗ 0.4808∗ 19.4919∗ 16.4489∗ 6.29 ± 0.80∗

X-Fork [133] 16.63∗ 34.73∗ 46.35∗ 70.01∗ 1.9600∗ 1.5908∗ 2.0348∗ 0.4921∗ 19.6273∗ 16.4928∗ 3.42 ± 0.72∗

X-Seq [133] 4.83∗ 5.56∗ 19.55∗ 24.96∗ 1.8503∗ 1.4850∗ 1.9623∗ 0.5171∗ 20.1049∗ 16.6836∗ 6.22 ± 0.87∗

SelectionGAN [165] 45.37† 79.00† 83.48† 97.74† 2.1606† 1.7213† 2.1323† 0.6865† 24.6143† 18.2374† 1.70 ± 0.45†

Ours 49.86 84.41 86.14 99.61 2.1059 1.7342 2.0737 0.6754 24.2814 18.1361 1.54 ± 0.39

Real Data - - - - 2.3534† 1.8135† 2.3250† - - - -

g2a

Pix2pix [55] 1.65∗ 2.24∗ 7.49∗ 12.68∗ 1.7970∗ 1.3029∗ 1.6101∗ 0.3675∗ 20.5135∗ 14.7813∗ 6.39 ± 0.90∗

X-Fork [133] 4.00∗ 16.41∗ 15.42∗ 35.82∗ 1.8557∗ 1.3162∗ 1.6521∗ 0.3682∗ 20.6933∗ 14.7984∗ 4.45 ± 0.84∗

X-Seq [133] 1.55∗ 2.99∗ 6.27∗ 8.96∗ 1.7854∗ 1.3189∗ 1.6219∗ 0.3663∗ 20.4239∗ 14.7657∗ 7.20 ± 0.92∗

SelectionGAN [165] 14.12† 51.81† 39.45† 74.70† 2.1571† 1.4441† 2.0828† 0.5118† 23.2657† 16.2894† 2.25 ± 0.56†

Ours 16.65 44.83 44.03 77.01 2.0802 1.4360 2.0628 0.5064 23.3632 16.4788 2.16 ± 0.59

Real Data - - - - 2.3015† 1.5056† 2.2095† - - - -

Table 2.2: Quantitative evaluation of Dayton in 64×64 resolution. For all metrics except
KL score, higher is better. (∗, †) These results are reported in [133] and [165], respectively.

Dir.
Method

Accuracy (%) ↑ Inception Score ↑
SSIM ↑ PSNR ↑ SD ↑ KL ↓

� Top-1 Top-5 all Top-1 Top-5

a2g

Pix2pix [55] 6.80∗ 9.15∗ 23.55∗ 27.00∗ 2.8515∗ 1.9342∗ 2.9083∗ 0.4180∗ 17.6291∗ 19.2821∗ 38.26 ± 1.88∗

X-Fork [133] 30.00∗ 48.68∗ 61.57∗ 78.84∗ 3.0720∗ 2.2402∗ 3.0932∗ 0.4963∗ 19.8928∗ 19.4533∗ 6.00 ± 1.28∗

X-Seq [133] 30.16∗ 49.85∗ 62.59∗ 80.70∗ 2.7384∗ 2.1304∗ 2.7674∗ 0.5031∗ 20.2803∗ 19.5258∗ 5.93 ± 1.32∗

SelectionGAN [165] 42.11† 68.12† 77.74† 92.89† 3.0613† 2.2707† 3.1336† 0.5938† 23.8874† 20.0174† 2.74 ± 0.86†

Ours 49.12 80.43 81.20 94.87 3.3210 2.3494 3.3522 0.5633 23.3515 19.7692 2.17 ± 0.77

Real Data - - - - 3.8319† 2.5753† 3.9222† - - - -

g2a

Pix2pix [55] 10.23∗ 16.02∗ 30.90∗ 40.49∗ 3.5676∗ 2.0325∗ 2.8141∗ 0.2693∗ 20.2177∗ 16.9477∗ 7.88 ± 1.24∗

X-Fork [133] 10.54∗ 15.29∗ 30.76∗ 37.32∗ 3.1342∗ 1.8656∗ 2.5599∗ 0.2763∗ 20.5978∗ 16.9962∗ 6.92 ± 1.15∗

X-Seq [133] 12.30∗ 19.62∗ 35.95∗ 45.94∗ 3.5849∗ 2.0489∗ 2.8414∗ 0.2725∗ 20.2925∗ 16.9285∗ 7.07 ± 1.19∗

SelectionGAN [165] 20.66† 33.70† 51.01† 63.03† 3.2446† 2.1331† 3.4091† 0.3284† 21.8066† 17.3817† 3.55 ± 0.87†

Ours 17.31 29.40 43.58 55.27 3.2131 2.0916 3.3637 0.3357 22.0273 17.6542 5.17 ± 1.23

Real Data - - - - 3.7196† 2.3626† 3.8998† - - - -

Table 2.3: Quantitative evaluation of Dayton in 256×256 resolution. For all metrics
except KL score, higher is better. (∗, †) These results are reported in [133] and [165],
respectively.

the a2g direction in Tables 2.2 and 2.3 we achieve a slightly lower perfor-

mance as compared with SelectionGAN. However, we consistently achieve

better performance than SelectionGAN on the LPIPS metric as shown in

Table 2.5, which agrees more with human judgments as indicated in [220].

We also report both FID and FRD results compared with the most re-

lated SelectionGAN in Tables 2.6 and 2.7. We can see that the proposed

method achieves better results than SelectionGAN in most cases. Finally,

we also note that SelectionGAN is carefully designed for the cross-view

image translation task while the proposed model is a generic framework.

Arbitrary Cross-View Image Translation. Existing methods such as
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Method
Accuracy (%) ↑ Inception Score ↑

SSIM ↑ PSNR ↑ SD ↑ KL ↓
Top-1 Top-5 all Top-1 Top-5

Zhai et al. [211] 13.97∗ 14.03∗ 42.09∗ 52.29∗ 1.8434∗ 1.5171∗ 1.8666∗ 0.4147∗ 17.4886∗ 16.6184∗ 27.43 ± 1.63∗

Pix2pix [55] 7.33∗ 9.25∗ 25.81∗ 32.67∗ 3.2771∗ 2.2219∗ 3.4312∗ 0.3923∗ 17.6578∗ 18.5239∗ 59.81 ± 2.12∗

X-Fork [133] 20.58∗ 31.24∗ 50.51∗ 63.66∗ 3.4432∗ 2.5447∗ 3.5567∗ 0.4356∗ 19.0509∗ 18.6706∗ 11.71 ± 1.55∗

X-Seq [133] 15.98∗ 24.14∗ 42.91∗ 54.41∗ 3.8151∗ 2.6738∗ 4.0077∗ 0.4231∗ 18.8067∗ 18.4378∗ 15.52 ± 1.73∗

SelectionGAN [165] 41.52† 65.51† 74.32† 89.66† 3.8074† 2.7181† 3.9197† 0.5323† 23.1466† 19.6100† 2.96 ± 0.97†

Ours 45.06 70.04 78.31 93.47 3.9469 2.8779 4.0383 0.5366 22.8223 19.8276 2.60 ± 0.97
Real Data - - - - 4.8741† 3.2959† 4.9943† - - - -

Table 2.4: Quantitative evaluation of CVUSA in the a2g direction. For all metrics except
KL score, higher is better. (∗, †) These results are reported in [133] and [165], respectively.

Dir. Method Dayton (64×64) Dayton (256×256) CVUSA

a2g
SelectionGAN [165] 0.1786 0.4996 0.4652

Ours 0.1712 0.3529 0.3817

g2a
SelectionGAN [165] 0.2489 0.5264 -

Ours 0.2382 0.4527 -

Table 2.5: LPIPS of [165] and the proposed method for cross-view image translation. For
this metric, lower is better.

Zhai et al. [211], Pix2pix [55], X-Fork [133] and X-Seq [133] focus on the

cross-view image translation task. However, this task is essentially an ill-

posed problem and has limited scalability and robustness in handling more

than two viewpoints. A recent work SelectionGAN [165] extends the cross-

view image translation task to a more generic task of the problem, i.e.,

the arbitrary cross-view image translation, in which a single input view

can be translated to different target views. For the arbitrary cross-view

image translation, conditional labels are usually required since learning a

one-to-many mapping is more challenging and extremely hard to optimize.

Similarly to the arbitrary hand gesture-to-gesture translation in Figure 2.8,

we show several results of arbitrary cross-view image translation on Dayton

in Figure 2.9. We believe this task has many applications such as cross-view

image geo-localization.

Network Parameter Comparisons. We compare the overall network

parameter with Pix2pix [55], X-Fork [133], X-Seq [133] and Selection-

GAN [165] on cross-view image translation task. Results are shown in
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Dir. Method Dayton (64×64) Dayton (256×256) CVUSA

a2g
SelectionGAN [165] 28.4787 38.3498 43.1102

Ours 18.7225 35.9220 47.3500

g2a
SelectionGAN [165] 60.7903 85.4072 -

Ours 60.1969 88.8195 -

Table 2.6: FID of [165] and the proposed method for cross-view image translation. For
this metric, lower is better.

Dir. Method Dayton (64×64) Dayton (256×256) CVUSA

a2g
SelectionGAN [165] 3.3066 3.5060 3.1641

Ours 3.1658 3.3694 3.1547

g2a
SelectionGAN [165] 3.8033 3.7646 -

Ours 3.7078 3.8943 -

Table 2.7: FRD of [165] and the proposed method for cross-view image translation. For
this metric, lower is better.

Table 2.8. As we can see, the proposed model achieves superior model

capacity and produces better generation performance comparing with ex-

isting models.

Model Pix2pix [55] X-Fork [133] X-Seq [133] SelectionGAN [165] Ours

G 39.0820 M 39.2163 M 39.0820*2 M 55.4808 M 11.3876 M
D 2.7696 M 2.7696 M 2.7696*2 M 2.7687 M 2.7678+2.7709 M

Total 41.8516 M 41.9859 M 83.7032 M 58.2495 M 16.9263 M

Table 2.8: Comparison of the number of network parameters on cross-view image trans-
lation task.

2.4.3 Ablation Study

We perform an ablation study in the a2g (aerial-to-ground) direction on

Dayton for cross-view image translation. Following [165], to reduce the

training time, we randomly select 1/3 samples from the whole 55,000/21,048

samples, i.e., around 18,334 samples for training and 7,017 samples for test-

ing.
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Figure 2.8: Arbitrary hand gesture-to-gesture translation of our model.

Figure 2.9: Arbitrary cross-view image translation of our model.

Baseline Models. The proposed GAN model has nine baselines (A, B,

C, D, E1x, E2x, E3, E4x, F) as shown in Table 2.9. Baseline A uses

a CycleGAN model [231] and generates y′ using an unpaired image x.

Baseline B uses a Pix2pix structure [55], and generates y′ based on x using

a supervised way. Baseline C also uses the Pix2pix structure and inputs

the combination of a conditional image x and the controllable structure

Cy to the proposed controllable structure guided generator G. Baseline

D uses the proposed controllable structure guided cycle upon baseline C.

Baseline E1x explores the proposed color loss in several different ways to

avoid the ‘channel pollution’ issue. Baseline E2x employs the proposed

controllable structure guided discriminator to stabilize the optimization

process. Baseline E3 adds the proposed controllable structure guided self-

content preserving loss to preserve content information. Baseline E4x adds

the perceptual loss and the Total Variation loss on the generated result
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Baseline Experimental Setting SSIM ↑ PSNR ↑ SD ↑ Accuracy ↑
KL ↓ LPIPS ↓

Top-1 Top-5

A x
G→ y′ (Unsupervised Learning) 0.4110 17.9868 18.5195 27.28 47.47 52.47 71.63 8.69±1.36 0.5913

B x
G→ y′ (Supervised Learning) 0.4555 19.6574 18.8870 27.46 46.84 58.20 77.17 6.25±1.30 0.5520

C [x,Cx]
G→ y′ (Controllable Structure Guided Generation) 0.5374 22.8345 19.2075 39.76 68.44 72.22 89.85 3.32±1.10 0.4010

D [x,Cy]
G→ [y′, Cx]

G→ x′ (Controllable Structure Guided Cycle) 0.5547 23.1531 19.6032 42.43 70.82 75.40 91.16 2.89±1.05 0.3821
E11 D + Color L1 Loss on x′ 0.5515 23.1345 19.6257 41.08 68.31 75.26 90.60 3.02±1.09 0.3968
E12 D + L1 Loss on y′ 0.5541 23.1492 19.6423 41.73 68.99 75.13 89.48 2.89±1.02 0.3835
E13 D + L2 Loss on y′ 0.5481 23.0939 19.5534 43.51 72.08 75.79 91.23 2.86±0.99 0.3913
E14 D + Color L1 Loss on y′ 0.5600 23.3692 19.7018 44.38 73.21 75.93 91.69 2.73±0.98 0.3782
E15 D + Color L2 Loss on y′ + L1 loss on y′ 0.5568 23.3930 19.6273 43.19 72.58 75.63 91.67 2.77±1.10 0.3793
E16 D + Color L1 Loss on y′ + L1 loss on y′ 0.5631 23.4600 19.7650 44.97 73.65 76.28 92.32 2.70±1.08 0.3765
E21 D + Controllable Structure Guided Discriminator 0.5340 22.8176 19.4404 43.08 72.80 74.98 90.89 3.06±1.09 0.4003
E22 D + Dual Discriminator 0.5255 22.5405 19.4104 43.12 74.85 76.14 91.23 2.93±1.02 0.3937
E3 D + Controllable Structure Guided Self-Content Preserving Loss 0.5473 23.0475 19.5561 42.81 70.18 76.71 91.32 2.76±0.99 0.3877
E41 D + Perceptual Loss 0.5494 23.1075 19.5197 45.34 75.40 78.09 93.24 2.87±0.79 0.3545
E42 D + Perceptual Loss + Total Variation Loss 0.5577 23.0242 19.4943 44.76 73.96 77.81 93.69 2.84±0.79 0.3543
F D + E16 + E22 + E3 + E42 0.5603 23.1626 19.7455 46.43 76.94 79.54 94.33 2.35±0.84 0.3571

Table 2.9: Ablation study of the proposed method on Dayton for cross-view image trans-
lation. For all evaluation metrics except KL and LPIPS, higher is better.

y′. Baseline F is our full model integrating baselines D, E16, E22, E3, and

E42. All the baseline models are trained and tested on the same data using

the same configuration.

Note that each baseline in E (i.e., E1x, E2x, E3, and E4x) focuses on

improving each aspect of the performance of the generated images. More

specifically, the proposed color loss aims to avoid the ‘channel pollution’

issue and thus improve the pixel-level similarity metrics, i.e., SSIM, PSNR,

and SD. The proposed controllable structure guided discriminator tries to

improve the structure accuracy since the controllable structure can pro-

vide strong supervision to the discriminator. The proposed controllable

structure guided self-content preserving loss can push the generated data

distribution close to the real data distribution. Finally, the perceptual loss

and the Total Variation loss aim to improve image fidelity.

Ablation Analysis. The results of the ablation study are shown in Ta-

ble 2.9. We observe that Baseline B is better than baseline A since the

ground truth image y can provide strong supervised information to the

generator G. Comparing Baseline B with Baseline C, the controllable

structure guided generation improves the performance on all metrics by

large margins, which confirms that the controllable structures can provide
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Figure 2.10: Comparison results of L1 Loss, L2 Loss and the proposed Color Loss for
cross-view image translation.

more structural information to the generator G. By using the proposed

controllable structure guided cycle, Baseline D further improves over base-

line C, meaning that the cycle structure indeed utilizes the controllable

structure information in a more effective way, confirming our design mo-

tivation. Baseline E14 outperforms baselines D, E12, and E13 on SSIM,

PSNR, and SD metrics showing the importance of using the proposed color

loss to avoid the ‘channel pollution’ issue. Visualization results of L1 loss,

L2 loss and the proposed color L1 loss are shown in Figure 2.10. We can

see that the proposed color L1 loss generates more clear and visually plau-

sible details than both L1 and L2 losses, which validates the effectiveness

of the proposed color loss. By further combining the color L1 loss and the

L1 loss on the generated image y′, we can further improve the performance

as shown in baseline E16. However, replacing the color L1 loss with the

color L2 loss will degrade the performance as shown by baseline E15 but
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the results are still better than using baseline D. We also use the proposed

color loss on the reconstructed image x′ as presented in baseline E11, but

it achieves the worst results. Comparing Baseline D with Baseline E21,

the proposed controllable structure guide discriminator improves the top-1

accuracy by 0.65 and 1.98, which confirms the importance of our design

motivation. By further combining the controllable structure guide dis-

criminator with the traditional discriminator in baseline E22, both top-1

and top-5 accuracies are further boosted. Baseline E3 outperforms D with

around 0.13 gains on the KL metric, clearly demonstrating the effective-

ness of the proposed controllable structure guided self-content preserving

loss. By adding the perceptual loss and the TV loss in baseline E4x, the

overall performance is further improved on LPIPS metric [220], which uses

pretrained deep models to evaluate the similarity and highly agrees with

human perception. Finally, we demonstrate the advantage of the proposed

full model in baseline F, which integrates baseline D, E14, E22, E3, and

E42. It is obvious that baseline F achieves the best results on both accu-

racy and KL score metrics. However, we observe that baseline F achieves

worse results on SSIM, PSNR, and SD compared with baseline E14, and

at the same time, it achieves worse results on the LPIPS metric compared

with baseline E42. This is also observed in LPIPS [220], i.e., the traditional

metrics (i.e., SSIM, PSNR, SD, FSIM) disagree with metrics based on deep

architectures such as VGG [148]. Thus, we try to balance both metrics

to reasonable results without dropping significantly the performance, and

we still observe that baseline F achieves better performance on all SSIM,

PSNR, SD, and LPIPS metrics than baseline D.

Hyper-parameter Analysis. (1) For cross-view image translation tasks,

we follow [55] and set λcolor=100 since Lcolor denotes a pixel-wise reconstruc-

tion loss. We then follow [165] and set λtv=1e−6. In addition to λcolor and

λtv, we also introduce λcyc, λcon and λvgg. Thus, we investigate the influence
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λcyc SSIM ↑ PSNR ↑ SD ↑ Inception Score ↑ Accuracy ↑
KL ↓ LPIPS ↓

all Top-1 Top-5 Top-1 Top-5

100 0.5383 23.0283 19.5731 2.9278 1.9960 2.9823 39.22 67.86 69.55 88.03 3.96 ± 1.32 0.4082
10 0.5475 23.1264 19.5590 3.2344 2.2321 3.2983 42.30 67.99 74.98 89.54 2.87 ± 1.01 0.3832
1 0.5478 23.1153 19.5158 3.1918 2.2025 3.2362 42.11 72.26 75.37 91.33 2.88 ± 1.02 0.3869
0.1 0.5547 23.1731 19.6032 3.2823 2.2401 3.3081 42.43 70.82 75.40 91.16 2.89 ± 1.05 0.3821

Table 2.10: The influence of λcyc on Dayton for cross-view image translation.

λcon 0.1 1 5 10 100

KL ↓ 2.85±1.03 2.93±1.00 2.83±1.01 3.00±1.02 2.76±0.99

Table 2.11: The influence of λcon on Dayton for cross-view image translation.

λvgg 1 10 20 50 100

LPIPS ↓ 0.3812 0.3708 0.3628 0.3571 0.3545

Table 2.12: The influence of λvgg on Dayton for cross-view image translation.

λcyc PSNR ↑ IS ↑ FID ↓ FRD ↓

0.001 28.5673 2.4851 23.9935 2.8468
0.01 28.5475 2.3719 23.8958 2.8991
0.1 28.4967 2.4755 21.6280 2.7571
1 28.5370 2.3436 23.5811 2.8467
10 28.5627 2.4815 22.5539 2.8401
100 28.5854 2.4191 23.5617 2.8080

Table 2.13: The influence of λcyc on NTU Hand Digit for hand gesture-to-gesture trans-
lation.

λcon PSNR ↑ IS ↑ FID ↓ FRD ↓

0.001 28.5638 2.4335 20.6123 2.7273
0.01 28.4607 2.3665 19.9356 2.6960
0.1 28.6696 2.3446 23.2919 2.8326
1 28.6478 2.3522 24.4331 2.9171
10 28.6642 2.3528 21.7138 2.8778
100 28.5207 2.4881 24.3938 2.9104

Table 2.14: The influence of λcon on NTU Hand Digit for hand gesture-to-gesture trans-
lation.

of λcyc, λcon, λvgg to the performance of our model. The results are shown

in Tables 2.10, 2.11 and 2.12. In Table 2.10, when λcyc becomes smaller,

we achieve better results on most metrics. This means that adjusting the
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λvgg PSNR ↑ IS ↑ FID ↓ FRD ↓

0.001 28.4537 2.3096 23.7465 2.6976
0.01 28.5580 2.4825 23.4135 2.6966
0.1 28.5741 2.4684 23.1802 2.6872
1 28.5625 2.3182 20.1516 2.6653
10 28.5486 2.2502 19.8930 2.6004
100 28.9545 2.0455 17.1370 2.4461
1000 28.8131 2.0965 14.1617 2.2135
10000 27.4805 2.4538 65.1080 3.2607

Table 2.15: The influence of λvgg on NTU Hand Digit for hand gesture-to-gesture trans-
lation.

λcolor PSNR ↑ IS ↑ FID ↓ FRD ↓

100 28.8131 2.0965 14.1617 2.2135
200 29.2343 2.1537 13.4811 2.2421
500 29.9973 2.1332 13.4823 2.2039
800 30.4531 2.1898 13.9475 2.2176
1000 30.7087 2.2138 15.3634 2.2134
2000 31.4232 2.1991 17.1864 2.2872
5000 32.3025 2.1022 28.5587 2.3715

Table 2.16: The influence of λcolor on NTU Hand Digit for hand gesture-to-gesture trans-
lation.

ratio of weighting parameters of the cycle can obtain further performance

improvement. This is different from CycleGAN [231], which uses the same

weights for both forward and backward cycle-consistency losses since Cy-

cleGAN tries to learning two mappings, while in our model we only focus

on generating photo-realistic y′ and do not care about the quality of the

reconstructed image x′′. Thus, the forward part has a lager weight than

the backward part. Moreover, we also investigate the influence of λcon and

λvgg. The results are listed in Tables 2.11 and 2.12. When both λcon and

λvgg become bigger, the generator with a larger error loss dominates the

training, making the whole model generating better results. Therefore, we

empirically set λcyc=0.1, λcon=100, λvgg=100, λcolor=100 and λtv=1e−6 in

Equation (2.15) for this task.
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# Cycle PSNR ↑ IS ↑ FID ↓ FRD ↓

One-Cycle 30.4531 2.1898 13.9475 2.2176
Two-Cycle 31.4924 2.1493 11.2084 2.0774

Table 2.17: The influence of the number of cycles on NTU Hand Digit for hand gesture-
to-gesture translation.

(2) For hand gesture-to-gesture translation tasks, we first follow [165]

and set λtv=1e−6. Next, we investigate the influence of λcyc, λcon, λvgg and

λcolor to the performance of our model. Results are shown in Tables 2.13,

2.14, 2.15 and 2.16. According to these tables, we empirically set λcyc=0.1,

λcon=0.01, λvgg=1000, λcolor=800 and λtv=1e−6 in Equation (2.15) for this

task. Moreover, we also investigate the influence of the number of cycles

on this task. Results are shown in Table 2.17 and we observe that the

two-cycle framework achieves better results than one-cycle framework on

most metrics.

2.5 Conclusion

In this paper, we focus on the challenging task of controllable image-to-

image translation. To this end, we propose a unified GAN framework,

which can generate target images with different poses, sizes, structures,

and locations based on a conditional image and controllable structures. In

this way, the conditional image can provide appearance information and

the controllable structures can provide structure information for generating

the final results. Moreover, we also propose three novel losses to learn the

mapping from the source domain to the target domain, i.e., color loss, con-

trollable structure guided cycle-consistency loss, and controllable structure

guided self-content preserving loss. It is worth noting that the proposed

color loss handles the ‘channel pollution’ problem when back-propagating

the gradients, which frequently occurs in the existing generative models.
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The controllable structure guided cycle-consistency loss can reduce the dis-

match between the source domain and the target domain. The controllable

structure guided self-content preserving loss aims to preserve the image

content information of generated images. In addition, we present a novel

Fréchet ResNet Distance (FRD) metric to evaluate the quality of gener-

ated images. Experimental results show that the proposed unified GAN

framework achieves competitive performance compared with the state of

the art using carefully designed frameworks on two challenging generative

tasks, i.e., hand gesture-to-gesture translation and cross-view image trans-

lation. Note that the proposed GAN framework is not tuned to any specific

controllable image-to-image translation tasks.

In next chapter, we will introduce C2GAN, a novel and unified cross-

modal generative adversarial network for guided image-to-image transla-

tion tasks, which organizes the guidance and the image data in an interac-

tive manner, instead of using as input only the guidance information.
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C2GAN

We propose a novel and unified Cycle In Cycle Generative Adversarial

Network (C2GAN) for generating human faces, hands, bodies, and nat-

ural scenes. Our proposed C2GAN is a cross-modal model exploring a

joint exploitation of the input image data and the guidance data in an

interactive manner. C2GAN contains two different generators, i.e., an

image-generation generator and a guidance-generation generator. Both

generators are mutually connected and trained in an end-to-end fashion

and explicitly form three cycled sub-nets, i.e., one image generation cycle

and two guidance generation cycles. Each cycle aims at reconstructing

the input domain, and simultaneously produces useful output involved in

the generation of another cycle. In this way, the cycles constrain each

other implicitly providing complementary information from both image

and guidance modalities and bringing extra supervision gradient across cy-

cles facilitating a more robust optimization of the whole model. Extensive

experimental results on four guided image-to-image translation sub-tasks,

i.e., person image generation, facial expression generation, hand gesture-

to-gesture translation and cross-view image translation, demonstrate that

the proposed C2GAN is effective in generating more realistic images com-

pared with state-of-the-art models. The source code and trained models

53



3.1. INTRODUCTION CHAPTER 3. C2GAN

are available at https://github.com/Ha0Tang/C2GAN.

3.1 Introduction

Recent works have developed powerful image-to-image translation systems,

e.g., Pix2pix [55], Pix2pixHD [184] and GauGAN [119] in supervised set-

tings, and CycleGAN [231] and DualGAN [206] in unsupervised settings.

However, these methods are proposed and tailored to merely two domains

at a time, and scaling them to more would require a quadratic number

of models to be trained. For instance, with m different image domains,

CycleGAN and Pix2pix need to train m(m−1)/2 and m(m−1) models,

respectively. To overcome this, Choi et al. propose StarGAN [25], in

which a single generator/discriminator can perform image-to-image trans-

lation for multiple domains. However, StarGAN is not effective in han-

dling some specific image-to-image translation tasks such as human pose

generation [98, 146], hand gesture generation [163], and cross-view image

translation [133], in which image generation could involve infinite image

domains since human body, hand gesture, and natural scene in the wild

can have arbitrary poses, sizes, appearances, locations, and viewpoints.

To address these limitations, many methods are proposed to gener-

ate images based on extra semantic guidance such as object keypoints

[132, 129, 149, 98], human skeletons [146, 163], or segmentation maps

[133, 134, 165, 119, 161]. For instance, Song et al. [149] propose a G2GAN

framework for facial expression synthesis based on facial landmarks. Siaro-

hin et al. [146] introduce a PoseGAN model for pose-based human image

generation conditioned on human body skeletons. Regmi and Borji [133]

propose both X-Fork and X-Seq for cross-view image translation condi-

tioned on segmentation maps. However, current state-of-the-art guided

image-to-image translation methods such as PG2 [98], PoseGAN [146], X-
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Figure 3.1: Framework overview of the proposed C2GAN, which consists of two types
of generators, i.e., image generator Gi and guidance generator Gg. Parameter-sharing
strategies can be used in between the image or the guidance generators to reduce the model
capacity. During the training stage, two generators Gi and Gg are explicitly connected

and trained by three cycles, i.e., the image cycle I2I2I: [Ix, Ly]
Gi→ [I

′
y, Lx]

Gi→ I
′
x and two

guidance cycles G2I2G: [Ix, Ly]
Gi→ I

′
y

Gg→ L
′
y, G2R2G: [I

′
y, Lx]

Gi→ I
′
x

Gg→ L
′
x. The right side

of the figure shows the cross-modal discriminators (i.e., Di and Dg) for a better network
optimization.

Fork [133], and X-Seq [133] have two main issues: (1) they directly transfer

an image from the source domain to the target domain, without considering

the mutual translation between each other, while the translation across dif-

ferent image and guidance modalities in a unified framework would bring

rich cross-modal information; (2) they simply employ the guidance data

as input to guide the generation process, without involving the generated

guidance as supervisory signals to further improve the network optimiza-

tion. Both issues lead to unsatisfactory results.

To fix both issues, we propose a novel and unified Cycle In Cycle Gen-

erative Adversarial Network (C2GAN), in which explicitly three cycled

sub-nets are formed to learn both image and guidance modalities in a

joint model. The framework of the proposed C2GAN is shown in Fig-

ure 3.1. Specifically, C2GAN contains a basic image cycle, i.e., I2I2I
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([Ix, Ly]
Gi→ [I

′

y, Lx]
Gi→ I

′

x), which aims at reconstructing the input and

further refines the generated images I
′

y. The guidance information (such

as the human body skeleton) in C2GAN is not only utilized as input but

also acts as output, meaning that the guidance is also a generative objec-

tive. The input and output of the guidance are connected by two guidance

cycles, i.e., G2I2G ([Ix, Ly]
Gi→ I

′

y

Gg→ L
′

y) and G2R2G ([I
′

y, Lx]
Gi→ I

′

x

Gg→ L
′

x),

where Gi and Gg denote an image and a guidance generator, respectively.

In this way, guidance cycles can provide weak supervision to the generated

images I
′

y. The intuition behind the guidance cycles is that if the generated

guidance is very close to the real guidance, then the corresponding images

should be similar (see Figure 3.2). In other words, a better guidance gen-

eration will boost the performance of image generation, and conversely the

improved image generation will further facilitate the guidance generation.

The proposed three cycles inherently constraint each other in an end-to-

end training fashion. Moreover, for a better optimization of the proposed

three cycles we further propose two novel cycle losses, i.e., Image Cycle-

consistency loss (IC) and Guidance Cycle-consistency loss (GC). With both

cycle losses, each cycle can benefit from each other in a joint learning way.

We also propose two cross-modal discriminators corresponding to the gen-

erators.

Our contributions can be summarized as follows:

• We propose C2GAN, a novel and unified cross-modal generative ad-

versarial network for guided image-to-image translation tasks, which

organizes the guidance and the image data in an interactive manner,

instead of using as input only the guidance information.

• The proposed cycle in cycle network structure is a new design which

explores the effective use of cross-modal information for guided image-

to-image translation tasks. The designed cycled sub-networks connect

different modalities and implicitly constraint each other, leading to
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extra supervision signals for better image generation. We also inves-

tigate cross-modal discriminators and cycle losses for a more robust

network optimization.

• Extensive results on four challenging guided image-to-image transla-

tion tasks, i.e., person image generation, facial expression generation,

hand gesture-to-gesture translation, and cross-view image translation

demonstrate the effectiveness of the proposed C2GAN and show more

photo-realistic images compared with state-of-the-art models.

3.2 Related Work

Image-to-Image Translation models use input-output data to learn a

mapping between the source domain and the target domain. Isola et al.

propose Pix2pix [55], which employs a CGAN to learn a image mapping

from the input domain to the output domain. Moreover, unpaired image-

to-image translation approaches [231, 152, 167, 206, 166, 67, 228, 5, 160]

have been proposed to learn the mapping without paired training data.

However, these existing image translation models are inefficient and inef-

fective as indicated in the introduction section. Most importantly, these

aforementioned approaches cannot handle some specific guided image-to-

image translation tasks such as person image generation [98, 146], and

hand gesture-to-gesture translation [163].

Guided Image-to-Image Translation. To address these aforemen-

tioned limitations, several works have been proposed to generate images

based on object keypoints [71, 28, 98, 186, 151], human hand/body skele-

ton [146, 201, 14], and scene segmentation map [134, 134, 165, 119, 169].

For instance, Wang et al. [186] propose a Conditional MultiMode Network

(CMM-Net) for the facial landmark guided smile generation. Tang et al.

[163] propose a novel GestureGAN to perform the hand gesture-to-gesture
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translation task conditioned on an input image and several novel hand

skeletons. Park et al. [119] propose a novel spatially-adaptive normaliza-

tion for the semantic image synthesis task based on semantic labels. These

methods only focus on a single image generation task.

However, we propose a multi-task framework aiming at handling two

tasks using a single network, i.e., image generation and guidance gener-

ation. During the training stage, the two generation tasks are restricted

mutually by the proposed three cycles and then benefit from each other.

To the best of our knowledge, the proposed C2GAN is the first attempt

to generate both the image and the guidance domain in an interactive

generation strategy within a unified cycle in cycle GAN model, for guided

image-to-image translation tasks.

3.3 Model Description

We first introduce the network structures of the three cycles and describe

the details for the corresponding generators and cross-modal discrimina-

tors. Then we present the proposed objective functions and implementa-

tion details.

3.3.1 Model Overview

The proposed C2GAN learns two different generators in a single network,

i.e., image generator and guidance generator. The two generators are mu-

tually connected through three novel generative adversarial cycles, i.e.,

one image-oriented cycle and two guidance-oriented cycles. In the training

stage, these three cycles are jointly optimized in an end-to-end way and

each generator can benefit from the others due to the richer cross-modal

information and the crossing cycle supervision. The core framework of our

C2GAN is illustrated in Figure 3.1.
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3.3.2 Image-Domain Generative Adversarial Cycle

I2I2I Cycle. The image cycle I2I2I aims to generate the image I
′

y by

using the combination of the input image Ix and the target guidance Ly,

and then reconstruct the input image Ix by using the combination of the

generated image I
′

y and the guidance Lx of image Ix. Thus, the image cycle

can be formulated as:

[Ix, Ly]
Gi→ [I

′

y, Lx]
Gi→ I

′

x, (3.1)

where Gi is the image generator.

Different from the previous guided image-to-image translation methods

such as PG2 [98], X-Fork [133], and PoseGAN [146] employing only one

mapping [Ix, Ly]
Gi→ I

′

y, StarGAN [25] employs the target and the original

domain labels ly and lx as extra guidance information to reconstruct the

input image. However, StarGAN can only handle tasks which have a fixed

number of the image categories. In order to solve this limitation, we replace

the domain labels ly and lx in StarGAN by using the guidances Ly and

Lx. The guidances can be object keypoints, human skeletons, or scene

segmentation maps. Specifically, Ix and Ly are first fed into the image

generator Gi to generate the desired image I
′

y. Next, the generated image

I
′

y and the guidance Lx are concatenated as the input of Gi to reconstruct

the original image Ix. In this way, the forward and backward consistency

can be guaranteed.

Image Generator. The U-Net architecture [138] is adopted for our image

generator Gi. U-Net consists of an encoder and a decoder with skip con-

nections between them. The generator Gi is used two times for generating

image I
′

y and reconstructing the original image I
′

x. To reduce the model ca-

pacity, the image generator Gi shares parameters between image generation

and reconstruction. For image generation, the target of Gi is generating an
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image I
′

y=Gi(Ix, Ly) conditioned on the target guidance Ly which is similar

to the real image Iy. For image reconstruction, the goal of Gi is recovering

an image I
′

x=Gi(I
′

y, Lx) that looks similar to the input image Ix. The im-

age generator Gi learns a combined data distribution between the image

generation and the image reconstruction by sharing parameters, meaning

that Gi receives double data during the network optimization compared to

those generators without using the parameter-sharing strategy.

Cross-Modal Image Discriminator. Different from previous works

such as PG2 [98] employing a single-modal discriminator, we propose a

novel cross-modal discriminator which receives both image and guidance

data as input. The framework of the proposed cross-modal discriminator is

shown in Figure 3.1. The image discriminator Di receives two images and

one guidance data as input. More specifically, Di aims to distinguish be-

tween the generated triplet [Ix, Ly, Gi(Ix, Ly)] and the real triplet [Ix, Ly, Iy]

during image generation stage.

We further propose an image adversarial loss LiGAN(Gi, Di, Ix, Iy, Ly)

based on the vanilla adversarial loss [41], which can be expressed as follows:

LiGAN(Gi, Di, Ix, Iy, Ly) =EIx,Ly,Iy∼pdata(Ix,Ly,Iy) [logDi([Ix, Ly, Iy])]

+EIx,Ly∼pdata(Ix,Ly)[log(1−Di([Ix, Ly, Gi(Ix, Ly)]))],

(3.2)

where the image generator Gi tries to minimize the image adversarial loss

LiGAN(Gi, Di, Ix, Iy, Ly) while the image discriminator Di tries to maximize

it.

Another image adversarial loss for the image reconstruction mapping

Gi : [I
′

y, Lx]→ I
′

x is defined as:

LiGAN(Gi, Di, Ix, Iy, Lx) =EIx,Lx,Iy∼pdata(Ix,Lx,Iy)[logDi([Iy, Lx, Ix])]

+EI ′y,Lx,Iy∼pdata(I ′y,Lx,Iy)[log(1−Di([Iy, Lx, Gi(I
′

y, Lx)]))],

(3.3)
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where the image discriminator Di aims at distinguishing between the fake

triplet [Iy, Lx, Gi(I
′

y, Lx)] and the real triplet [Iy, Lx, Ix].

Therefore, the overall image adversarial loss is the sum of Equations (3.2)

and (3.3):

LiGAN(Gi, Di, Ix, Iy, Lx, Ly) =LiGAN(Gi, Di, Ix, Iy, Ly)

+LiGAN(Gi, Di, Ix, Iy, Lx).
(3.4)

Image Cycle-Consistency (IC) Loss. We also propose the IC loss to

better learn the image cycle I2I2I, which can be formulated as:

LiCY C(Gi, Ix, Lx, Ly) = EIx,Lx,Ly∼pdata(Ix,Lx,Ly)[‖Gi(Gi(Ix, Ly), Lx)− Ix‖1].

(3.5)

The reconstructed images I
′

x=Gi(Gi(Ix, Ly), Lx) should closely match with

the input image Ix. Notably, the image generator Gi is used two times

with the parameter-sharing strategy and the L1 distance is adopted in

Equation (3.5) to compute a pixel-to-pixel difference between the recovered

image I
′

x and the real input image Ix.

3.3.3 Guidance-Domain Generative Adversarial Cycle

The motivation of the guidance cycle is that, if the generated guidance is

similar to the real guidance then the corresponding two images should be

very close (see Figure 3.2). The proposed C2GAN has two guidance cycles,

i.e., G2I2G and G2R2G, as shown in Figure 3.1. Both cycles can provide

extra supervision information for better optimizing the image cycle I2I2I.

G2I2G Cycle. For the G2I2G cycle, [Ix, Ly] is first fed into the image

generator Gi to produce the target image I
′

y. Then the guidance generator

Gg tries to produce the guidance L
′

y from the generated image I
′

y. The

generated guidance L
′

y should be very close to the real guidance Ly. The
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Figure 3.2: The motivation of the guidance cycle. If the generated guidance L
′
y is close

to the real guidance Ly, then the corresponding images (i.e., I
′
y and Iy) should be similar.

formulation of the G2I2G cycle can be expressed as:

[Ix, Ly]
Gi→ I

′

y

Gg→ L
′

y. (3.6)

G2R2G Cycle. For the G2R2G cycle, the generated image I
′

y and guid-

ance Lx are first concatenated, and then fed into Gi to produce the recov-

ered image I
′

x. Next, the guidance generator Gg generates the guidance L
′

x

from the recovered image I
′

x. We assume that the generated guidance L
′

x is

very similar to the real guidance Lx. The G2R2G cycle can be formulated

as:

[I
′

y, Lx]
Gi→ I

′

x

Gg→ L
′

x. (3.7)

Both generated guidances L
′

y=Gg(Gi(Ix, Ly)) and L
′

x=Gg(Gi(I
′

y, Lx)) should

have a close match to the real guidance Ly and Lx, respectively. Note that

the guidance generator Gg could share parameters between these two cy-

cles.
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Guidance Generator. The U-Net structure [138] is employed for our

guidance generator Gg. The input of Gg is an image and the output is a

guidance. The guidance generator respectively produces L
′

y=Gg(I
′

y) and

L
′

x=Gg(I
′

x) from the generated images I
′

y and I
′

x, which further provide

more supervision gradient to guide the image generator Gi to produce

more realistic images.

Cross-Modal Guidance Discriminator. As shown in Figure 3.1, the

proposed guidance discriminator Dg is a cross-modal discriminator receiv-

ing both image and guidance data as the inputs. Thus, the guidance ad-

versarial loss for Dg can be defined as:

LgGAN(Gg, Dg, I
′

y, Ly) =EI ′y,Ly∼pdata(I ′y,Ly)

[
logDg([I

′

y, Ly])
]

+EI ′y∼pdata(I ′y)[log(1−Dg([I
′

y, Gg(I
′

y)]))],
(3.8)

where the guidance generator Gg aims to minimize the guidance adversar-

ial loss LgGAN(Gg, Dg, I
′

y, Ly) while the guidance discriminator Dg tries to

maximize it. The discriminator Dg aims to distinguish between the fake

pair [I
′

y, L
′

y] and the real pair [I
′

y, Ly].

A similar guidance adversarial loss for the mapping function Gg : I
′

x →
L

′

x is defined as:

LgGAN(Gg, Dg, I
′

x, Lx) =EI ′x,Lx∼pdata(I ′x,Lx)

[
logDg([I

′

x, Lx])
]

+EI ′x∼pdata(I ′x)[log(1−Dg([I
′

x, Gg(I
′

x)]))],
(3.9)

where the guidance discriminator Dg aims to distinguish between the fake

pair [I
′

x, L
′

x] and the real pair [I
′

x, Lx].

Thus, the total guidance adversarial loss is the sum of Equations (3.8)
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and (3.9):

LgGAN(Gg, Dg, I
′

x, I
′

y, Lx, Ly) = LgGAN(Gg, Dg, I
′

y, Ly) + LgGAN(Gg, Dg, I
′

x, Lx).

(3.10)

Guidance Cycle-Consistency (GC) Loss. A novel GC loss is fur-

ther proposed to better learn both the guidance cycles (i.e., G2I2G and

G2R2G), which can be expressed as:

LgCY C(Gg, Gi, Ix, I
′

y, Lx, Ly) =EIx,Ly∼pdata(Ix,Ly)[‖Gg(Gi(Ix, Ly))− Ly‖1]

+EI ′y,Lx∼pdata(I ′y,Lx)[‖Gg(Gi(I
′

y, Lx))− Lx‖1],

(3.11)

where the L1 distance is used to compute the pixel-to-pixel difference be-

tween the generated guidance (i.e., L
′

x and L
′

y) and the corresponding real

guidance (i.e., Lx and Ly).

During the training stage, the proposed guidance cycle-consistency loss

can back-propagate errors from the guidance generator Gg to the image

generator Gi facilitating the optimization of the image generator and then

boosting the image generation performance.

3.3.4 Optimization Objective

We follow existing methods [146, 98, 133, 165] and use the image pixel loss

to reduce the changes between the generated image I
′

y=Gi(Ix, Ly) and the

corresponding real one Iy. This loss can be expressed as:

LiPIXEL(Gi, Ix, Ly, Iy) = EIx,Ly,Iy∼pdata(Ix,Ly,Iy)[‖Gi(Ix, Ly)− Iy‖1], (3.12)

where the L1 distance is adopted as the loss measurement in the image

pixel loss. By doing so, more constrains can be added on both the image

generator Gi.

Consequently, the complete objective loss of the proposed C2GAN frame-
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work is:

L(Gi, Gg, Di, Dg) =λigan ∗ LiGAN + λicyc ∗ LiCY C
+λipixel ∗ LiPIXEL + λggan ∗ L

g
GAN + λgcyc ∗ L

g
CY C ,

(3.13)

where λigan, λ
i
cyc, λ

i
pixel, λ

g
gan, and λgcyc are parameters controlling the relative

relation of objectives terms.

3.3.5 Implementation Details

Network Architecture. We adopt the U-Net architecture [138] consist-

ing of an encoder and a decoder for our generators Gi and Gg. Moreover,

we employ the PatchGAN discriminator [55] for our discriminators Di and

Dg, which has shown the effectiveness in previous image-to-image transla-

tion works [55, 231]. The difference between a PatchGAN and a regular

GAN discriminator is that the regular GAN maps from an image to a sin-

gle scalar output, ‘real’ or ‘fake’, whereas the PatchGAN tries to classify if

each N×N patch in an image is real or fake. By doing so, PatchGAN can

alleviate the generation of visual artifacts and achieves better performance.

More details about PatchGAN can be found in [55].

Training Strategy. We follow the standard optimization method from [41]

to optimize the proposed C2GAN, i.e., we alternate between one gradient

descent step on Gi, Di, Gg, and Dg, respectively. The proposed C2GAN is

trained end-to-end and can generate image and guidance simultaneously,

then the generated guidances will benefit the quality of the generated im-

ages. Moreover, to slow down the rate of discriminators Di and Dg relative

to generators Gi and Gg, we divide the objectives by 2 while optimizing

discriminators.

The public software OpenFace [4] is employed to extract facial landmark

on the Radboud Faces dataset for the facial expression generation task.

While OpenPose [13] is used to extract human hand and body skeleton
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on the Creative Senz3D and Market-1501 datasets for hand gesture-to-

gesture translation and person image generation task, respectively. Next,

we follow [133] and employ RefineNet [90] to extract segmentation maps

on the Dayton dataset for the cross-view image translation task.

Inference Strategy. During the inference stage, the proposed G2GAN

receives an image Ix and a guidance Ly into the image generator Gi, and

outputs a target image I
′

y. At the same time, the guidance generator Gg

receives the image Ix as input and outputs the corresponding guidance L
′

x.

Parameter Setting. For a fair comparison, all competing models are

trained for 200 epochs on the Radboud Faces dataset for the facial ex-

pression generation task. All models are trained around 90 epochs on the

person image generation task. For the hand gesture-to-gesture translation

task, we train the model for 20 epochs. For the cross-view image transla-

tion task, we train the model for 35 epochs. The Adam solver [68] with the

momentum terms β1=0.5 and β2=0.999 is adopted as our optimizer. We

also incorporate the mask loss proposed in PG2 [98] for the person image

generation task.

The parameters λigan, λ
g
gan, λ

i
cyc, λ

i
pixel and λgcyc in Equation (3.13) are set

to 1, 1, 10, 10 and 10, respectively. The proposed C2GAN is implemented

using public deep learning software PyTorch [120].

3.4 Experiments

Extensive experiments are conducted on four guided image-to-image trans-

lation tasks, i.e., person image generation [98], facial expression genera-

tion [164], hand gesture-to-gesture translation [163], and cross-view image

translation [133], to evaluate the effectiveness of the proposed C2GAN

framework.
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Figure 3.3: Qualitative comparison of person image generation on the Market-1501
dataset. From left to right: Input, Body Skeleton, Ground Truth (GT), PG2 [98],
PoseGAN [146], and C2GAN (Ours).

3.4.1 Person Image Generation

Datasets. We follow [98] and employ the Market-1501 dataset [224] for

the person image generation task. The Market-1501 dataset [224] is a

challenging person re-id dataset containing 32,668 images of 1,501 persons

collected from six surveillance cameras. We adopt the training and testing

splits used in [146] and obtain 263,631 and 12,000 pairs for the training

and testing subset, respectively.

Evaluation Metrics. We follow [146, 98] and adopt Inception Score
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Model AMT (R2G) ↑ AMT (G2R) ↑ SSIM ↑ IS ↑ Mask-SSIM ↑ Mask-IS ↑

PG2 [98] 11.2 5.5 0.253 3.460 0.792 3.435
DPIG [99] - - 0.099 3.483 0.614 3.491
PoseGAN [146] 22.7 50.2 0.290 3.185 0.805 3.502
Pix2pixSC [182] 18.6 41.5 0.275 3.141 0.790 3.468
CocosNet [219] 20.1 45.7 0.280 3.275 0.801 3.514
C2GAN (Ours) 23.8 47.3 0.285 3.362 0.813 3.526
Real Data - - 1.000 3.860 1.000 3.360

Table 3.1: Quantitative comparison of person image generation on the Market-1501
dataset. For all the metrics, higher is better.

(IS) [139], SSIM and their corresponding masked versions Mask-SSIM and

Mask-IS as our evaluation metrics. Moreover, we adopt the AMT percep-

tual user study to evaluate the generated images by different models.

State-of-the-Art Comparisons. We compare the proposed C2GAN

with several state-of-the-art person image generation methods, i.e., PG2 [98],

DPIG [99], PoseGAN [146], Pix2pixSC [182], and CocosNet [219]. Differ-

ent from these models which focus on the person image generation task, the

proposed method is a general framework and learns image and guidance

generation simultaneously in a joint network.

Quantitative results are shown in Table 3.1. We observe that the pro-

posed C2GAN achieves better results than PG2, DPIG, Pix2pixSC, and

CocosNet. Moreover, compared with PoseGAN [146], the proposed C2GAN

also yields very competitive results. Specifically, the proposed C2GAN ob-

tains better results in terms of most metrics, i.e., AMT (R2G), IS, mask-

SSIM, and mask-IS. Qualitative comparison results compared with PG2

and PoseGAN are shown in Figure 3.3. We can see that the proposed

C2GAN can generate more clear and visually plausible person images than

both leading methods, validating the effectiveness of the proposed C2GAN.

Moreover, we observe that the generated images by our method are more

similar to the ground truths.
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Figure 3.4: Qualitative comparison of facial expression generation on the Radboud Faces
dataset. From left to right: Input, Facial Landmark, Ground Truth (GT), StarGAN [25],
Pix2pix [55], GPGAN [28], PG2 [98], and C2GAN (Ours).

3.4.2 Facial Expression Generation

Datasets. We employ the Radboud Faces dataset [74] for the facial ex-

pression generation task. This dataset contains over 8,000 color face images

with eight different facial expressions. We randomly select 67% of images

for training and the rest 33% images for testing. We remove the images
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Model AMT ↑ SSIM ↑ PSNR ↑ LPIPS ↓

StarGAN [25] 24.7 0.8345 19.6451 -
Pix2pix [55] 13.4 0.8217 19.9971 0.1334
GPGAN [28] 0.3 0.8185 18.7211 0.2531
PG2 [98] 28.4 0.8462 20.1462 0.1130
Pix2pixSC [182] 30.8 0.8433 20.3584 0.1042
CocosNet [219] 31.3 0.8524 20.7915 0.0985
C2GAN (Ours) 34.2 0.8618 21.9192 0.0934

Table 3.2: Quantitative comparison of facial expression generation on the Radboud Faces
dataset. For all the metrics except LPIPS, higher is better.

in which the face is not correctly detected by OpenFace [4], then combine

two different facial expression images of the same person to form an image

pair for training. Therefore, 5,628 and 1,407 image pairs are obtained for

training and testing, respectively.

Evaluation Metrics. We first adopt the AMT user study to evaluate the

generated images. Moreover, we employ Structural Similarity (SSIM) [191],

Peak Signal-to-Noise Ratio (PSNR), and LPIPS [220] for quantitative mea-

surements. SSIM and PSNR measure the image quality from a pixel level,

while LPIPS evaluates the generated from a deep feature level.

State-of-the-Art Comparisons. The proposed method is compared

with several facial image generation models, i.e., StarGAN [25], Pix2pix [55],

GPGAN [28], PG2 [98], Pix2pixSC [182], and CocosNet [219]. Note that

StarGAN is an unsupervised generation method, while the others are su-

pervised generation models. The comparison with StarGAN is just to see

how big the gap between supervised and unsupervised methods is for this

task. The results are shown in Table 3.2. We observe that the proposed

C2GAN achieves the best results on all four evaluation metrics, validating

the effectiveness of our method.

Qualitative comparison results compared with StarGAN, Pix2pix, GP-

GAN, PG2 are shown in Figure 3.4. Clearly, GPGAN performs the worse

among all the comparison models. Pix2pix can generate the correct expres-
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Figure 3.5: Visualization of facial landmark generation on the facial expression generation
task.

sion but the faces are distorted. StarGAN can generate sharper faces, but

the details of these generated faces are not convincing. For instance, the

mouths in StarGAN are blurred or not correct. Moreover, we observe that

the results of PG2 tend to be blurry. Compared with exiting leading meth-

ods, the results generated by the proposed C2GAN are smoother, sharper

and contain more details. We also show some generated facial landmarks

in Figure 3.5. We see that the proposed method not only produces real-

istic images but also generates reasonable facial landmarks. This is not

provided by any existing facial expression generation works.

3.4.3 Hand Gesture-to-Gesture Translation

Datasets. We follow GestureGAN [163] and adopt the Creative Senz3D

dataset [101] for the hand gesture-to-gesture translation task. This dataset

contains 11 different hand gestures performed by four people, each perform-
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Figure 3.6: Qualitative comparison of hand gesture-to-gesture translation on the Senz3d
dataset. From left to right: Input, Hand Skeleton, Ground Truth (GT), PG2 [98],
SAMG [201], DPIG [99], PoseGAN [146], GestureGAN [163], and C2GAN (Ours).

Method PSNR ↑ AMT ↑ FRD ↓

PG2 [98] 26.5138 2.8 3.0933
SAMG [201] 26.9545 2.3 3.1006
DPIG [99] 26.9451 6.9 3.0846
Pix2pixSC [182] 27.0569 7.2 3.0814
CocosNet [219] 27.1532 7.9 3.0741
PoseGAN [146] 27.3014 8.6 3.0467
GestureGAN [163] 27.9749 22.6 2.9836
C2GAN (Ours) 27.2531 12.7 3.0573

Table 3.3: Quantitative comparison of hand gesture-to-gesture translation on the Senz3D
dataset. For all metrics except FRD, higher is better.

ing gesture is repeated 30 times, thus we have 4 subjects × 11 gestures ×
30 times = 1320 images in total. We follow [163] and select 12,800 and

135,504 pairs as testing and training data, respectively.

Evaluation Metrics. We follow [163] and adopt Peak Signal-to-Noise

Ratio (PSNR) and FRD [163] as evaluation metrics. PSNR measures the

similarity between the real image and the generated image from a pixel

level. FRD measures the distance between the real image and the fake

image from a deep feature level. Moreover, we follow [163] and conduct a

user study to evaluate the generated image by different models.

State-of-the-Art Comparisons. We adopt the most related several

works, i.e., PG2 [98], DPIG [99], PoseGAN [146], GestureGAN [163],

SAMG [201], Pix2pixSC [182], and CocosNet [219], as our baselines for
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the facial expression generation task. Comparison results are shown in Ta-

ble 3.3. We observe that the proposed method achieves very competitive

results compared with the leading methods. Specifically, the proposed

C2GAN achieves significantly better results than PG2, SAMG, DPIG,

Pix2pixSC, and CocosNet on all metrics. Moreover, we see that PoseGAN

obtains slightly better results than our C2GAN on both PSNR and FRD

metrics, however, the proposed C2GAN achieves better AMT than PoseGAN.

Also, the proposed C2GAN achieves visually better results than PoseGAN,

as shown in Figure 3.6. Lastly, we observe that GestureGAN achieves bet-

ter results than C2GAN on all metrics. The reason is that GestureGAN

is carefully tailored and designed for the specific hand gesture-to-gesture

translation task, meaning that GestureGAN is fine-turned on this task

with the network structure, loss objective, and hyper-parameter selection.

However, the proposed C2GAN is a novel and unified GAN model, which

can be used to handle all kinds of settings of guided image-to-image trans-

lation without modifying the network structure, the loss objective, and

hyper-parameters. Furthermore, our C2GAN can generate both images

and guidances, which is not considered in GestureGAN.

Qualitative comparison results compared with PG2, DPIG, PoseGAN,

GestureGAN, SAMG are shown in Figure 3.6. We observe that the pro-

posed method generates much better images than PG2, DPIG, SAMG,

and PoseGAN. Moreover, our results are very close to those generated by

GestureGAN. Our C2GAN is a joint learning framework and it is not only

able to generate the target images but is also able to produce the hand

skeleton of the input image, which will benefit other computer vision tasks

such as hand pose estimation. The results of the generated hand skeletons

are shown in Figure 3.7. We see that the generated hand skeleton L
′

x is

very similar to the real hand skeleton Lx, which verifies the effectiveness

of the guidance generator Gg and our joint learning strategy.
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Figure 3.7: Visualization of hand skeleton generation on the hand gesture-to-gesture
translation task.

3.4.4 Cross-View Image Translation

Datasets. We follow [133] and adopt the Dayton dataset [179] to evaluate

the cross-view image translation task. This dataset contains 76,048 images

and we create a training/testing split of 55,000/21,048. The original size

of images is 354×354 resolution. We resize them to 256×256.

Evaluation Metrics. Following [133], we employ Inception Score (IS),

top-k prediction accuracy, and KL score for the quantitative analysis.

These three metrics evaluate the generated images from a high-level feature

space.

State-of-the-Art Comparisons. We adopt several leading cross-view

image translation methods as our baselines, i.e., Pix2pix [55], X-SO [134],

X-Fork [133] and X-Seq [133]. These methods aim to generate images based

on a given image. To further evaluate the proposed C2GAN, we introduce

four strong baselines, i.e., Pix2pix++ [55], X-Fork++ [133], X-Seq++ [133]

and SelectionGAN [165]. These four models aim to generate images based
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Method
Accuracy (%) Inception Score

KL ↓
Top-1 ↑ Top-5 ↑ All ↑ Top-1 ↑ Top-5 ↑

Pix2pix [55] 6.80 9.15 23.55 27.00 2.8515 1.9342 2.9083 38.26 ± 1.88
X-SO [134] 27.56 41.15 57.96 73.20 2.9459 2.0963 2.9980 7.20 ± 1.37
X-Fork [133] 30.00 48.68 61.57 78.84 3.0720 2.2402 3.0932 6.00 ± 1.28
X-Seq [133] 30.16 49.85 62.59 80.70 2.7384 2.1304 2.7674 5.93 ± 1.32
Pix2pix++ [55] 32.06 54.70 63.19 81.01 3.1709 2.1200 3.2001 5.49 ± 1.25
X-Fork++ [133] 34.67 59.14 66.37 84.70 3.0737 2.1508 3.0893 4.59 ± 1.16
X-Seq++ [133] 31.58 51.67 65.21 82.48 3.1703 2.2185 3.2444 4.94 ± 1.18
SelectionGAN [165] 42.11 68.12 77.74 92.89 3.0613 2.2707 3.1336 2.74 ± 0.86
C2GAN (Ours) 45.80 75.28 76.03 90.67 2.9603 2.1225 2.9435 2.70 ± 1.02

Table 3.4: Quantitative comparison of cross-view image translation on the Dayton dataset
in a2g direction. For all metrics except KL, higher is better.

on a given image and several novel segmentation maps. Note that we im-

plement Pix2pix++, X-Fork++ and X-Seq++ using their released public

code.

Comparison results are shown in Table 3.4. We see that the proposed

C2GAN achieves the best results on several metrics such as KL and Top-1

Accuracy. For other metrics, the proposed method still achieves very com-

petitive results, which validates the effectiveness of the proposed C2GAN.

Several qualitative comparison results are also provided in Figure 3.8.

We see that our C2GAN generates much better realistic images than other

baselines. Moreover, we show the generated segmentation maps by our

method in Figure 3.9, the proposed C2GAN can generate reasonable seg-

mentation maps, which we believe our method can be used to improve the

performance of semantic segmentation tasks.

3.4.5 Ablation Study

We conduct extensive experiments on the Radbound Faces dataset to verify

the effectiveness of each component of the proposed C2GAN. All the ex-

periments are trained with 50 epochs and Table 3.5 shows the quantitative

comparison results.
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Figure 3.8: Qualitative comparison of cross-view image translation on the Dayton dataset.
From left to right: Input, Ground Truth (GT), Pix2pix [55], X-SO [134], X-Fork [133],
X-Seq [133], Pix2pix++ [55], X-Fork++ [133], X-Seq++ [133], SelectionGAN [165], and
C2GAN (Ours).

Influence of Individual Generation Cycle. To evaluate the influ-

ence of individual generation cycle, we test with four different combi-

nations of the cycles, i.e., ‘I2I2I’, ‘I2I2I+G2I2G’, ‘I2I2I+G2R2G’, and

‘I2I2I+G2I2G+G2R2G’. All four combinations use the same training strate-

gies and hyper-parameters. Comparison results are shown in Table 3.5.

We can see that ‘I2I2I’, ‘G2I2G’, and ‘G2R2G’ are all critical to the final

result and the removal of one of them degrades the generation perfor-

mance, demonstrating that by using cross-modal data in a joint frame-

work and by making the cycles constraint on each other improve the final

generation performance. Moreover, ‘I2I2I+G2I2G+G2R2G’ obtains the

best performance among all the four combination settings. Meanwhile,

‘I2I2I+G2I2G+G2R2G’ achieves remarkably better results than I2I2I on

all metrics, demonstrating the effectiveness of constraining both image and

guidance cycles facilitating thus a more robust optimization of the whole

model. Moreover, some visualization results are provided in Figure 3.10

to show the influence of each generation cycle. We can obtain the similar

conclusion as the one from Table 3.5, further validating our network design.

Cross-Modal vs. Single-Modal Discriminator. We then evaluate

the influence of the proposed cross-modal discriminator, i.e., ‘C2GAN w/
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Figure 3.9: Visualization of segmentation map generation on the cross-view image trans-
lation task.

I2I2I+G2I2G+G2R2G’. Our baseline is the traditional single-modal dis-

criminator (‘C2GAN w/ Single-Modal D’). The results are listed in Ta-

ble 3.5. We see that the proposed cross-modal discriminator achieves much

better results than the single-modal discriminator on all metrics, meaning

that the rich cross-modal information helps to learn a better discriminator

and thus facilitates the optimization of the generator.

Parameter Sharing between Generators. The parameter sharing

could remarkably reduce parameters of the whole network. We then eval-

uate how the parameter-sharing strategy would affect the generation re-

sults. Specifically, two different baselines are tested: one is ‘C2GAN w/

I2I2I+G2I2G+G2R2G’, which shares the network parameters between the

two image generators, and between the two guidance generators, respec-

tively. While ‘C2GAN w/ Non-Sharing G’ learns the four different gen-

erators, separately. We can see from Table 3.5 that the non-sharing one

achieves slightly better performance than the sharing one. However, the
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Figure 3.10: Influence of individual generation cycle on the Radbound Faces dataset.

Baseline AMT ↑ PSNR ↑ SSIM ↑

C2GAN w/ I2I2I 25.3 21.2030 0.8449
C2GAN w/ I2I2I + G2I2G 28.2 20.8708 0.8419
C2GAN w/ I2I2I + G2R2G 28.7 21.0156 0.8437
C2GAN w/ I2I2I + G2I2G + G2R2G 30.8 21.6262 0.8540
C2GAN w/ Single-Modal D 26.4 21.2794 0.8426

C2GAN w/ Non-Sharing G 32.9 21.6353 0.8611

Table 3.5: Quantitative comparison of ablation study on the Radbound Faces dataset.
For all metrics, higher is better.

number of parameters of non-sharing one is 217.6M, which is twice as much

as that of the sharing one. This means that the parameter-sharing strategy

is a good way to balance both image performance and network overhead.

3.5 Conclusion

We propose a novel and unified Cycle In Cycle Generative Adversarial Net-

work (C2GAN) for guided image-to-image translation tasks. The proposed

C2GAN contains two different types of generators, i.e., image-oriented gen-
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erator and guidance-oriented generator. Both generators are connected in

three generation cycles and can be optimized in an end-to-end fashion.

Extensive qualitative and quantitative experimental results on four chal-

lenging generative tasks demonstrate that the proposed C2GAN is effective

to generate photo-realistic images with convincing details.

In next chapter, we will introdcue XingGAN and BiGraphGAN for per-

son image generation. XingGAN explores cascaded guidance with two

different generation branches, and aims at progressively producing a more

detailed synthesis from both person shape and appearance embeddings.

BiGraphGAN aims to progressively reason the pose-to-pose and pose-to-

image relations via the proposed Bipartite Graph Reasoning (BGR) block.

79





Chapter 4

XingGAN and BiGraphGAN

We propose a novel Generative Adversarial Network (XingGAN or Cross-

ingGAN) for person image generation tasks, i.e., translating the pose of a

given person to a desired one. The proposed Xing generator consists of two

generation branches that model the person’s appearance and shape infor-

mation, respectively. Moreover, we propose two novel blocks to effectively

transfer and update the person’s shape and appearance embeddings in a

crossing way to mutually improve each other, which has not been consid-

ered by any other existing GAN-based image generation work. Extensive

experiments on two challenging datasets, i.e., Market-1501 and DeepFash-

ion, demonstrate that the proposed XingGAN advances the state-of-the-art

performance both in terms of objective quantitative scores and subjec-

tive visual realness. The source code and trained models are available at

https://github.com/Ha0Tang/XingGAN.

We also present a novel Bipartite Graph Reasoning GAN (BiGraph-

GAN) for the challenging person image generation task. The proposed

graph generator mainly consists of two novel blocks that aim to model

the pose-to-pose and pose-to-image relations, respectively. Specifically, the

proposed Bipartite Graph Reasoning (BGR) block aims to reason the cross-

ing long-range relations between the source pose and the target pose in a bi-
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Figure 4.1: Overview of the proposed Xing generator. Both the Shape-guided
Appearance-based generation (SA) and the Appearance-guided Shape-based generation
(AS) branches consist of a sequence of SA and AS blocks in a crossing way. All these
components are trained in an end-to-end fashion so that the SA branch and AS branch
can benefit from each other to generate more shape-consistent and appearance-consistent
person images.

partite graph, which mitigates some challenges caused by pose deformation.

Moreover, we propose a new Interaction-and-Aggregation (IA) block to ef-

fectively update and enhance the feature representation capability of both

person’s shape and appearance in an interactive way. Experiments on two

challenging and public datasets, i.e., Market-1501 and DeepFashion, show

the effectiveness of the proposed BiGraphGAN in terms of objective quan-

titative scores and subjective visual realness. The source code and trained

models are available at https://github.com/Ha0Tang/BiGraphGAN.

4.1 Introduction

The problem of person image generation aims to generate photo-realistic

person images conditioned on an input person image and several desired

poses. This task has a wide range of applications such as person im-

age/video generation [202, 43, 8, 54, 94] and person re-identification [234,

128]. Exiting methods such as [98, 99, 146, 234, 164] have achieved promis-

ing performance on this challenging task. For example, Zhu et al. [234]
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recently proposed a conditional GAN model that comprises a sequence

of pose-attentional transfer blocks. Wherein, each block transfers certain

regions it attends to and progressively generates the desired person image.

Although [234] performed an interesting exploration, we still observe

unsatisfactory aspects and visual artifacts in the generated person images

due to several reasons. First, [234] stacks several convolution layers to

generate the attention maps of the shape features, then the generated at-

tention maps are used to attentively highlight the appearance features.

Since convolutional operations are building blocks that process one local

neighborhood at a time, this means that they cannot capture the joint

influence between the appearance and the shape features. Second, the at-

tention maps in [234] are only produced by using one single modality, i.e.,

the pose, leading to insufficiently accurate correlations for both modalities

(i.e., the pose and the image modality), and thus misguiding the image

generation.

Based on these observations, we propose a novel Generative Adversarial

Network (XingGAN or CrossingGAN), which consists of a Xing genera-

tor, a shape-guided discriminator, and an appearance-guided discrimina-

tor. The overall framework is shown in Figure 4.1. The Xing generator

consists of three parts, i.e., a Shape-guided Appearance-based generation

(SA) branch, an Appearance-guided Shape-based generation (AS) branch,

and a co-attention fusion module. Specifically, the proposed SA branch

contains a sequence of SA blocks, which aim to progressively update the

appearance representation under the guidance of the shape representation,

while the proposed AS branch contains a sequence of AS blocks, which aim

to progressively update the shape representation under the guidance of the

appearance representation. We also present a novel crossing operation in

both SA and AS blocks to capture the joint influence between the image

modality and the pose modality by creating attention maps jointly pro-
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duced by both modalities. Moreover, we introduce a co-attention fusion

model to better fuse the final appearance and shape features to generate

the desired person images. We present an appearance-guided discrimina-

tor and a shape-guided discriminator to jointly judge how likely is that the

generated image contains the same person in the input image and how well

the generated image aligns with the targeted pose, respectively. The pro-

posed XingGAN is trained in an end-to-end fashion so that the generation

branches can enjoy the mutually improved benefits from each other.

We conduct extensive experiments on two challenging datasets, i.e.,

Market-1501 [224] and DeepFashion [97]. Qualitative and quantitative re-

sults demonstrate that XingGAN achieves better results than state-of-the-

art methods, regarding both visual fidelity and alignment with targeted

person poses.

To summarize, the contributions of our paper are three-fold:

• We propose a novel XingGAN (or CrossingGAN) for person image

generation. It explores cascaded guidance with two different gener-

ation branches, and aims at progressively producing a more detailed

synthesis from both person shape and appearance embeddings.

• We propose SA and AS blocks, which effectively transfer and update

person shape and appearance features in a crossing way to mutually

improve each other, and are able to significantly boost the quality of

the final outputs.

• Extensive experiments clearly demonstrate the effectiveness of Xing-

GAN, and show new state-of-the-art results on two challenging datasets,

i.e., Market-1501 [224] and DeepFashion [97].

We also observe that existing person image generation methods such as

[98, 99, 146, 164, 2, 36, 234, 14, 8, 210, 88, 94] always rely on building

convolution layers. Due to the physical design of convolutional filters,

convolution operations can only model local relations. To capture global
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Figure 4.2: Illustration of our motivation. We propose a novel BiGraphGAN (Fig. (c))
for capturing crossing long-range relations between the source pose Pa and the target
pose Pb in a bipartite graph. The node features from both source and target poses in
the coordinate space are projected into the nodes in a bipartite graph, thereby forming
a fully-connected bipartite graph. After cross-reasoning the graph, the node features are
projected back to the original coordinate space for further processing.

relations, existing methods such as [234, 164] inefficiently stack multiple

convolution layers to enlarge the receptive fields to cover all the body joints

from both the source pose and the target pose. However, none of the

above-mentioned methods explicitly consider modeling the cross relations

between the source pose and the target pose.

In this paper, we propose a novel Bipartite Graph Reasoning GAN

(BiGraphGAN), which mainly consists of two novel blocks, i.e., Bipar-

tite Graph Reasoning (BGR) block and Interaction-and-Aggregation (IA)

block. The BGR block aims to efficiently capture the crossing long-range

relations between the source pose and the target pose in a bipartite graph

(see Figure 4.2). Specifically, the BGR block first projects both the source

pose feature and the target pose feature in the original coordinate space

onto a bipartite graph. Next, both source and target pose features are

represented by a set of nodes to form a fully-connected bipartite graph, on

which crossing long-range relation reasoning is performed by Graph Con-

volution Networks (GCNs). To the best of our knowledge, we are the first

to explore GCNs to model the crossing long-range relations for solving the

challenging person image generation task. After reasoning, we project the
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node features back to the original coordinate space for further processing.

Also, the proposed IA block is proposed to effectively and interactively

enhance person’s shape and appearance features. We also introduce an

Attention-based Image Fusion (AIF) module to selectively generate the fi-

nal result using an attention network. Qualitative and quantitative experi-

ments on two challenging datasets, i.e., Market-1501 [224] and DeepFashion

[97], demonstrate that the proposed BiGraphGAN generates better person

images than several state-of-the-art methods, i.e., PG2 [98], DPIG [99],

Deform [146], C2GAN [164], BTF [2], VUnet [36] and PATN [234].

The contributions of this paper are summarized as follows,

• We propose a novel Bipartite Graph Reasoning GAN (BiGraphGAN)

for person image generation. The proposed BiGraphGAN aims to

progressively reason the pose-to-pose and pose-to-image relations via

two novel proposed blocks.

• We propose a novel Bipartite Graph Reasoning (BGR) block to ef-

fectively reason the crossing long-range relations between the source

pose and the target pose in a bipartite graph by using Graph Convo-

lutional Networks (GCNs). Moreover, we present a new Interaction-

and-Aggregation (IA) block to interactively enhance both person’s

appearance and shape feature representations.

• Extensive experiments on two challenging datasets, i.e., Market-1501

[224] and DeepFashion [97], demonstrate the effectiveness of the pro-

posed BiGraphGAN and show significantly better performance com-

pared with state-of-the-art approaches.

4.2 Related Work

Generative Adversarial Networks (GANs) [41] have shown the po-

tential to generate realistic images [140, 63, 10]. For instance, Shaham
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et al. propose an unconditional SinGAN [140] which can be learned from

a single image. Moreover, to generate user-defined images, Conditional

GAN (CGAN) [103] has been proposed recently. A CGAN always con-

sists of a vanilla GAN and external guide information such as class la-

bels [193, 25, 216], segmentation maps [165, 119, 169, 92], attention maps

[66, 166, 100], and human skeleton [2, 8, 234, 163, 156]. In this work, we

mainly focus on the challenging person image generation task, which aims

to transfer a person image from one pose to another one.

Image-to-Image Translation aims to learning the translation mapping

between target and input images. CGANs have achieved decent results in

pixel-wise aligned image-to-image translation tasks [55, 163, 2]. For exam-

ple, Isola et al. propose Pix2pix [55], which adopts CGANs to generate the

target domain images based on the input domain images, such as photo-

to-map, sketch-to-image, and night-to-day. However, pixel-wise alignment

is not suitable for person image generation tasks due to the shape defor-

mation between the input person image and target person image.

Person Image Generation. To remedy this, several works started to

use poses to guide person image generation [98, 99, 146, 36, 164, 234]. For

example, Ma et al. first present PG2 [98], which is a two-stage model

to generate the target person images based on an input image and the

target poses. Moreover, Siarohin et al. propose PoseGAN [146], which

requires an extensive affine transformation computation to deal with the

input-output misalignment caused by pose differences. Zhu et al. propose

Pose-Transfer [234], which contains a sequence of pose-attentional transfer

blocks to generate the target person image progressively. Besides the afore-

mentioned supervised methods, several works focus on solving this task in

an unsupervised setting [125, 150]. For instance, Pumarola et al. propose

an unsupervised framework [125] to generate person images, which induces

some geometric errors as revealed in their paper.
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Note that the aforementioned methods adopt human keypoints or skele-

ton as pose guidance, which are usually extracted by using OpenPose [13].

In addition, several works adopt DensePose [109], 3D pose [87], and seg-

mented pose [31] to generate person images because they contain more

information about body depth and part segmentation, producing better

results with more texture details. However, the keypoint-based pose repre-

sentation is much cheaper and more flexible than the DensePose, 3D pose,

segmented pose representations, and can be more easily applied to prac-

tical applications. Therefore, we favor keypoint-based pose representation

in this paper.

Also, person image generation is a challenging task due to the pose

deformation between the source image and the target image. Modeling the

long-range relations between the source pose and the target pose is the

key to solving this challenging task. However, existing methods such as

[98, 99, 8, 146, 164, 2, 36, 234, 14, 210, 88, 94] built through the stacking

of convolutional layers, which can only leverage the relations between the

source pose and the target pose locally. For instance, Zhu et al. [234]

propose a Pose-Attentional Transfer Block (PATB), in which the source

and target poses are simply concatenated and then fed into an encoder to

capture their dependencies.

Unlike existing methods for modeling the relations between the source

and target poses in a localized manner, we show that the proposed Bi-

partite Graph Reasoning (BGR) block can bring considerable performance

improvements in the global view.

Image-Guidance Conditioning Schemes. Recently, there were pro-

posed many schemes to incorporate the extra guidance (e.g., human poses

[98, 234], segmentation maps [119, 165, 169], facial landmarks [164, 209],

etc) into an image-to-image translation model, which can be divided into

four categories, i.e., input concatenation [164, 194, 221], feature concate-
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nation [98, 99, 36, 87, 73, 86], one-way guidance-to-image interaction [146,

119, 52, 124], two-way guidance-and-image interaction [234, 2, 22].

The most straightforward way of conditioning the guidance is to con-

catenate the input image and the guidance along the channel dimension.

For example, C2GAN [164] takes the input person image and the targeted

poses as input to output the corresponding targeted person images. Instead

of concatenating the guidance and the image at the input, several works

[98, 99, 36] concatenate their feature representations at a certain layer.

For instance, PG2 [98] concatenates the embedded pose feature with the

embedded image feature at the bottleneck fully connected layer. Another

more general scheme is to use the guidance to guide the generation of the

image. For example, Siarohin et al. [146] first learn an affine transfor-

mation between the input and the target pose, then they use it to ‘move’

the feature maps between the input image and the targeted image. Unlike

existing one-way guidance-to-image interaction schemes that allow infor-

mation flow only from the guidance to the input image, a recent scheme,

i.e., two-way guidance-and-image interaction, also considers the informa-

tion flow from the input image back to the guidance [234, 2]. For example,

Zhu et al. [234] propose an attention-based GAN model to simultaneously

update the person’s appearance and shape features under the guidance of

each other, and show that the proposed two-way guidance-and-image in-

teraction strategy leads to better performance on person image generation

tasks.

Contrary to the existing two-way guidance-and-image interaction schemes

[234, 2] that allow both the image and guidance to guide and update each

other in a local way, we show that the proposed cross-conditioning strategy

can further improve the performance of person image generation tasks.

Graph-Based Reasoning. Graph-based approaches have shown to be an

efficient way to reason relation in many computer vision tasks such as semi-
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supervised classification [69], video recognition [188], crowd counting [19],

action recognition [200, 122] and semantic segmentation [21, 218].

Compared to these graph-based reasoning methods which model the

long-range relations within the same feature map to incorporate global in-

formation, we focus on developing a novel BiGraphGAN framework that

reasons and models the crossing long-range relations between different fea-

tures of the source pose and target pose in a bipartite graph. Then the

crossing relations are further used to guide the image generation process

(see Figure 4.2). This idea has not been investigated in existing GAN-based

image translation methods.

4.3 Model Description

We start by presenting the details of the proposed XingGAN (Figure 4.1)

consisting of three parts, i.e., a Shape-guided Appearance-based generation

(SA) branch modeling the person shape representation, an Appearance-

guided Shape-based generation (AS) branch modeling the person appear-

ance representation, and a Co-Attention Fusion (CAF) module for fusing

these two branches. In the following, we first present the design of the two

proposed generation branches, and then introduce the co-attention fusion

module. Lastly, we present the proposed two discriminators, the overall

optimization objective and implementation details.

The inputs of the proposed Xing generator are the source image Is, the

source pose Ps, and the target pose Pt. The goal is to translate the pose

of the person in the source image Is from the source pose Ps to the target

pose Pt, thus synthesizing a photo-realistic person image I
′

t. In this way,

the source image Is provides the appearance information and the poses (Ps,

Pt) provide the shape information to the Xing generator for synthesizing

the desired person image.
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Figure 4.3: Structure of the proposed SA block which takes the previous appearance code
F I
t−1 and the previous shape code F P

t−1 as input and obtains the appearance code F I
t in

a crossed non-local way. The symbols ⊕, ⊗ and s○ and c○ denote element-wise addi-
tion, element-wise multiplication, Softmax activation, and channel-wise concatenation,
respectively.

4.3.1 Shape-Guided Appearance-Based Generation

The proposed Shape-guided Appearance-based generation (SA) branch

consists of an image encoder and a series of the proposed SA blocks. The

source image Is is first fed into the image encoder to produce the appear-

ance code F I
0 , as shown in Figure 4.1. The encoder consists of two convolu-

tional layers in our experiments. The SA branch contains several cascaded

SA blocks which progressively update the initial appearance code F I
0 to the

final appearance code F I
T under the guidance of the AS branch. As we can

see in Figure 4.1, all SA blocks have an identical network structure. Con-

sider the t-th block in Figure 4.3, whose inputs are the appearance code

F I
t−1∈Rc×h×w and the shape code F P

t−1∈Rc×h×w. The output is the refined

appearance code F I
t ∈Rc×h×w. Specifically, given the appearance code F I

t−1,

we first feed it into a convolution layer to generate a new appearance code
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C, where C∈Rc×h×w. Then we reshape C to Rc×(hw), where n=hw is the

number of pixels. At the same time, the SA block receives the shape code

F P
t−1 from the AS branch, which is also fed into a convolution layer to pro-

duce a new shape code B∈Rc×h×w and then reshape to Rc×(hw). After that,

we perform a matrix multiplication between the transpose of C and B, and

apply a Softmax layer to produce a correlation matrix P∈R(hw)×(hw),

pji =
exp(BiCj)∑n
i=1 exp(BiCj)

, (4.1)

where pji measures the impact of the i-th position of B on the j-th position

of the appearance code C. In this crossing way, the SA branch can capture

more joint influence between the appearance code F I
t−1 and shape code

F P
t−1, producing a richer appearance code F I

t .

Note that Equation (4.1) has a close relationship with the non-local

operator proposed by Wang et al. [187]. The major difference is that

the non-local operator in [187] computes the pairwise similarity within the

same feature map to incorporate global information, whereas the proposed

crossing way computes the pairwise similarity between different feature

maps, i.e., the person appearance and shape feature maps.

After that, we feed F I
t−1 into a convolution layer to produce a new

appearance code A∈Rc×h×w and reshape it to Rc×(hw). We then perform a

matrix multiplication between A and the transpose of P and reshape the

result to Rc×h×w. Finally, we multiply the result by a scale parameter α

and conduct an element-wise sum operation with the original appearance

code F I
t−1 to obtain the refined appearance code F I

t ∈ Rc×h×w,

F I
t = α

n∑
i=1

(pjiAi) + F I
t−1, (4.2)

where α is 0 in the beginning and but is gradually updated. By doing
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so, each position of the refined appearance code F I
t is a weighted sum

of all positions of the shape code F P
t−1 and the previous appearance code

F I
t−1. Thus, it has a global contextual view between F P

t−1 and F I
t−1, and it

selectively aggregates useful contexts according to the correlation matrix P .

4.3.2 Appearance-Guided Shape-Based Generation

In our preliminary experiments, we observe that only the SA generation

branch is not sufficient to learn such a complex deformable translation

process. Intuitively, since the shape features can guide the appearance

features, we believe the appearance features can also be used to guide the

shape features in turn. Therefore, we also propose an Appearance-guided

Shape-based generation (AS) branch. The proposed AS branch mainly

consists of a pose encoder and a sequence of AS blocks, as shown in Fig-

ure 4.1. The source pose Ps and target pose Pt are first concatenated along

the channel dimension and then fed into the pose encoder to produce the

initial shape representation F P
0 . The pose encoder has the same network

structure as the image encoder. Note that to capture the dependency

between the two poses, we only adopt one pose encoder.

The AS branch contains several cascaded AS blocks, which progres-

sively update the initial shape code F P
0 to the final shape code F P

T under

the guidance of the SA branch. All AS blocks have the same network struc-

ture, as illustrated in Figure 4.1. Consider the t-th block in Figure 4.4,

whose inputs are the shape code F P
t−1∈Rc×h×w and the appearance code

F I
t−1∈Rc×h×w. The output is the refined shape code F P

t ∈Rc×h×w.

Specifically, given the shape code F P
t−1, we first feed it into a convolution

layer to generate a new shape code H, where H∈Rc×h×w. We then reshape

H to Rc×(hw). At the same time, the AS block receives the appearance

code F I
t−1 from the SA branch, which is also fed into a convolution layer

to produce a new appearance code E and then reshape it to Rc×(hw). Af-
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Figure 4.4: Structure of the proposed AS block, which takes the previous shape code F P
t−1

and the previous appearance code F I
t−1 as inputs and obtains the shape code F P

t in a
crossing way. The symbols ⊕, ⊗ and s○ and c○ denote element-wise addition, element-
wise multiplication, Softmax activation, and channel-wise concatenation, respectively.

ter that, we perform a matrix multiplication between the transpose of H

and E, and apply a Softmax layer to produce another correlation matrix

Q∈R(hw)×(hw),

qji =
exp(EiHj)∑n
i=1 exp(EiHj)

, (4.3)

where qji measures the impact of i-th position of E on the j-th position of

the shape code H. n=hw is the number of pixels.

Meanwhile, we feed F P
t−1 into a convolution layer to produce a new shape

code D∈Rc×h×w and reshape it to Rc×(hw). We then perform a matrix

multiplication between D and the transpose of Q and reshape the result

to Rc×h×w. Finally, we multiply the result by a scale parameter β and

conduct an element-wise sum operation with the original shape code F P
t−1.

The result is then concatenated with the appearance code F I
t and fed into
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a convolution layer to obtain the updated shape code F P
t ∈Rc×h×w,

F P
t = Concat(β

n∑
i=1

(qjiDi) + F P
t−1, F

I
t ), (4.4)

where Concat(·) denotes the channel-wise concatenation operation and β

is a parameter. By doing so, each position in the refined shape code F P
t is

a weighted sum of all positions in the appearance code F I
t−1 and previous

shape code F P
t−1.

4.3.3 Co-Attention Fusion

The proposed Co-Attention Fusion (CAF) module consists of two parts,

i.e., generating intermediate results and co-attention maps. These co-

attention maps are used to spatially select from both the intermediate

generations and the input image, and are combined to synthesize a final

output. This idea of the proposed CAF module comes from the multi-

channel attention selection module in SelectionGAN [165]. However, there

are three differences: (1) We use two generation branches to generate in-

termediate results, i.e., SA branch and AS branch. (2) Attention maps are

generated by the combination of both shape and appearance features, so

the model learns more correlations between the two features. (3) We also

produce the input attention map, which aims to select useful content from

the input image for generating the final image.

We consider two directions to generate intermediate results. One is

generating multiple intermediate image synthesis results from the final ap-

pearance code F I
T , and the other is generating multiple intermediate image

synthesis results from the final shape code F P
T . Specifically, the appear-

ance code F I
T is fed into a decoder to generate N intermediate results

II={IIi }Ni=1, and followed by a Tanh activation function. Meanwhile, the

final shape code F P
T is fed into another decoder to generate another N
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intermediate results IP={IPi }Ni=1, and also followed by a Tanh activation

function. Both can be formulated as,

IIi = Tanh(F I
TW

I
i + bIi ), for i = 1, · · · , N

IPi = Tanh(F P
T W

P
i + bPi ), for i = 1, · · · , N

(4.5)

where two convolution operations are performed with N convolutional fil-

ters {W I
i , b

I
i }Ni=1 and {W P

i , b
P
i }Ni=1. Thus, the 2N intermediate results and

the input image Is can be regarded as the candidate image pool.

To generate the co-attention map which reflects the correlation be-

tween the appearance F I
T and shape F P

T codes, we first stack both F I
T

and F P
T along the channel axes, and then feed them into a group of filters

{WA
i , b

A
i }2N+1

i=1 to generate the corresponding 2N+1 co-attention maps,

IAi = Softmax(Concat(F I
T , F

P
T )WA

i + bAi ), for i = 1, · · · , 2N+1 (4.6)

where Softmax is a channel-wise Softmax function used for the normal-

ization, and Concat(·) denotes the channel-wise concatenation operation.

Finally, the learned co-attention maps are used to perform a channel-wise

selection from each intermediate generation and the input image as follows,

I
′

t = (IA1 ⊗ II1 )⊕ · · · (IA2N ⊗ IP2N)⊕ (IA2N+1 ⊗ Is), (4.7)

where I
′

t represents the final synthesized person image selected from the

multiple diverse results and the input image. ⊗ and ⊕ denote the element-

wise multiplication and addition, respectively.
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4.3.4 Optimization Objective

We use three different losses as our full optimization objective, i.e., adver-

sarial loss Lgan, pixel loss Ll1, and perceptual loss Lp,

min
G

max
DI ,DP

L = λganLgan + λl1Ll1 + λpLp, (4.8)

where λgan, λl1 and λp are the weights, measuring corresponding contribu-

tions of each loss to the total loss L. The total adversarial loss is derived

from the appearance-guided discriminator DI and the shape-guided dis-

criminator DP , which aims to judge how likely is that I
′

t contains the same

person in Is and how well I
′

t aligns with the target pose Pt, respectively.

The L1 pixel loss is used to compute the difference between the generated

image I
′

t and the real target image It, i.e., Ll1=||It − I
′

t||1. The perceptual

loss Lp is used to reduce pose distortions and make the generated images

look more natural and smooth, i.e., Lp=||φ(It)− φ(I
′

t)||1, where φ denotes

the outputs of several layers in the pre-trained VGG19 network [148].

4.3.5 Implementation Details

We follow the training procedures of GANs and alternatively train the pro-

posed Xing generator G and two discriminators (DI , DP ). During training,

G takes Is, Ps and Pt as input and outputs a translated person image I
′

t

with target pose Pt. Specifically, Is is fed to the SA branch, and Ps, Pt are

fed to the AS branch. For the adversarial training, (Is, It) and (Is, I
′

t) are

fed to the appearance-guided discriminator DP for ensuring appearance

consistency. (Pt, It) and (Pt, I
′

t) are fed to the shape-guided discriminator

DP for ensuring shape consistency.

The Adam optimizer [68] is used to train the proposed XingGAN for

around 90K iterations with β1=0.5 and β2=0.999. We set T=9 in the

proposed Xing generator and N=10 in the proposed co-attention fusion
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Figure 4.5: Overview of the proposed graph generator, which consists of a sequence of
Bipartite Graph Reasoning (BGR) blocks, a sequence of Interaction-and-Aggregation (IA)
blocks and an Attention-based Image Fusion (AIF) module. BGR blocks aim to reason the
crossing long-range relations between the source pose and the target pose in a bipartite
graph. IA blocks aim to interactively update person’s appearance and shape feature
representations. AIF module aims to selectively generate the final result via an attention
network. The symbols F i={F i

j}Tj=0, F
pa={F pa

j }T−1j=0 , F pb={F pb
j }T−1j=0 , F̃ pa={F̃ pa

j }T−1j=0 , and

F̃ pb={F̃ pb
j }T−1j=0 denote the appearance codes, the source shape codes, the target shape

codes, the updated source shape codes, and the updated target shape codes, respectively.

module on both datasets. λgan, λl1 and λp in Equation (4.8) are set to 5,

50 and 50, respectively. For the decoders, the kernel size of convolutions

for generating the intermediate images and co-attention maps are 3×3 and

1×1, respectively.

4.4 Model Description

We start by introducing the details of the proposed Bipartite Graph Rea-

soning GAN (BiGraphGAN), which consists of a graph generator G and

two discriminators (i.e., appearance discriminator Da and shape discrim-

inator Ds). An illustration of the proposed graph generator G is shown

in Figure 4.5, which mainly contains three parts, i.e., a sequence of Bi-

partite Graph Reasoning (BGR) blocks modeling the crossing long-range

relations between the source pose Pa and the target pose Pb, a sequence
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of Interaction-and-Aggregation (IA) blocks interactively enhancing both

person’s shape and appearance feature representations, and an Attention-

based Image Fusion (AIF) module attentively generating the final result I
′

b.

In the following, we first present the proposed blocks and then introduce

the optimization objective and implementation details of the proposed Bi-

GraphGAN.

Figure 4.5 shows the proposed graph generator G, whose inputs are the

source image Ia, the source pose Pa and the target pose Pb. The generator

G aims to transfer the pose of the person in the source image Ia from

the source pose Pa to the target pose Pb, generating the desired image I
′

b.

Firstly, Ia, Pa and Pb are separately fed into three encoders to obtain the

appearance code F i
0, the source shape code F pa

0 and the target shape code

F pb
0 . Note that we used the same shape encoder to learn both Pa and Pb,

i.e., the two shape encoders for learning the two different poses are sharing

the weights.

4.4.1 Pose-to-Pose Bipartite Graph Reasoning

The proposed Bipartite Graph Reasoning (BGR) block aims to reason

the crossing long-range relations between the source pose and the target

pose in a bipartite graph. All BGR blocks have an identical structure

as illustrated in Figure 4.5. Consider the t-th block given in Figure 4.6,

whose inputs are the source shape code F pa
t−1 and the target shape code

F pb
t−1. The BGR block aims to reason these two codes in a bipartite graph

via Graph Convolutional Networks (GCNs) and outputs new shape codes.

The proposed BGR block contains two symmetrical branches (i.e., B2A

branch and A2B branch) because a bipartite graph is a bidirectional graph.

As shown in Figure 4.2(c), each node in the source nodes connects all the

target nodes; at the same time, each node in the target nodes connects

all the source nodes. In the following, we mainly describe the detailed
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Figure 4.6: Illustration of the proposed Bipartite Graph Reasoning (BGR) Block t, which
consists of two branches, i.e., B2A and A2B. Each of them aims to model cross-contextual
information between shape features F pa

t−1 and F pb
t−1 in a bipartite graph via Graph Convo-

lutional Networks (GCNs).

modeling process of the B2A branch, and another A2B branch is similar

to this.

From Coordinate Space to Bipartite-Graph Space. Firstly, we re-

duce the dimension of the source shape code F pa
t−1 with function ϕa(F

pa
t−1)∈RC×Da,

where C is the number of feature map channels, Da is the number of nodes

of F pa
t−1. Then we reduce the dimension of the target shape code F pb

t−1 with

function θb(F
pb
t−1)=H

ᵀ
b∈RDb×C , where Db is the number of nodes of F pb

t−1.

Next, we project F pa
t−1 to a new feature Va in a bipartite graph using the

projection function HT
b . Therefore we have,

Va = Hᵀb ϕa(F
pa
t−1) = θb(F

pb
t−1)ϕa(F

pa
t−1), (4.9)

where both functions θb(·) and ϕa(·) are implemented using 1×1 convo-

lutional layer. This results in a new feature Va∈RDb×Da in the bipartite

graph, which represents the crossing relations between the nodes of the

target pose F pb
t−1 and the source pose F pa

t−1 (see Figure 4.2(c)).

Cross Reasoning with Graph Convolution. After projection, we build

a fully-connected bipartite graph with adjacency matrix Aa∈RDb×Db. We

then use a graph convolution to reason the crossing long-range relations

between the nodes from both source and target poses, which can be for-
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mulated as,

Ma = (I− Aa)VaWa, (4.10)

where Wa∈RDa×Da denotes the trainable edge weights. We follow [21, 218]

and use Laplacian smoothing [21, 85] to propagate the node features over

the bipartite graph. The identity matrix I can be viewed as a residual sum

connection to alleviate optimization difficulties. Note that we randomly

initialize both adjacency matrix Aa and the weights Wa, and then train

both by gradient descent in an end-to-end manner.

From Bipartite-Graph Space to Coordinate Space. After the cross-

reasoning, the updated new feature Ma is mapped back to the original

coordinate space for further processing. Next, we add the result to the

original source shape code F pa
t−1 to form a residual connection [47]. This

process can be expressed as,

F̃ pa
t−1 = φa(HbMa) + F pa

t−1, (4.11)

where we reuse the projection matrix Hb and perform a linear projection

φa(·) to project Ma back to the original coordinate space. Therefore, we

obtain the new source feature F̃ pa
t−1, which has the same dimension with

the original one F pa
t−1.

Similarly, the A2B branch outputs the new target shape feature F̃ pb
t−1.

Note that the idea of the proposed BGR block is inspired by the GloRe

unit proposed by [21]. The main difference is that the GloRe unit reasons

the relations within the same feature map via a standard graph, but the

proposed BGR block reasons the crossing relations between feature maps

of different poses using a bipartite graph.
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4.4.2 Pose-to-Image Interaction and Aggregation

As shown in Figure 4.5, the proposed Interaction-and-Aggregation (IA)

block receives the appearance code F i
t−1, the new source shape code F̃ pa

t−1

and the new target shape code F̃ pb
t−1 as inputs. IA block aims to simultane-

ously and interactively enhance F i
t , F

pa
t and F pb

t . Specifically, both shape

codes firstly concatenated and fed into two convolutional layers to produce

the attention map Ap. Mathematically,

Ap = σ(Conv(Concat(F̃ pa
t−1, F̃

pb
t−1))), (4.12)

where σ(·) denotes the element-wise Sigmoid function.

Appearance Code Enhance. After obtaining Ap, the appearance F i
t−1

is enhanced by,

F i
t = Ap ⊗ F i

t−1 + F i
t−1, (4.13)

where ⊗ denotes element-wise product. By multiplying with the attention

map Ap, the new appearance code F i
t at certain locations can be either

preserved or suppressed.

Shape Code Enhance. Next, we concatenate F i
t , F

pa
t−1 and F pb

t−1, and

go through two convolutional layers to obtain the updated shape code F pa
t

and F pb
t by splitting the result along the channel axis. This process can be

performed by,

F pa
t , F

pb
t = Conv(Concat(F i

t , F
pa
t−1, F

pb
t−1)). (4.14)

In this way, both new shape codes F pa
t and F pb

t can synchronize the changes

caused by the new appearance code F i
t .
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4.4.3 Attention-Based Image Fusion

At the T -th IA block, we obtain the final appearance code F i
T . We then

feed F i
T to an image decoder to generate the intermediate result Ĩb. At the

same time, we feed F i
T to an attention decoder to produce the attention

mask Ai.

The attention encoder consists of several deconvolutional layers and a

Sigmoid activation layer. Thus, the attention encoder aims to generate a

one-channel attention mask Ai, in which each pixel value is between 0 to

1. The attention mask Ai aims to selectively pick useful content from both

the input image Ia and the intermediate result Ĩb for generating the final

result I
′

b. This process can be expressed as,

I
′

b = Ia ⊗ Ai + Ĩb ⊗ (1− Ai), (4.15)

where⊗ denotes element-wise product. In this way, both the image decoder

and the attention decoder can interact with each other and ultimately

produce better results.

4.4.4 Optimization Objective

Appearance and Shape Discriminators. We adopt two discriminators

for adversarial training. Specifically, we feed image-image pair (Ia, Ib)

and (Ia, I
′

b) into the appearance discriminator Da to ensure appearance

consistency. Meanwhile, we feed pose-image pair (Pb, Ib) and (Pb, I
′

b) into

the shape discriminator Ds for shape consistency. Both discriminators

(i.e., Da and Ds), and the proposed graph generator G are trained in an

end-to-end way, aiming to enjoy mutual benefits from each other in a joint

framework.

Optimization Objectives. We follow [234, 156] and use the adversarial

loss Lgan, the pixel-wise L1 loss Ll1 and the perceptual loss Lper as our
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optimization objectives,

Lfull = λganLgan + λl1Ll1 + λperLper, (4.16)

where λgan, λl1 and λper control the relative importance of the three ob-

jectives. For the perception loss, we follow [234, 156] and use the Conv1 2

layer.

4.4.5 Implementation Details

In our experiments, we follow previous work [234, 156] and represent the

source pose Pa and the target pose Pb as two 18-channel heat maps that

encode the locations of 18 joints of a human body. Adam optimizer [68]

is employed to learn the proposed BiGraphGAN for around 90K iterations

with β1=0.5 and β2=0.999.

In preliminary experiments, we found that as T increases, the perfor-

mance is getting better and better. When T is equal to 9, the proposed

model achieves the best results, and then the performance begins to de-

cline. Thus we set T=9 in the proposed graph generator. Moreover, λgan,

λl1, λper in Equation (4.16), and the number of feature map channels C

are set to 5, 10, 10, and 128, respectively. The proposed BiGraphGAN is

implemented in PyTorch [120].

4.5 XingGAN Experiments

Datasets. We follow [98, 146, 234] and conduct experiments on two chal-

lenging datasets, i.e., Market-1501 [224] and DeepFashion [97]. Images

on Market-1501 and DeepFashion are rescaled to 128×64 and 256×256,

respectively. To generate human skeletons as training data, we employ

OpenPose [13] to extract human joints. In this way, both Ps and Pt con-
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Method
Market-1501 DeepFashion

SSIM IS Mask-SSIM Mask-IS PCKh SSIM IS PCKh
PG2 [98] 0.253 3.460 0.792 3.435 - 0.762 3.090 -
DPIG [99] 0.099 3.483 0.614 3.491 - 0.614 3.228 -
PoseGAN [146] 0.290 3.185 0.805 3.502 - 0.756 3.439 -
C2GAN [164] 0.282 3.349 0.811 3.510 - - - -
BTF [2] - - - - - 0.767 3.220 -
PG2∗ [98] 0.261 3.495 0.782 3.367 0.73 0.773 3.163 0.89
PoseGAN∗ [146] 0.291 3.230 0.807 3.502 0.94 0.760 3.362 0.94
VUnet∗ [36] 0.266 2.965 0.793 3.549 0.92 0.763 3.440 0.93
Pose-Transfer∗ [234] 0.311 3.323 0.811 3.773 0.94 0.773 3.209 0.96
XingGAN (Ours) 0.313 3.506 0.816 3.872 0.93 0.778 3.476 0.95
Real Data 1.000 3.890 1.000 3.706 1.00 1.000 4.053 1.00

Table 4.1: Quantitative results on Market-1501 and DeepFashion. For all metrics, higher
is better. (∗) denotes the results tested on our testing set.

sist of an 18-channel heat map encoding the positions of 18 joints of a

human body. We also filter out images where no human is detected. Thus,

we collect 101,966 training pairs and 8,570 testing pairs on DeepFashion.

For Market-1501, we have 263,632 training and 12,000 testing pairs. Note

that to better evaluate the proposed XingGAN, the person identities of the

training set do not overlap with those of the testing set.

Evaluation Metrics. We follow [98, 146, 234] and adopt Structure Simi-

larity (SSIM) [191], Inception Score (IS) [139], and their masked versions,

i.e., Mask-SSIM and Mask-IS, as the evaluation metrics. Moreover, we

adopt the PCKh score proposed in [234] to explicitly assess the shape con-

sistency.

4.5.1 State-of-the-Art Comparisons

Quantitative Comparisons. We compare the proposed XingGAN with

several leading person image generation methods, i.e., PG2 [98], DPIG [99],

VUnet [36], PoseGAN [146], C2GAN [164], BTF [2] and Pose-Transfer [234].

Quantitative results measured by SSIM, IS, Mask-SSIM, Mask-IS, and

PCKh metrics are shown in Table 4.1. Note that previous works [98,
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Figure 4.7: Qualitative comparison with PG2 [98], VUnet [36], PoseGAN [146] and Pose-
Transfer [234] on Market-1501.

146] did not release the train/test split, thus we use their well-trained

models and re-evaluate their performance on our testing set as in Pose-

Transfer [234]. Although our testing set inevitably includes some of their

training samples, the proposed XingGAN still achieves the best results in

terms of SSIM, IS, Mask-SSIM, and Mask-IS metrics on both datasets.

For the PCKh metric, [234] obtains slightly better results than XingGAN.

However, we observe that the images generated by XingGAN are more

realistic and have less visual artifacts than those generated by [234] (see

Figures 4.7 and 4.8).

Qualitative Comparisons. Results compared with PG2 [98], VUnet [36]

and PoseGAN [146] are shown on the left of Figures 4.7 and 4.8. We

can see that the proposed XingGAN achieves much better results than

PG2, VUnet, and PoseGAN on both datasets, especially at appearance

details and the integrity of generated persons. Moreover, to evaluate the
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Figure 4.8: Qualitative comparison with PG2 [98], VUnet [36], PoseGAN [146] and Pose-
Transfer [234] on DeepFashion.

effectiveness of XingGAN, we compare it with a stronger baseline, i.e.,

Pose-Transfer [234]. Results are shown on the right of Figures 4.7 and 4.8.

We can see that XingGAN also generates much better person images having

fewer visual artifacts than Pose-Transfer. For instance, Pose-Transfer [234]

always generates a lot of visual artifacts in the background as shown in

Figure 4.8.

Human Evaluation. We follow the evaluation protocol of [98, 146, 234]

and recruited 30 volunteers to conduct a user study. Participants were

shown a sequence of images and asked to give an instant judgment about

each image within a second. Specifically, we randomly select 55 real and 55

fake images (generated by our model) and shuffle them. The first 10 of them

are used for practice and the remaining 100 images are used for evaluation.

Results compared with PG2 [98], PoseGAN [146], Pose-Transfer [234] and

C2GAN [164] are shown in Table 4.2. We observe that the proposed Xing-

GAN achieves the best results on all measurements compared with the
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Method
Market-1501 DeepFashion

R2G G2R R2G G2R
PG2 [98] 11.2 5.5 9.2 14.9
PoseGAN [146] 22.67 50.24 12.42 24.61
C2GAN [164] 23.20 46.70 - -
Pose-Transfer [234] 32.23 63.47 19.14 31.78
XingGAN (Ours) 35.28 65.16 21.61 33.75

Table 4.2: User study of person image generation (%). R2G means the percentage of real
images rated as generated w.r.t. all real images. G2R means the percentage of generated
images rated as real w.r.t. all generated images. The results of other methods are reported
from their papers.

leading methods, further validating that the generated images by our model

are more sharp and photo-realistic.

4.5.2 Ablation Study

Variants of XingGAN. We conduct extensive ablation studies on Market-

1501 [224] to evaluate different components of our XingGAN. XingGAN

has four baselines as shown in Table 4.3: (i) ‘SA’ means only using the pro-

posed Shape-guided Appearance-based generation branch. (ii) ‘AS’ means

only adopting the proposed Appearance-guided Shape-based generation

branch. (iii) ‘SA+AS’ combines both branches to produce the final person

images. (iv) ‘SA+AS+CAF’ is our full model and employs the proposed

Co-Attention Fusion module.

Effect of Dual-Branch Generation. The results of the ablation study

are shown in Table 4.3. We see that the proposed SA branch achieves

only 0.239 and 0.768 in SSIM and Mask-SSIM, respectively. When we

only use the proposed AS branch, the values of SSIM and Mask-SSIM are

improved to 0.286 and 0.798, respectively. Thus we conclude that the AS

branch is more effective than the SA branch for generating photo-realistic

person images. The AS branch takes the person poses as input and aims

to learn person appearance representations, while the SA branch takes the
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Figure 4.9: Ablation study of the proposed XingGAN on Market-1501. (left) Results of
different variants of the proposed XingGAN. (right) Results of varying the number of the
proposed Xing blocks. ‘B’ stands for the proposed Xing Blocks.

Variants of XingGAN IS Mask-IS SSIM Mask-SSIM
SA 3.849 3.645 0.239 0.768
AS 3.796 3.810 0.286 0.798
SA + AS 3.558 3.807 0.310 0.807
SA + AS + CAF (Full) 3.506 3.872 0.313 0.816

Table 4.3: Quantitative comparison of different variants of the proposed XingGAN on
Market-1501. For all metrics, higher is better. ‘SA’, ‘AS’ and ‘CAF’ stand for the proposed
SA branch, AS branch and co-attention fusion module, respectively.

person image as input and targets to learn person shape representations.

Learning the appearance representations is much easier than learning the

shape representations since there are shape deformations between the input

person image and the desired person image, leading the AS branch to

achieve better results than the SA branch.

Next, when adopting the combination of the proposed SA and AS

branches, the performance in terms of SSIM and Mask-SSIM further boosts.

However, the results in terms of IS and Mask-IS do not decline too much.

Moreover, Figure 4.9 (left) shows some qualitative examples of the abla-

tion study. We observe that the visualization results of ‘SA’, ‘AS’, and
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Figure 4.10: Visualization of intermediate results and co-attention maps generated by the
proposed XingGAN on Market-1501. We randomly show four intermediate results, the
corresponding four co-attention maps and the input attention map. Attention maps are
normalized for better visualization.

‘SA+AS’ are consistent with the quantitative results. Therefore, both

quantitative and qualitative results confirm the effectiveness of the pro-

posed dual-branch generation strategy.

Effect of Co-Attention Fusion. ‘SA+AS+CAF’ outperforms the ‘SA+AS’

baseline with around 0.065, 0.003, and 0.009 gain on Mask-IS, SSIM, and

Mask-SSIM, respectively. This means that the proposed co-attention fu-

sion model indeed learns more correlations between the appearance and

shape representations for generating the targeted person images, confirm-

ing our design motivation. Moreover, the proposed CAF module obviously

improves the quality of the visualization results, as shown in the column

‘Full’ of Figure 4.9.

Lastly, we show the learned co-attention maps and the generated inter-

mediate results. These co-attention maps are complementary, which could

be qualitatively verified by visualizing the results in Figure 4.10. It is clear

that they have learned different activated content between the generated

intermediate results and the input image for generating the final person

images.

Effect of The Xing Generator. The proposed Xing generator has two

important network designs. One is the carefully designed Xing block, con-
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Method IS Mask-IS SSIM Mask-SSIM
Xing Generator (1 blocks) 3.378 3.713 0.310 0.812
Xing Generator (3 blocks) 3.241 3.866 0.316 0.813
Xing Generator (5 blocks) 3.292 3.860 0.313 0.812
Xing Generator (7 blocks) 3.293 3.871 0.310 0.810
Xing Generator (9 blocks) 3.506 3.872 0.313 0.816
Xing Generator (11 blocks) 3.428 3.712 0.286 0.793
Xing Generator (13 blocks) 3.708 3.679 0.257 0.774
Resnet Generator (5 blocks) 3.236 3.807 0.297 0.802
Resnet Generator (9 blocks) 3.077 3.862 0.301 0.802
Resnet Generator (13 blocks) 3.134 3.731 0.300 0.797
PATN Generator (5 blocks) 3.273 3.870 0.309 0.809
PATN Generator (9 blocks) 3.323 3.773 0.311 0.811
PATN Generator (13 blocks) 3.274 3.797 0.314 0.808

Table 4.4: Quantitative comparison and ablation study of the proposed Xing generator
on Market-1501. For all metrics, higher is better.

sisting of two sub-blocks, i.e., SA block and AS block. The Xing blocks

jointly model both shape and appearance representations in a crossing way

and enjoying the mutually improved benefits from each other. The other

one is the cascaded network design, which deals with the complex and

deformable translation problem progressively. Thus, we further conduct

two experiments, one is to show the advantage of the progressive genera-

tion strategy by varying the number of the proposed Xing blocks, and the

other is to explore the advantage of the Xing block by replacing it with

the residual block [60] and PATB [234] resulting in two generators named

Resnet generator and PATN generator in Table 4.4, respectively.

Quantitative and qualitative results are shown in Table 4.4 and Figure

4.9 (right). We observe that the proposed Xing generator with 9 blocks

works the best. However, increasing the number of blocks further reduces

generation performance. This could be attributed to the proposed Xing

block. Only a few blocks are needed to capture the useful appearance and

shape representations and the connection between them. Thus, we adopt 9

Xing blocks as default in our experiments for both datasets. Moreover, we
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Method
Market-1501 DeepFashion

SSIM IS Mask-SSIM Mask-IS PCKh SSIM IS PCKh
PG2 [98] 0.253 3.460 0.792 3.435 - 0.762 3.090 -
DPIG [99] 0.099 3.483 0.614 3.491 - 0.614 3.228 -
Deform [146] 0.290 3.185 0.805 3.502 - 0.756 3.439 -
C2GAN [164] 0.282 3.349 0.811 3.510 - - - -
BTF [2] - - - - - 0.767 3.220 -
PG2∗ [98] 0.261 3.495 0.782 3.367 0.73 0.773 3.163 0.89
Deform∗ [146] 0.291 3.230 0.807 3.502 0.94 0.760 3.362 0.94
VUnet∗ [36] 0.266 2.965 0.793 3.549 0.92 0.763 3.440 0.93
PATN∗ [234] 0.311 3.323 0.811 3.773 0.94 0.773 3.209 0.96
BiGraphGAN 0.325 3.329 0.818 3.695 0.94 0.778 3.430 0.97
Real Data 1.000 3.890 1.000 3.706 1.00 1.000 4.053 1.00

Table 4.5: Quantitative comparison of different methods on Market-1501 and DeepFash-
ion. For all metrics, higher is better. (∗) denotes the results tested on our testing set.

see that the proposed Xing generator with only 5 Xing blocks outperforms

both ResNet and PATN generators with 13 blocks on most metrics, which

further certifies that our Xing generator has a good appearance and shape

modeling capabilities with a very few blocks.

4.6 BiGraphGAN Experiments

Datasets. We follow previous works [98, 146, 234] and conduct extensive

experiments on two public datasets, i.e., Market-1501 [224] and DeepFash-

ion [97]. Specifically, we adopt the train/test split used in [234, 156] for a

fair comparison. In addition, images are resized to 128×64 and 256×256

on Market-1501 and DeepFashion, respectively.

Evaluation Metrics. We follow [98, 146, 234] and employ Inception score

(IS) [139], Structure Similarity (SSIM) [191] and their masked versions

(i.e., Mask-IS and Mask-SSIM) as our evaluation metrics to quantitatively

measure the quality of the generated images by different approaches. More-

over, we employ the PCKh score proposed in [234] to explicitly evaluate

the shape consistency of the generated person images.
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Figure 4.11: Qualitative comparisons of different methods on Market-1501.

4.6.1 State-of-the-Art Comparisons

Quantitative Comparisons. We compare BiGraphGAN with several

leading person image synthesis methods, i.e., PG2 [98], DPIG [99], De-

form [146, 145], C2GAN [164], BTF [2], VUnet [36], and PATN [234].

Quantitative comparison results are shown in Table 4.5, we can see that the

proposed method achieves the best results on most metrics such as SSIM,

Mask-SSIM and PCKh on Market-1501, and SSIM and PCKh on Deep-

Fashion. For other metrics such as IS, the proposed method still achieves

better results than the most related model PATN on both datasets. These

results validate the effectiveness of our method.

Qualitative Comparisons. We also provide visualization comparison

results on both datasets in Figures 4.11 and 4.12. As shown in the left

of both figures, the proposed BiGraphGAN generates remarkably better

results than PG2 [98], VUnet [36] and Deform [146] on both datasets.
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Figure 4.12: Qualitative comparisons of different methods on DeepFashion.

Method
Market-1501 DeepFashion

R2G G2R R2G G2R
PG2 [98] 11.20 5.50 9.20 14.90
Deform [146] 22.67 50.24 12.42 24.61
C2GAN [164] 23.20 46.70 - -
PATN [234] 32.23 63.47 19.14 31.78
BiGraphGAN 35.76 65.91 22.39 34.16

Table 4.6: Quantitative comparison of user study (%) on Market-1501 and DeepFashion.
‘R2G’ and ‘G2R’ represent the percentage of real images rated as fake w.r.t. all real
images, and the percentage of generated images rated as real w.r.t. all generated images,
respectively.

To further evaluate the effectiveness of the proposed method, we com-

pare the proposed BiGraphGAN with the most state-of-the-art model, i.e.,

PATN [234], in the right of both figures. We still observe that our pro-

posed BiGraphGAN generates more clear and visually plausible person

images than PATN on both datasets.

User Study. We also follow [98, 146, 234] and conduct a user study to

evaluate the quality of the generated images. Specifically, we follow the
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Baselines of BiGraphGAN SSIM ↑ Mask-SSIM ↑

B1: Our Baseline 0.305 0.804
B2: B1 + B2A 0.310 0.809
B3: B1 + A2B 0.310 0.808
B4: B1 + A2B + B2A (Sharing) 0.322 0.813
B5: B1 + A2B + B2A (Non-Sharing) 0.324 0.813
B6: B5 + AIF 0.325 0.818

Table 4.7: Ablation study of the proposed BiGraphGAN on Market-1501. For both
metrics, higher is better.

evaluation protocol used in [234] for a fair comparison. Comparison results

of different methods are shown in Table 4.6, we can see that the proposed

method achieves the best results on all metrics, which further validates

that the generated images by the proposed BiGraphGAN are more photo-

realistic.

4.6.2 Ablation Study

Baselines of BiGraphGAN. We perform extensive ablation studies to

validate the effectiveness of each component of the proposed BiGraphGAN

on Market-1501. The proposed BiGraphGAN has 6 baselines (i.e., B1, B2,

B3, B4, B5, B6) as shown in Table 4.7 and Figure 4.13 (left). B1 is our

baseline. B2 uses the proposed B2A branch for modeling the crossing

relations from the target pose to the source pose. B3 adopts the proposed

A2B branch to model the crossing relations from the source pose to the

target pose. B4 uses the combination of both A2B and B2A branches to

model the crossing relations between the source pose and the target pose.

Note that both GCNs in B4 are sharing the parameters. B5 employs a non-

sharing strategy between the two GCNs to model the crossing relations. B6

employs the proposed AIF module to make the graph generator attentively

select which part is more useful for generating the final person image.

Ablation Analysis. The results of the ablation study are shown in Table
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Figure 4.13: (left) Qualitative comparisons of ablation study on Market-1501. (right)
Visualization of the learned attention masks and intermediate results.

4.7 and Figure 4.13 (left). We observe that both B2 and B3 achieve sig-

nificantly better results than B1, which proves our initial motivation that

modeling the crossing relations between the source pose and the target

pose in a bipartite graph will boost the generation performance. In addi-

tion, we see that B4 performs better than B2 and B3, demonstrating the

effectiveness of modeling the symmetric relations between the source and

target poses. B5 achieves better results than B4, which means that two

GCNs are constructed separately to model the symmetric relations will im-

prove the generation performance in the joint network. B6 is better than

B5, which clearly proves the effectiveness of the proposed attention-based

image fusion strategy.

Moreover, we show several examples of the learned attention masks and

intermediate results in Figure 4.13 (right) We can see that the proposed

module attentively selects useful content from both the input image and

intermediate result to generate the final result, thus verifying our design

motivation.
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4.7 Conclusion

We propose a novel XingGAN for the challenging person image generation

task. It uses cascaded guidance with two different generation branches,

and learns a deformable translation mapping from both person shape and

appearance features. Moreover, we propose two novel blocks to effectively

update person shape and appearance features in a crossing way. Extensive

experiments based on human judgments and automatic evaluation metrics

show that XingGAN achieves new state-of-the-art results on two challeng-

ing datasets. Lastly, we believe that the proposed blocks and the XingGAN

framework can be easily extended to address other GAN-based generation

and even multi-modality fusion tasks.

We also propose a novel Bipartite Graph Reasoning GAN (BiGraph-

GAN) framework for the challenging person image generation task. We in-

troduce two novel blocks, i.e., Bipartite Graph Reasoning (BGR) block and

Interaction-and-Aggregation (IA) block. The first is employed to model the

crossing long-range relations between the source pose and the target pose

in a bipartite graph. The second block is used to interactively enhance

both person’s shape and appearance features. Extensive experiments of

both human judgments and automatic evaluation demonstrate that the

proposed BiGraphGAN achieves remarkably better performance than the

state-of-the-art approaches.

In next chapter, we will introduce a novel SelectionGAN for guided

image-to-image translation task, which explores cascaded semantic guid-

ance with a coarse-to-fine inference, and aims at producing a more detailed

synthesis from richer and more diverse multiple intermediate generations.
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Chapter 5

SelectionGAN

We propose a novel model named Multi-Channel Attention Selection Gen-

erative Adversarial Network (SelectionGAN) for guided image-to-image

translation, where we translate an input image into another while re-

specting an external semantic guidance. The proposed SelectionGAN ex-

plicitly utilizes the semantic guidance information and consists of two

stages. In the first stage, the input image and the conditional seman-

tic guidance are fed into a cycled semantic-guided generation network to

produce initial coarse results. In the second stage, we refine the initial

results by using the proposed multi-scale spatial pooling & channel se-

lection module and the multi-channel attention selection module. More-

over, uncertainty maps automatically learned from attention maps are

used to guide the pixel loss for better network optimization. Exhaustive

experiments on four challenging guided image-to-image translation tasks

(face, hand, body, and street view) demonstrate that our SelectionGAN

is able to generate significantly better results than the state-of-the-art

methods. Meanwhile, the proposed framework and modules are unified

solutions and can be applied to solve other generation tasks such as se-

mantic image synthesis. The source code and trained models are available

at https://github.com/Ha0Tang/SelectionGAN.
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5.1 Introduction

Guided image-to-image translation is a task aiming at synthesizing new

images from an input image and several external semantic guidance. This

task has been gaining a lot interest especially from the computer vision

community, and has been widely investigated in recent years. Due to dif-

ferent forms of semantic guidance, e.g., segmentation maps, hand skeletons,

facial landmarks, and pose skeleton, most of the existing methods for this

class of tasks are tailored toward specific applications, i.e., they need to

specifically design the network architectures and training objectives ac-

cording to different generation tasks. For example, Ma et al. propose

PG2 [98], which is a two-stage framework and uses the pose mask loss

for generating person images based on an image of that person and hu-

man pose keypoints. Tang et al. propose GestureGAN [163], which is a

forward-backward consistency architecture and adopt the proposed color

loss to generate novel hand gesture images based on the input image and

conditional hand skeletons. Wang et al. propose the few-shot Vid2Vid

framework [183], which uses the carefully designed weight generation mod-

ule to synthesize videos that realistically reflect the style of the input image

and the layout of conditional segmentation maps.

Different from previous works in guided image-to-image translation,

in this paper, we focus on developing a framework that is application-

independent. This makes our framework and modules more widely appli-

cable to many generation tasks with different forms of semantic guidance.

To tackle this challenging problem, AlBahar and Huang [2] recently pro-

pose a bi-directional feature transformation to better utilize the constraints

of the semantic guidance. Although this approach performs an interest-

ing exploration, we observe unsatisfactory aspects mainly in the generated

image layout and content details, which are due to three different reasons.
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Figure 5.1: Overview of the proposed SelectionGAN. Stage I presents a cycled semantic-
guided generation sub-network which accepts both the input image Ia and the conditional
semantic guidance Sg, and simultaneously synthesizes the target image I

′
g and reconstructs

the semantic guidance S
′
g. Stage II takes the input image Ia, the coarse prediction I

′
g, and

the learned deep features (Fi and Fs) from stage I, and performs a fine-grained generation
using the proposed multi-scale spatial pooling & channel selection and the multi-channel
attention selection modules. c○ denotes channel-wise concatenation.

First, since it is always costly to obtain manually annotated semantic guid-

ance, the semantic guidance is usually produced from pre-trained models

trained on other large-scale datasets, e.g., pose skeletons are extracted us-

ing OpenPose [4] and segmentation maps are extracted using [90, 226],

leading to insufficiently accurate predictions for all the pixels, and thus

misguiding the image generation process. Second, we argue that the trans-

lation with a single phase generation network is not able to capture the

complex image structural relationships between the source and target do-

mains, especially when source and target domains only have little or even

no overlap, e.g., person image generation [98, 156], and cross-view image

translation [165, 133]. Third, a three-channel generation space may not

be suitable enough for learning a good mapping for this complex synthesis

problem. Given these problems, could we enlarge the generation space and

learn an automatic selection mechanism to synthesize more fine-grained

generation results?

Based on these observations, in this paper, we propose a novel Multi-

Channel Attention Selection Generative Adversarial Network (Selection-

123



5.1. INTRODUCTION CHAPTER 5. SELECTIONGAN

GAN), which contains two generation stages. The overall framework of

the proposed SelectionGAN is shown in Figure 5.1. In the first stage,

we learn a cycled image-guidance generation sub-network, which accepts

a pair consisting of an image and the conditional semantic guidance, and

generates target images, which are further fed into a semantic guidance

generation network to reconstruct the input semantic guidance. This cy-

cled guidance generation adds stronger supervision between the image and

guidance domains, facilitating the optimization of the network.

The coarse outputs from the first generation network, including the in-

put image, together with the deep feature maps from the last layer, are

input into the second stage networks. We first employ the proposed multi-

scale spatial pooling & channel selection module to enhance the multi-

scale features in both spatial and channel dimensions. Next, several in-

termediate outputs are produced, and simultaneously we learn a set of

multi-channel attention maps with the same number as the intermediate

generations. These attention maps are used to spatially select from the

intermediate generations, and are combined to synthesize a final output.

Finally, to overcome the inaccurate semantic guidance issue, the multi-

channel attention maps are further used to generate uncertainty maps

to guide the reconstruction loss. Through extensive experimental eval-

uations, we demonstrate that SelectionGAN produces remarkably better

results than the existing baselines on four different guided image-to-image

translation tasks, i.e., segmentation map guided cross-view image transla-

tion, hand skeleton guided gesture-to-gesture translation, facial landmark

guided expression-to-expression translation, and pose guided person im-

age generation. Moreover, the proposed framework and modules can be

applied to other generation tasks such as semantic image synthesis.

Overall, the contributions of this paper are as follows:

• A novel Multi-Channel Attention Selection GAN (SelectionGAN) for
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guided image-to-image translation task is presented. It explores cas-

caded semantic guidance with a coarse-to-fine inference, and aims at

producing a more detailed synthesis from richer and more diverse mul-

tiple intermediate generations.

• A novel multi-scale spatial pooling & channel selection module is pro-

posed, which is utilized to automatically enhance the multi-scale fea-

ture representation in both spatial and channel dimensions.

• A novel multi-channel attention selection module is proposed, which is

utilized to attentively select interested intermediate generations and is

able to significantly boost the quality of the final output. The multi-

channel attention module also effectively learns uncertainty maps to

guide the pixel loss for more robust optimization.

• Extensive experiments clearly demonstrate the effectiveness of the pro-

posed SelectionGAN, and show state-of-the-art results on four guided

image-to-image translation (including face, hand, body, and street

view) tasks. Moreover, we show the proposed SelectionGAN is effec-

tive on other generation tasks such as semantic image synthesis.

Part of the material presented here appeared in [165]. The current

paper extends [165] in several ways. (1) We present a more detailed anal-

ysis of related works by including recently published works dealing with

guided image-to-image translation. (2) We propose a novel module, i.e.,

multi-scale channel selection, to automatically enhance the multi-scale fea-

ture representation in the feature channel dimension. Equipped with this

new module, our SelectionGAN proposed in [165] is upgraded to Selection-

GAN++. (3) We extent the proposed framework to a more robust and

general framework for handling different guided image-to-image transla-

tion tasks. (4) We extend the quantitative and qualitative experiments by

comparing our SelectionGAN and SelectionGAN++ with the very recent

works on four guided image-to-image translation tasks and one semantic
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image synthesis task with 11 public datasets.

5.2 Related Work

Generative Adversarial Networks (GANs) [41] have shown the ca-

pability of generating high-quality images [63]. A vanilla GAN model [41]

has two important components: a generator G and a discriminator D.

The goal of G is to generate photo-realistic images from a noise vector,

while D is trying to distinguish between a real image and the image gen-

erated by G. Although it is successfully used in generating images of high

visual fidelity, there are still some challenges, i.e., how to generate images

in a conditional setting. To generate domain-specific images, Conditional

GANs (CGANs) [103] have been proposed. One specific application of

CGANs is image-to-image translation [55].

Image-to-Image Translation frameworks learn a parametric mapping

between inputs and outputs. For example, Isola et al. [55] propose Pix2pix,

which is a supervised model and uses a CGAN to learn a translation func-

tion from input to output image domains. Based on Pix2pix, Wang et

al. [184] propose Pix2pixHD, which can turn semantic maps into photo-

realistic images.

Our work builds upon the recent advances in image-to-image transla-

tion, i.e., Pix2pix, and aims to extend it to a broader set of guided image-

to-image translation problem, which provides users with more input. More-

over, the proposed multi-scale spatial pooling & channel selection and the

multi-channel attention selection modules are network-agnostic and can be

plugged into any existing GAN-based generation architectures.

Guided Image-to-Image Translation is a variant of image-to-image

translation problem aimed at translating an input image to a target image

while respecting certain constrains specified by some external guidance,
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such as class labels [25, 167, 162], text descriptions [78, 95], human key-

point/skeleton [163, 98, 159], segmentation maps [165, 133, 183, 154, 92,

169], and reference images [182, 2]. Given that different generation tasks

need different guidance information, existing works are tailored to a spe-

cific application, i.e., with specifically designed network architectures and

training objectives. For example, Ma et al. propose PG2 [98], which is

a two-stage framework and uses the pose mask loss for generating person

images based on an image of that person and human pose keypoints. Tang

et al. propose GestureGAN [163], which is a forward-backward consistency

architecture and adopt the proposed color loss to generate novel hand ges-

ture images based on the input image and conditional hand skeletons.

Wang et al. propose the few-shot Vid2Vid framework [183], which uses a

carefully designed weight generation module to synthesize videos that re-

alistically reflect the style of the input image and the layout of conditional

segmentation maps.

Compared to existing works in guided image-to-image translation, we

develop a unified and robust framework that is application-independent.

In this way, the proposed framework can be widely applied to many gen-

eration tasks with different forms of guidance such as scene segmentation

maps, hand skeletons, facial landmarks, and human body skeleton (see

Figure 1.2).

Attention Learning in Image-to-Image Translation. Attention learn-

ing has been extensively exploited in computer vision and natural language

processing, e.g., [196, 177, 29, 34, 33]. To improve the image generation

performance, the attention mechanism has also been recently investigated

in the image-to-image translation tasks [160, 66, 212, 166].

Unlike existing attention methods, we aim at a more effective network

design and propose a novel SelectionGAN, which allows to automatically

select from multiple diverse and rich intermediate generations, and thus sig-
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nificantly improving the generation quality. To the best of our knowledge,

our model is the first attempt to incorporate a multi-channel attention

selection module within a GAN framework for image-to-image translation

tasks.

5.3 Model Description

In this section we present the details of the proposed multi-channel at-

tention selection GAN. An illustration of the overall network structure is

depicted in Figure 5.1. In the first stage, we present a cascaded semantic-

guided generation sub-network, which utilizes the input image and the

conditional semantic guidance as inputs, and generate the target images

while respecting the semantic guidance.

These generated images are further input into a semantic guidance gen-

erator to recover the input guidance forming a generation cycle. In the

second stage, the coarse synthesis and the deep features from the first

stage are combined, and then are passed to the proposed multi-scale spa-

tial pooling & channel selection module to model the long-range multi-scale

dependencies between each channel of feature representations. Thus the

enhanced feature maps are fed to the proposed multi-channel attention se-

lection module, which aims at producing more fine-grained synthesis from

a larger generation space and also at generating uncertainty maps to jointly

guide multiple optimization losses.

5.3.1 Cascade Semantic-Guided Generation

Semantic-Guided Generation. We target to translate an input im-

age to another while respecting the semantic guidance. There are many

strategies to incorporate the additional semantic guidance into the image-

to-image translation model [2, 156] and the most straight forward scheme
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is input concatenation. Specifically, as shown in Figure 5.1, we concatenate

the input image Ia and the semantic guidance Sg, and feed them into the

image generator Gi and synthesize the target image I
′

g as I
′

g=Gi(Ia, Sg). In

this way, the semantic guidance provides stronger supervision to guide the

image-to-image translation in the deep network.

Semantic-Guided Cycle. Existing guided image-to-image translation

methods [98, 146, 2] only use semantic guidance as input to guide the im-

age generation process, which actually provide a weak guidance. Different

from theirs, we apply the semantic guidance not only as input but also

as part of the network’s output. Specifically, as shown in Figure 5.1, we

propose a cycled semantic guidance generation network to benefit more

the semantic guidance information in learning jointly. The conditional

semantic guidance Sg together with the input image Ia are input into

the image generator Gi, and produce the synthesized image I
′

g. Then

I
′

g is further fed into the semantic guidance generator Gs which recon-

structs a new semantic guidance S
′

g. We can formalize the process as

S
′

g=Gs(I
′

g)=Gs(Gi(Ia, Sg)). Then the optimization objective is to make

S
′

g as close as possible to Sg, which naturally forms a semantic guidance

generation cycle, i.e., [Ia, Sg]
Gi→ I

′

g
Gs→ S

′

g≈Sg. The two generators are

explicitly connected by the ground-truth semantic guidance, which in this

way provides extra constraints on the generators to better learn the seman-

tic structure consistency. We observe that the simultaneous generation of

both the images and the semantic guidance improves the generation per-

formance in our experiments section.

Cascade Generation. Due to the complexity of the tasks such as in pose

guided person image generation [98, 155, 156], input and output domains

usually have little overlap, which apparently leads to ambiguity issues in

the generation process. Moreover, we observe that the image generator Gi

outputs a coarse synthesis after the first stage, which yields blurred image
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details and high pixel-level dissimilarity with the target images. Both in-

spire us to explore a coarse-to-fine generation strategy in order to boost

the synthesis performance based on the coarse predictions. Cascade mod-

els have been used in several other computer vision tasks such as object

detection [15] and semantic segmentation [27], and have shown great effec-

tiveness. In this paper, we introduce the cascade strategy to deal with the

guided image-to-image translation problems. In both stages we have a ba-

sic cycled semantic guidance generation sub-network, while in the second

stage, we propose two novel multi-scale spatial pooling & channel selection

and multi-channel attention selection modules to better utilize the coarse

outputs from the first stage and to produce fine-grained final outputs. We

observed significant improvement by using the proposed cascade strategy,

illustrated in the experimental part.

5.3.2 Multi-Scale Spatial Pooling & Channel Selection

An overview of the proposed multi-scale spatial pooling & channel selection

module is shown in Figure 5.2. The module consists of a multi-scale spatial

pooling and a multi-scale channel selection components. In this way, the

proposed module can learn multi-scale deep feature interdependencies in

both spatial and channel dimensions.

Multi-Scale Spatial Pooling. Since there exists a large object/scene de-

formation between the source domain and the target domain, a single-scale

feature may not be able to capture all the necessary spatial information for

a fine-grained generation. Thus, we propose a multi-scale spatial pooling

scheme, which uses a set of different kernel sizes and strides to perform a

global average pooling on the same input features. By so doing, we ob-

tain multi-scale features with different receptive fields to perceive different

spatial contexts. More specifically, given the coarse inputs and the deep

features produced from the stage I, we first concatenate all of them as new
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features denoted as Fc∈RC×H×W for the stage II as:

Fc = concat(Ia, I
′

g, Fi, Fs), (5.1)

where concat(·) is a function for channel-wise concatenation operation; Fi

and Fs are features from the last convolution layers of the generators Gi and

Gs, respectively. H and W are width and height of the features, and C is

the number of channels. We apply a set of M spatial scales {si}Mi=1 in pool-

ing, resulting in pooled features with different spatial resolution. Different

from the pooling scheme used in [223] which directly combines all the fea-

tures after pooling, we first select each pooled feature via an element-wise

multiplication with the input feature. Since in our task the input features

are from different sources, highly correlated features would preserve more

useful information for the generation. Let us denote pl ups(·) as pooling

at a scale s followed by an up-sampling operation to rescale the pooled

feature at the same resolution, and ⊗ as element-wise multiplication, we

can formalize the whole process as follows:

Fm ← concat
(
Fc,Fc ⊗ pl up1(Fc), . . . ,Fc ⊗ pl upM(Fc)), (5.2)

which produces new multi-scale features Fm∈R4C×H×W (we set M=3 in our

experiments.) for the use in the next multi-scale channel selection module.

By doing so, the ‘level’ of features can be enriched by combining multiple

scale feature maps.

Multi-Scale Channel Selection. Each channel map of Fm can be

now regarded as a scale-specific response, and different scale feature maps

should be associated with each other. To exploit the interdependencies be-

tween each scale features of Fm, we propose a multi-scale channel selection

module to explicitly model interdependencies between channels of multi-

scale feature Fm. The structure of multi-scale channel selection module is
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Figure 5.2: Overview of the proposed multi-scale spatial pooling & channel selection
module. The multi-scale spatial pooling pools features from different receptive fields
in order to have a better generation of image details. The multi-scale channel selection
aims at automatically emphasizing interdependent channel maps by integrating associated
features among all multi-scale channel maps to improve deep feature representation. ⊕,
⊗, c○, s○ and ↑○ denote element-wise addition, element-wise multiplication, channel-wise
concatenation, softmax, and up-sampling operation, respectively.

illustrated in Figure 5.2.

The channel attention map A can be obtained from the multi-scale

feature Fm. More specific, Fm is first reshaped to R4C×HW , and then

a matrix multiplication is preformed between Fm and the transpose of

Fm. Next, we employ a Softmax activation function to obtain the channel

attention map A∈R4C×4C . Each pixel Aji in A measures the ith channel’s

impact on the jth channel. In this way, the correlation can be built between

features from different scales. Moreover, to reshape back to R4C×H×W , we

perform a matrix multiplication betweenA and the transpose of Fm. Then,

the result is multiplied by a parameter α and added to the original feature

Fm to obtain the channel-wise enhanced feature F ′

m∈R4C×H×W ,

F ′

m = α
4C∑
i=1

(AjiFmi) + Fmj. (5.3)

By doing so, each channel in the final feature F ′

m is a weighted sum of all
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Figure 5.3: Overview of the proposed multi-channel attention selection module. This
module aims to automatically select from a set of intermediate diverse generations in
a larger generation space to improve the generation quality. Meanwhile, the module
also effectively learns uncertainty maps to guide the pixel loss for robust joint images
and guidances optimization. ⊕, ⊗ and c○ denote element-wise addition, element-wise
multiplication, and channel-wise concatenation, respectively.

channels and it models the long-range dependencies between multi-scale

feature maps. Finally, the enhanced feature F ′

m is fed into a convolutional

layer to obtain F ′

c∈RC×H×W , which has the same size as the original one

Fc. This design ensures that the proposed multi-scale spatial pooling &

channel selection module can be plugged into existing computer vision

architectures.

5.3.3 Multi-Channel Attention Selection

In previous image-to-image translation works, the image was generated

only in a three-channel RGB space. We argue that this is not enough for

the complex translation problem we are dealing with, and thus we explore

using a larger generation space to have a richer synthesis via constructing

multiple intermediate generations. Accordingly, we design a multi-channel

attention mechanism to automatically perform spatial and temporal selec-

tion from the generations to synthesize a fine-grained final output.
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Given the enhanced multi-scale feature volume F ′

c∈RC×H×W , where H

and W are width and height of the features, and C is the number of chan-

nels, we consider two directions as shown in Figure 5.3. One is for the

generation of multiple intermediate image synthesis and the other is for

the generation of multi-channel attention maps. To produce N different

intermediate generations IG={I iG}Ni=1, a convolution operation is performed

with N convolutional filters {W i
G, b

i
G}Ni=1 followed by a tanh(·) non-linear

activation operation. For the generation of corresponding N attention

maps, the other group of filters {W i
A, b

i
A}Ni=1 is applied. Then the interme-

diate generations and the attention maps are calculated as follows:

I iG = tanh(F ′

cW
i
G + biG), for i = 1, . . . , N

I iA = Softmax(F ′

cW
i
A + biA), for i = 1, . . . , N

(5.4)

where Softmax(·) is a channel-wise softmax function used for the nor-

malization. Finally, the learned attention maps are utilized to perform

channel-wise selection from each intermediate generation as follows:

I
′′

g = (I1
A ⊗ I1

G)⊕ · · · ⊕ (INA ⊗ ING ) (5.5)

where I
′′

g represents the final synthesized generation selected from the mul-

tiple diverse results, and ⊕ denotes the element-wise addition. We also

generate a final semantic guidance in the second stage as in the first stage,

i.e., S
′′

g=Gs(I
′′

g ). Due to the same purpose of the two semantic guidance

generators, we use a single Gs twice by sharing the parameters in both

stages to reduce the network capacity.

Uncertainty-Guided Pixel Loss. As we discussed in the introduction,

the semantic guidance obtained from the pretrained model is not accurate

for all the pixels, leading to a wrong guidance during training. To tackle

this issue, we propose to learn uncertainty maps to control the optimization
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loss as shown in Figure 5.3. The uncertainty learning has been investigated

in [64] for multi-task learning, and here we introduce it for solving the noisy

semantic guidance problem. Assume that we have K different loss maps

which need a guidance. The multiple generated attention maps are first

concatenated and passed to a convolution layer with K filters {W i
u}Ki=1 to

produce a set of K uncertainty maps. The reason for using the attention

maps to generate uncertainty maps is that the attention maps directly

affect the final generation leading to a close connection with the loss. Let

Lip denote a pixel-level loss map and Ui denote the i-th uncertainty map,

we have:
Ui = σ

(
W i

u(concat(I1
A, . . . , I

N
A ) + biu

)
Lip ←

Lip
Ui

+ logUi, for i = 1, . . . , K
(5.6)

where σ(·) is a Sigmoid function for pixel-level normalization. The un-

certainty map is automatically learned and acts as a weighting scheme to

control the optimization loss.

Parameter-Sharing Discriminator. We extend the vanilla discrimina-

tor in [55] to a parameter-sharing structure. In the first stage, this structure

takes the real image Ia and the generated image I
′

g or the ground-truth im-

age Ig as input. The discriminator D learns to tell whether a pair of images

from different domains is associated with each other or not. In the second

stage, it accepts the real image Ia and the generated image I
′′

g or the real

image Ig as inputs. This pairwise input encourages D to discriminate the

diversity of image structure and to capture the local-aware information.

5.3.4 Optimization Objective

Adversarial Loss. In the first stage, the adversarial loss of D for dis-

tinguishing synthesized image pairs [Ia, I
′

g] from real image pairs [Ia, Ig] is
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formulated as follows:

LcGAN(Ia, I
′

g) = EIa,Ig [logD(Ia, Ig)] + EIa,I ′g
[
log(1−D(Ia, I

′

g))
]
. (5.7)

In the second stage, the adversarial loss of D for distinguishing synthesized

image pairs [Ia, I
′′

g ] from real image pairs [Ia, Ig] is formulated as follows:

LcGAN(Ia, I
′′

g )=EIa,Ig [logD(Ia, Ig)] + EIa,I ′′g
[
log(1−D(Ia, I

′′

g ))
]
. (5.8)

Both losses aim to preserve the local structure information and produce

visually pleasing synthesized images. Thus, the adversarial loss of the

proposed SelectionGAN is the sum of Equations (5.7) and (5.8),

LcGAN = LcGAN(Ia, I
′

g) + λLcGAN(Ia, I
′′

g ). (5.9)

Overall Loss. The total optimization loss is a weighted sum of the above

losses. Generators Gi, Gs, multi-scale spatial pooling & channel selection

module Gm, multi-channel attention selection network Ga, and discrim-

inator D are trained in an end-to-end fashion optimizing the following

min-max function:

min
{Gi,Gs,Gm,Ga}

max
{D}
L =

4∑
i=1

λiLip + LcGAN + λtvLtv. (5.10)

where Lip uses the L1 reconstruction to separately calculate the pixel loss

between the generated four images/guidances (i.e., I
′

g, S
′

g, I
′′

g , and S
′′

g ) and

the corresponding real images/guidances. Ltv is the total variation regular-

ization [60] on the final synthesized image I
′′

g . λi and λtv are the trade-off

parameters to control the relative importance of different objectives. The

training is performed by solving the min-max optimization problem.
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5.3.5 Implementation Details

Network Architecture. For a fair comparison, we employ U-Net [55]

as our generator architectures Gi and Gs. U-Net is a network with skip

connections between a down-sampling encoder and an up-sampling de-

coder. Such architecture comprehensively retains contextual and textural

information, which is crucial for removing artifacts and padding textures.

Since our focus is on the image generation task, Gi is more important than

Gs. Thus we use a deeper network for Gi and a shallow network for Gs.

Specifically, the filters in first convolutional layer of Gi and Gs are 64 and

4, respectively. For the network Ga, the kernel size of convolutions for

generating the intermediate images and attention maps are 3×3 and 1×1,

respectively. We adopt PatchGAN [55] for the discriminator D.

Training Details. We mainly focus on four guided image-to-image trans-

lation tasks in this paper. For cross-view image translation, we follow [133]

and use RefineNet [90] and [226] to generate segmentation maps on Day-

ton, SVA, and Ego2Top datasets as training data, respectively. For facial

expression generation, we follow [164] and use OpenFace [4] to extract fa-

cial landmarks on Radboud Faces dataset as training data. For both hand

gesture generation and human pose generation tasks, we follow [163, 98]

and employ OpenPose [13] as pose joints detector and filter out images

where no human hand and body are detected in the associated datasets.

We follow the optimization method in [41] to optimize the proposed Se-

lectionGAN, i.e., one gradient descent step on discriminator and generators

alternately. We first train Gi, Gs, Gm, Ga with D fixed, and then train

D with Gi, Gs, Gm, Ga fixed. The proposed SelectionGAN is trained and

optimized in an end-to-end fashion. We employ Adam [68] with momen-

tum terms β1=0.5 and β2=0.999 as our solver. In our experiments, we set

λtv=1e−6, λ1=100, λ2=1, λ3=200 and λ4=2 in Equation (5.10), and λ=4
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in Equation (5.9). The number of attention channels N in Equation (5.4)

is set to 10.

5.4 Experiments

We conduct extensive experiments on a variety of guided image-to-image

translation tasks such as segmentation map guided cross-view image trans-

lation, facial landmark guided expression-to-expression translation, hand

skeleton guided gesture-to-gesture translation, and pose skeleton guided

person image generation. Moreover, to explore the generality of the pro-

posed SelectionGAN on other generation tasks, we conduct experiments

on the challenging semantic image synthesis task.

5.4.1 Cross-View Image Translation

Datasets. We follow [133, 134, 165] and perform experiments on four

public cross-view image translation datasets: 1) The Dayton dataset [179]

contains 76,048 images and the train/test split is 55,000/21,048. The im-

ages in the original dataset have 354×354 resolution. We resize them to

256×256. 2) The CVUSA dataset [192] consists of 35,532/8,884 image

pairs in train/test split. Following [211, 133], the aerial images are center-

cropped to 224×224 and resized to 256×256. For the ground level images

and corresponding segmentation maps, we take the first quarter of both

and resize them to 256×256. 3) The Surround Vehicle Awareness (SVA)

dataset [116] is a synthetic dataset collected from Grand Theft Auto V

(GTAV) video game. Following [134], we select every tenth frame to re-

move redundancy in this dataset since the consecutive frames in each set

are very similar to each other. Thus, we collect 46,030/22,254 image pairs

for training and testing, respectively. 4) The Ego2Top dataset [6] is more

challenging and contains different indoor and outdoor conditions. Each
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# Setups of SelectionGAN SSIM ↑ PSNR ↑ SD ↑ FID ↓ Inception Score ↑
All Top-1 Top-5

A Ia
Gi→ I

′
g 0.4555 19.6574 18.8870 91.47 3.2359 2.1903 3.3110

B Sg
Gi→ I

′
g 0.5223 22.4961 19.2648 87.51 3.4849 2.2544 3.4217

C [Ia, Sg]
Gi→ I

′
g 0.5374 22.8345 19.2075 84.10 3.4478 2.2616 3.4668

D [Ia, Sg]
Gi→ I

′
g

Gs→ S
′
g 0.5438 22.9773 19.4568 82.81 3.1655 2.2561 3.2401

E D + Uncertainty-Guided Pixel Loss 0.5522 23.0317 19.5127 79.84 3.2741 2.2687 3.3063
F E + Multi-Channel Attention Selection 0.5989 23.7562 20.0000 75.57 3.3365 2.2749 3.4664
G F + Total Variation Regularization 0.6047 23.7956 20.0830 74.11 3.3172 2.1397 3.3509
H G + Multi-Scale Spatial Pooling 0.6167 23.9310 20.1214 72.23 3.4978 2.1880 3.4786

Table 5.1: Ablations study of the proposed SelectionGAN.

case contains one top-view video and several egocentric videos captured

by the people visible in the top-view camera. This dataset has more than

230,000 frames. For training data, we follow [165] and randomly select

386,357 pairs and each pair is composed of two images of the same scene

but different viewpoints. We randomly select 25,600 pairs for evaluation.

Parameter Settings. For a fair comparison, we adopt the same training

setup as in [55, 133]. All images are scaled to 256×256, and we enabled

image flipping and random crops for data augmentation. Similar to [133],

the experiments for Dayton are trained for 35 epochs with batch size of

4. For CVUSA, we follow the same setup as in [211, 133], and train our

network for 30 epochs with batch size of 4. For Ego2Top, all models are

trained with 10 epochs using batch size 8. For SVA, all models are trained

with 20 epoch using batch size 4.

Evaluation Metrics. Similar to [133, 165], we employ Inception Score [139],

top-k prediction accuracy, KL score, and Fréchet Inception Distance (FID) [48]

for the quantitative analysis. These metrics evaluate the generated images

from a high-level feature space. We also employ pixel-level similarity met-

rics to evaluate our method, i.e., Structural-Similarity (SSIM) [191], Peak

Signal-to-Noise Ratio (PSNR), and Sharpness Difference (SD).

Baseline Models. We first conduct an ablation study on Dayton to eval-

uate the components of the proposed SelectionGAN. To reduce the training
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# Stage I Stage II SSIM PSNR SD

F
√

0.5551 23.1919 19.6311
F

√
0.5989 23.7562 20.0000

G
√

0.5680 23.2574 19.7371
G

√
0.6047 23.7956 20.0830

H
√

0.5567 23.1545 19.6034
H

√
0.6167 23.9310 20.1214

Table 5.2: Quantitative results of coarse-to-fine generation.

time, we randomly select 1/3 samples from the whole 55,000/21,048 sam-

ples, i.e., around 18,334 samples for training and 7,017 samples for testing.

The proposed SelectionGAN considers eight baselines (A, B, C, D, E, F, G,

H) as shown in Table 5.1. Baseline A uses a Pix2pix structure [55] and gen-

erates I
′

g using a single image Ia. Baseline B uses the same Pix2pix model

and generates I
′

g using the corresponding semantic guidance Sg. Baseline

C also uses the Pix2pix structure, and inputs the combination of a condi-

tional image Ia and the semantic guidance Sg to the generator Gi. Baseline

D uses the proposed cycled semantic guidance generation upon Baseline

C. Baseline E represents the pixel loss guided by the learned uncertainty

maps. Baseline F employs the proposed multi-channel attention selection

module to generate multiple intermediate generations, and to make the

neural network attentively select which part is more important for gener-

ating the target image. Baseline G adds the total variation regularization

on the final result I
′′

g . Baseline H employs the proposed multi-scale spa-

tial pooling module to refine the features Fc from stage I. All the baseline

models are trained and tested on the same data using the configuration.

Ablation Analysis. The results of the ablation study are shown in Ta-

ble 5.1. We observe that Baseline B is better than baseline A since Sg con-

tains more structural information than Ia. By comparison Baseline A with

Baseline C, the semantic-guided generation improves SSIM, PSNR and SD

by 8.19, 3.1771 and 0.3205, respectively, which confirms the importance
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of the conditional semantic guidance information. By using the proposed

cycled semantic guidance generation, Baseline D further improves over C,

meaning that the proposed semantic guidance cycle structure indeed uti-

lizes the semantic guidance information in a more effective way, confirming

our design motivation. Baseline E outperforms D showing the importance

of using the uncertainty maps to guide the pixel loss map which contains

an inaccurate reconstruction loss due to the wrong semantic guidance pro-

duced from the pre-trained models. Baseline F significantly outperforms E

with around 4.67 points gain on the SSIM metric, clearly demonstrating the

effectiveness of the proposed multi-channel attention selection scheme. We

can also observe from Table 5.1 that, by adding the proposed multi-scale

spatial pool scheme and the TV regularization, the overall performance is

further boosted. Finally, we demonstrate the advantage of the proposed

two-stage strategy over the one-stage method. The results are shown in

Figures 5.4, 5.12, and Table 5.2. It is obvious that the coarse-to-fine gen-

eration model is able to generate sharper results and contains more details

than the one-stage model, which further confirms our motivations.

Comparisons with SENet. The proposed multi-scale spatial pooling

shares a similar intuition with SENet [49] which amplifies the channels via

attention based on pooling. Unlike SENet that employs positive attention

via the Sigmoid function, the proposed multi-scale spatial pooling selects

each pooled feature via an element-wise multiplication with the original

feature. Since in our task the input features are from different sources,

highly correlated features would preserve more useful information for the

generation. We also conduct experiments to compare the proposed method

with SENet on Dayton. Specifically, we use the SE layer proposed in [49]

to replace our multi-scale spatial pooling module, obtaining the following

results in terms of SSIM, PSNR, and SD: 0.5912, 23.3857, and 19.8061,

respectively. We can see that our method (see the Baseline H in Table 5.1)
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Figure 5.4: Results of cross-view image translation generated by the proposed Selection-
GAN on different datasets.

still significantly outperforms [49]. Moreover, we provide the visualization

results in Figure 5.5 (note that our method achieves better results than

SENet).

Influence of the Number of Attention Channels. We investigate the

influence of the number of attention channel N in Equation (5.4). The

results are shown in Table 5.3. We observe that the performance tends to

be stable after N=10. Thus, taking both performance and training speed

into consideration, we set N=10 in all our experiments.

SelectionGAN vs. SelectionGAN++. We also provide comparison

results of SelectionGAN [165] and SelectionGAN++ on both SVA and
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Figure 5.5: Comparison results of SENet and the proposed SelectionGAN on Dayton.

N SSIM PSNR SD

0 0.5438 22.9773 19.4568
1 0.5522 23.0317 19.5127
5 0.5901 23.8068 20.0033
10 0.5986 23.7336 19.9993
32 0.5950 23.8265 19.9086

Table 5.3: Influence of the number of attention channels N .

Radboud Faces datasets. The results of cross-view image translation and

facial expression generation are shown in Tables 5.4 and 5.9, respectively.

We can see that SelectionGAN++ achieves better results on most metrics,

meaning that the proposed multi-scale channel selection module indeed

enhances the feature representation, and thus is improving the generation

performance. Note that SelectionGAN++ generates sharper and more re-

alistic images than SelectionGAN, but SelectionGAN has higher pixel-wise

similarity scores (i.e., SSIM, PSNR, and SD). This is also observed in other

image generation [98], super-resolution [60], and human perceptual judg-

ment [220] tasks. From the visualization results in Figure 5.6, we can see

that SelectionGAN++ generates more photo-realistic images with fewer

visual artifacts than SelectionGAN on both tasks. For instance, Selection-

GAN generates road lines in the first and second rows of Figure 5.6, but
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Figure 5.6: Comparison results of SelectionGAN and SelectionGAN++ on Dayton (top
two rows) and Radboud Faces (bottom two rows).

Figure 5.7: Results of cross-view image translation on SVA.

there are no road lines in the corresponding ground truths. Meanwhile,

SelectionGAN++ generates more realistic eyes and month than Selection-

GAN as shown in the third and fourth row of Figure 5.6, respectively.

State-of-the-Art Comparisons. We compare our SelectionGAN with
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Method
Accuracy (%) ↑ Inception Score∗ ↑

SSIM ↑ PSNR ↑ SD ↑ KL ↓ FID ↓
Top-1 Top-5 All Top-1 Top-5

X-Pix2pix [55] 8.5961 30.3288 9.0260 29.9102 2.0131 1.7221 2.2370 0.3206 17.9944 17.0254 19.5533 859.66
X-SO [134] 7.5146 30.9507 10.3905 38.9822 2.4951 1.8940 2.6634 0.4552 21.5312 17.5285 12.0906 443.79
X-Fork [133] 17.3794 53.4725 23.8315 63.5045 2.1888 1.9776 2.3664 0.4235 21.2400 16.9371 4.1925 129.16
X-Seq [133] 19.5056 57.1010 25.8807 65.3005 2.2232 1.9842 2.4344 0.4638 22.3411 17.4138 3.7585 118.70
H-Pix2pix [134] 18.0706 54.8068 23.4400 62.3072 2.1906 1.9507 2.4069 0.4327 21.6860 16.9468 4.2894 117.13
H-SO [134] 5.2444 26.4697 5.2544 31.9527 2.3202 1.9410 2.7340 0.4457 21.7709 17.3876 12.8761 1452.88
H-Fork [134] 18.0182 51.0756 26.6747 62.8166 2.3202 1.9525 2.3918 0.4240 21.6327 16.8653 4.7246 109.43
H-Seq [134] 20.7391 57.5378 28.5517 67.4649 2.2394 1.9892 2.4385 0.4249 21.4770 17.5616 4.4260 95.12
H-Regions [134] 15.4803 48.0767 21.8225 56.8994 2.6328 2.0732 2.8347 0.4044 20.9848 17.6858 6.0638 88.78
Pix2pix++ [55] 8.8687 34.5434 9.2713 35.7490 2.5625 2.0879 2.7961 0.3664 17.6549 18.4015 13.1153 220.23
X-Fork++ [133] 10.2658 37.8405 11.4138 38.7976 2.4280 2.0387 2.7630 0.3406 17.3937 18.2153 10.1403 166.33
X-Seq++ [133] 11.2580 36.8018 11.9838 36.9231 2.6849 2.1325 2.9397 0.3617 17.4893 18.4122 11.8560 154.80
Pix2pixHD [184] 35.0018 72.9430 52.2181 85.6375 2.5820 2.1436 2.8730 0.5437 23.1823 18.9723 2.6322 32.79
GauGAN [119] 34.6740 71.4061 50.1152 81.4900 2.6462 2.2112 2.9550 0.5195 22.0174 18.7762 2.6714 27.93
SelectionGAN 33.9055 71.8779 50.8878 85.0019 2.6576 2.1279 2.9267 0.5752 24.7136 19.7302 2.6183 26.09
SelectionGAN++ 35.9008 73.3249 52.5346 86.9432 2.7370 2.1914 3.0271 0.5481 24.2886 19.2001 2.5788 37.17

Table 5.4: Quantitative results of cross-view image translation on SVA. (∗) Inception
Score for real (ground truth) data is 3.1282, 2.4932 and 3.4646 for all, top-1 and top-5
setups, respectively.

Method
Accuracy (%) ↑ Inception Score∗ ↑

SSIM ↑ PSNR ↑ SD ↑ KL ↓
Top-1 Top-5 All Top-1 Top-5

Zhai et al. [211] 13.97 14.03 42.09 52.29 1.8434 1.5171 1.8666 0.4147 17.4886 16.6184 27.43 ± 1.63
Pix2pix [55] 7.33 9.25 25.81 32.67 3.2771 2.2219 3.4312 0.3923 17.6578 18.5239 59.81 ± 2.12
X-SO [134] 0.29 0.21 6.14 9.08 1.7575 1.4145 1.7791 0.3451 17.6201 16.9919 414.25 ± 2.37
X-Fork [133] 20.58 31.24 50.51 63.66 3.4432 2.5447 3.5567 0.4356 19.0509 18.6706 11.71 ± 1.55
X-Seq [133] 15.98 24.14 42.91 54.41 3.8151 2.6738 4.0077 0.4231 18.8067 18.4378 15.52 ± 1.73
Pix2pix++ [55] 26.45 41.87 57.26 72.87 3.2592 2.4175 3.5078 0.4617 21.5739 18.9044 9.47 ± 1.69
X-Fork++ [133] 31.03 49.65 64.47 81.16 3.3758 2.5375 3.5711 0.4769 21.6504 18.9856 7.18 ± 1.56
X-Seq++ [133] 34.69 54.61 67.12 83.46 3.3919 2.5474 3.4858 0.4740 21.6733 18.9907 5.19 ± 1.31
SelectionGAN 41.52 65.51 74.32 89.66 3.8074 2.7181 3.9197 0.5323 23.1466 19.6100 2.96 ± 0.97

Table 5.5: Quantitative results of cross-view image translation on CVUSA. (∗) Inception
Score for real (ground truth) data is 4.8741, 3.2959 and 4.9943 for all, top-1 and top-5
setups, respectively.

Method
Accuracy (%) ↑ Inception Score∗ ↑

SSIM ↑ PSNR ↑ SD ↑ KL ↓
Top-1 Top-5 All Top-1 Top-5

Pix2pix [55] 6.80 9.15 23.55 27.00 2.8515 1.9342 2.9083 0.4180 17.6291 19.2821 38.26 ± 1.88
X-SO [134] 27.56 41.15 57.96 73.20 2.9459 2.0963 2.9980 0.4772 19.6203 19.2939 7.20 ± 1.37
X-Fork [133] 30.00 48.68 61.57 78.84 3.0720 2.2402 3.0932 0.4963 19.8928 19.4533 6.00 ± 1.28
X-Seq [133] 30.16 49.85 62.59 80.70 2.7384 2.1304 2.7674 0.5031 20.2803 19.5258 5.93 ± 1.32
Pix2pix++ [55] 32.06 54.70 63.19 81.01 3.1709 2.1200 3.2001 0.4871 21.6675 18.8504 5.49 ± 1.25
X-Fork++ [133] 34.67 59.14 66.37 84.70 3.0737 2.1508 3.0893 0.4982 21.7260 18.9402 4.59 ± 1.16
X-Seq++ [133] 31.58 51.67 65.21 82.48 3.1703 2.2185 3.2444 0.4912 21.7659 18.9265 4.94 ± 1.18
SelectionGAN 42.11 68.12 77.74 92.89 3.0613 2.2707 3.1336 0.5938 23.8874 20.0174 2.74 ± 0.86

Table 5.6: Quantitative results of cross-view image translation on Dayton in a2g direction.
(∗) Inception Score for real (ground truth) data is 3.8319, 2.5753 and 3.9222 for all, top-1
and top-5 setups, respectively.

several recently proposed state-of-the-art methods, which are Pix2pix [55],

Zhai et al. [211], X-Fork [133], X-Seq [133] and X-SO [134]. Moreover, to
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Method
Accuracy (%) ↑ Inception Score∗ ↑

SSIM ↑ PSNR ↑ SD ↑ KL ↓
Top-1 Top-5 All Top-1 Top-5

Pix2pix [55] 1.22 1.57 5.33 6.86 2.5418 1.6797 2.4947 0.2213 15.7197 16.5949 120.46 ± 1.94
X-Fork [133] 5.91 10.22 20.98 30.29 4.6447 2.1386 3.8417 0.2740 16.3709 17.3509 22.12 ± 1.65
X-Seq [133] 4.78 8.96 17.04 24.40 4.5094 2.0276 3.6756 0.2738 16.3788 17.2624 25.19 ± 1.73
Pix2pix++ [55] 19.53 33.19 40.89 48.34 5.0833 2.4096 4.4595 0.3779 21.1346 17.8056 10.93 ± 1.87
X-Fork++ [133] 13.92 22.38 34.20 42.42 5.2266 2.4100 4.5591 0.3560 20.5788 17.6183 17.34 ± 1.98
X-Seq++ [133] 19.41 36.11 40.46 50.41 4.9890 2.3519 4.2881 0.3878 21.2327 17.9469 9.33 ± 1.64
SelectionGAN 28.31 54.56 62.97 76.30 5.6200 2.5328 4.7648 0.6024 26.6565 19.7755 3.05 ± 0.91

Table 5.7: Quantitative results of cross-view image translation on Ego2Top. (∗) Inception
Score for real (ground truth) data is 6.4523, 2.8507 and 5.4662 for all, top-1 and top-5
setups, respectively.

study the effectiveness of SelectionGAN, we introduce five strong baselines

which use both segmentation map and RGB image as inputs, including

Pix2pix++ [55], X-Fork++ [133], X-Seq++ [133], Pix2pixHD [184], and

GauGAN [119]. The comparison results are shown in Tables 5.4, 5.5, 5.6

and 5.7. We can observe that SelectionGAN consistently outperforms ex-

iting methods on most metrics. Qualitative results compared with the

leading baselines are shown in Figures 5.7 and 5.8. We can see that our

method generates more clear details on objects/scenes such as road, tress,

clouds, car than the other comparison methods. Moreover, the results

generated by our method are closer to the ground truths in layout and

structure.

Visualization of Learned Uncertainty Maps. In Figures 5.4 and

5.9, we show some samples of the generated uncertainty maps. We can

see that the generated uncertainty maps learn the layout and structure

of the target images. Note that most textured regions are similar in our

generation images, while the junction/edge of different regions is uncertain,

and thus the model learns to highlight these parts.

Generated Semantic Guidances. Since the proposed SelectionGAN

can reconstruct the semantic guidance (here, the segmentation maps), we

also compare the generated semantic guidance with X-Fork [133] and X-

Seq [133] on Dayton. Following [133], we compute the per-class accuracy
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Figure 5.8: Results of cross-view image translation on CVUSA (top two rows), Dayton
(middle two rows), and Ego2Top (bottom two rows).

and mean IOU for the most common classes in this dataset (see Table 5.8).

We see that our SelectionGAN achieves better results than X-Fork [133]

and X-Seq [133] on both metrics.

Controllable Cross-View Image Translation. We further adopt Ego2Top

to conduct the controllable cross-view image translation experiments. The
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Figure 5.9: Results of controllable cross-view image translation for both indoor (left) and
outdoor (right) scenes.

Method Per-class Acc. ↑ mIOU ↑

X-Fork [133] 0.6262 0.4163
X-Seq [133] 0.4783 0.3187
SelectionGAN 0.6415 0.5455

Table 5.8: Per-class accuracy and mean IOU for the generated segmentation maps on
Dayton.

results are shown in Figure 5.9. Given a single input image and some novel

segmentation maps, SelectionGAN is able to generate the same scene but

with different viewpoints in both indoor and outdoor environments.

5.4.2 Facial Expression Generation

Datasets. We follow C2GAN [164] and conduct facial expression gener-

ation experiments on the Radboud Faces dataset [74]. This dataset con-

tains over 8,000 face images with eight different emotional expressions. We

follow C2GAN and all the images are resized to 256×256 without any pre-

processing. Then, we adopt OpenFace [4] to extract facial landmarks as

the semantic guidance. Consequently, we collect 5,628 training image pairs

and 1,407 testing pairs.

Parameter Settings. Following C2GAN [164], the experiments on Rad-

boud Faces are trained for 200 epochs with batch size of 4.
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Method AMT ↑ SSIM ↑ PSNR ↑ LPIPS ↓

StarGAN [25] 24.7 0.8345 19.6451 -
Pix2pix [55] 13.4 0.8217 19.9971 0.1334
GPGAN [28] 0.3 0.8185 18.7211 0.2531
PG2 [98] 28.4 0.8462 20.1462 0.1130
Pix2pixHD [184] 20.5 0.8269 24.5621 0.1228
GauGAN [119] 10.7 0.7528 20.8430 0.2170
C2GAN [164] 34.2 0.8618 21.9192 0.0934
SelectionGAN 37.5 0.8760 27.5671 0.0917
SelectionGAN++ 39.1 0.8761 27.5158 0.0905

Table 5.9: Quantitative results of facial expression generation on Radboud Faces.

Evaluation Metrics. We follow C2GAN [164] and employ Structural

Similarity (SSIM) [191] and Peak Signal-to-Noise Ratio (PSNR) to evaluate

the quantitative quality of generated images. Moreover, we adopt Amazon

Mechanical Turk (AMT) perceptual studies to evaluate the quality of the

generated images. Specifically, participants were shown a sequence of pairs

of images, one a real image and one fake image, and asked to click on the

image they thought was real. Finally, we also use a neural network based

metric LPIPS [220] to evaluate the proposed method.

State-of-the-Art Comparisons. We compare the proposed Selection-

GAN with several state-of-the-art methods, i.e., StarGAN [25], Pix2pix [55],

GPGAN [28], PG2 [98], Pix2pixHD [184], GauGAN [119], and C2GAN [164].

Quantitative results of the SSIM, PSNR, LPIPS, and AMT metrics are

show in Table 5.9. We can see that the proposed SelectionGAN achieves

the best results on all metrics, validating the effectiveness of our method.

Note that GauGAN achieves unsatisfactory results in this task since it is

proposed to use segmentation maps as input. However, this task uses facial

landmarks as guidances, which is quite different from segmentation maps.

On the contrary, our method achieves good results in this task, which

further proves the generalizability of our method. Qualitative results are

shown in Figure 5.10. Clearly, the image generated by our SelectionGAN
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Figure 5.10: Results of facial expression generation on Radboud Faces.

are more sharper and contains more image details compared with other

leading methods.

Visualization of Learned Uncertainty Maps. We also show the

learned uncertainty maps in Figure 5.10. We observe that the proposed

SelectionGAN can generate different uncertainty maps according to dif-

ferent facial expressions, which means the proposed model can learn the

difference between different expression domains.

5.4.3 Hand Gesture Translation

Datasets. We follow GestureGAN [163] and conduct experiments on both

NTU Hand Digit [137] and Senz3D [101] datasets. NTU Hand Digit dataset

contains 75,036 and 9,600 image pairs for training and testing sets, each of

which is comprised of two images of the same person but different gestures.

For Senz3D, which contains 135,504 pairs and 12,800 pairs for training and

testing.

Parameter Settings. Images on both datasets are resized to 256×256,

and we enabled image flipping and random crops for data augmentation.

Following GestureGAN [163], the experiments on both datasets are trained
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Method
NTU Hand Digit Senz3D

PSNR ↑ IS ↑ AMT ↑ FID ↓ FRD ↓ PSNR ↑ IS ↑ AMT ↑ FID ↓ FRD ↓

PG2 [98] 28.2403 2.4152 3.5 24.2093 2.6319 26.5138 3.3699 2.8 31.7333 3.0933
SAMG [201] 28.0185 2.4919 2.6 31.2841 2.7453 26.9545 3.3285 2.3 38.1758 3.1006
DPIG [99] 30.6487 2.4547 7.1 6.7661 2.6184 26.9451 3.3874 6.9 26.2713 3.0846
PoseGAN [146] 29.5471 2.4017 9.3 9.6725 2.5846 27.3014 3.2147 8.6 24.6712 3.0467
Pix2pixHD [184] 38.1295 2.2358 21.3 8.4003 1.1475 - - - - -
GauGAN [119] 32.2218 2.6210 13.2 18.4373 1.8229 - - - - -
GestureGAN [163] 32.6091 2.5532 26.1 7.5860 2.5223 27.9749 3.4107 22.6 18.4595 2.9836
SelectionGAN 30.6465 2.4472 15.8 16.2159 2.1560 30.4036 2.4595 14.1 30.9775 2.7014

Table 5.10: Quantitative results of hand gesture-to-gesture translation on NTU Hand
Digit and Senz3D.

for 20 epochs with batch size of 4.

Evaluation Metrics. We follow [163] and employ Peak Signal-to-Noise

Ratio (PSNR), Inception score (IS) [139], Fréchet Inception Distance (FID) [48],

and Fréchet ResNet Distance (FRD) [163] to evaluate the generated im-

ages. Moreover, we follow the same settings as in [55, 163] to conduct the

Amazon Mechanical Turk (AMT) perceptual studies.

State-of-the-Art Comparisons. We compare the proposed Selection-

GAN with the leading hand gesture translation methods, i.e., PG2 [98],

SAMG [201], DPIG [99], PoseGAN [146], Pix2pixHD [184], GauGAN [119],

and GestureGAN [163]. Comparison results are shown in Table 5.10.

We can see that our SelectionGAN achieves competitive results on both

datasets. Qualitative results compared with existing methods are shown

in Figure 5.11. We can see that our SelectionGAN also generates photo-

realistic results on this task. Moreover, we show the learned uncertainty

maps in Figures 5.11 and 5.12.

Controllable Hand Gesture Translation. In Figure 5.12, we provide

results of controllable hand gesture translation. We can see that the pro-

posed SelectionGAN can translates a single input image into several output

images while each one respecting the constraints specified in the provided

hand skeleton.
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Figure 5.11: Results of hand gesture-to-gesture translation on NTU Hand Digit (top two
rows) and Senz3D (bottom two rows).

5.4.4 Person Image Generation

Datasets. We follow PATN [234] and conduct person image generation

experiments on both Market-1501 [224] and DeepFashion [97] datasets.

Following [234], we collect 263,632 and 12,000 pairs for training and testing

on Market-1501. For DeepFashion, 101,966 and 8,570 pairs are randomly

selected for training and testing.

Parameter Settings. Following PATN [234], images are re-scaled to

128×64 and 256×256 on Market-1501 and DeepFashion datasets, respec-

tively. Moreover, the experiments on both datasets are trained for around

90k iteration with batch size of 32 and 12 on Market-1501 and DeepFash-

ion, respectively.

Evaluation Metrics. We follow previous works [98, 146, 164, 146, 234]

and adopt Structure Similarity (SSIM) [191], Inception score (IS) [139]

and their corresponding masked versions, i.e., M-SSIM and M-IS, as our

evaluation metrics. Moreover, we recruit 30 volunteers to conduct a user

study.

State-of-the-Art Comparisons. We compare the proposed Selection-

GAN with several leading person image generation methods, i.e., PG2 [98],

DPIG [99], PoseGAN [146], VUNet [36], C2GAN [164], BTF [2], Pix2pixHD
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Figure 5.12: Results of controllable hand gesture translation.

[184], GauGAN [119], and PATN [234]. Quantitative results of the SSIM,

IS, M-SSIM, and M-IS metrics are show in Table 5.11. We can see that

the proposed SelectionGAN achieves competitive performance compared

with the carefully designed methods on this task such as PATN [234] and

PoseGAN [146]. Moreover, we show user study results in Table 5.12. We

observe that our method achieve better results over [146, 164, 98, 234], fur-

ther validating that our generated images are more photo-realistic. Qual-

itative results are shown in Figure 5.13. The image generated by our
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Figure 5.13: Results of person image generation on Market-1501 (top three rows) and
DeepFashion (bottom four rows).

SelectionGAN are more realistic and sharp compared with other leading

methods. Moreover, the person layouts of generated images by our method

are closer to the target skeletons.

5.4.5 Semantic Image Synthesis

To explore the generality of SelectionGAN on other generation tasks, we

also conduct experiments on the challenging semantic image synthesis task.
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Method
Market-1501 DeepFashion

SIM ↑ IS ↑ M-SSIM ↑ M-IS ↑ SSIM ↑ IS ↑

PG2 [98] 0.253 3.460 0.792 3.435 0.762 3.090
DPIG [99] 0.099 3.483 0.614 3.491 0.614 3.228
PoseGAN [146] 0.290 3.185 0.805 3.502 0.756 3.439
C2GAN [164] 0.282 3.349 0.811 3.510 - -
BTF [2] - - - - 0.767 3.220

PG2∗ [98] 0.261 3.495 0.782 3.367 0.773 3.163
PoseGAN∗ [146] 0.291 3.230 0.807 3.502 0.760 3.362
Pix2pixHD∗ [184] - - - - 0.762 3.224
GauGAN∗ [119] - - - - 0.754 3.165
VUNet∗ [36] 0.266 2.965 0.793 3.549 0.763 3.440
PATN∗ [234] 0.311 3.323 0.811 3.773 0.773 3.209
SelectionGAN 0.331 3.449 0.816 3.376 0.776 3.341

Real Data 1.000 3.890 1.000 3.706 1.000 4.053

Table 5.11: Quantitative results of person image generation on Market-1501 and Deep-
Fashion.

Method
Market-1501 DeepFashion

R2G ↑ G2R ↑ R2G ↑ G2R ↑

PG2 [98] 11.2 5.5 9.2 14.9
PoseGAN [146] 22.67 50.24 12.42 24.61
C2GAN [164] 23.20 46.70 - -
PATN [234] 32.23 63.47 19.14 31.78
SelectionGAN 34.64 64.75 20.57 33.54

Table 5.12: User study (%) of person image generation. R2G means the percentage of real
images rated as generated w.r.t. all real images. G2R means the percentage of generated
images rated as real w.r.t. all generated images.

Specifically, we adopt GauGAN [119] as our backbone network in this task

and we combine it with the proposed multi-channel attention selection

module to form our final model.

Datasets. We follow GauGAN [119] and conduct semantic image syn-

thesis experiments on two challenging datasets, i.e., Cityscapes [26] and

ADE20K [226]. The training and testing set sizes of Cityscapes are 2,975

and 500, respectively. For ADE20K, which contains 150 semantic classes,
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Figure 5.14: Results of semantic image synthesis on Cityscapes (top two rows) and
ADE20K (bottom three rows).

and has 20,210 training and 2,000 validation images.

Parameter Settings. Images are re-scaled to 512×256 and 256×256 on

Cityscapes and ADE20K datasets, respectively. Following GauGAN [119],

the experiments on both datasets are trained for 200 epochs with batch

size of 32.

Evaluation Metrics. We Follow [119] and employ the mean Intersection-

over-Union (mIoU) and pixel accuracy (Acc) to measure the segmentation

accuracy. Specifically, we adopt the state-of-the-art segmentation networks

to evaluate the generated images, i.e., DRN-D-105 [207] for Cityscapes

and UperNet101 [195] for ADE20K. We also employ the Fréchet Inception

Distance (FID) [48] to measure the distance between the distribution of

generated samples and the distribution of real samples. Finally, we follow

GauGAN and employ Amazon Mechanical Turk (AMT) to measure the

perceived visual fidelity of the generated images.

State-of-the-Art Comparisons. We adopt several leading semantic im-

age synthesis methods as our baselines, i.e., Pix2pixHD [184], CRN [16],

SIMS [127], and GauGAN [119]. The results of mIoU, Acc, and FID are
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Method
Cityscapes ADE20K

mIoU ↑ Acc ↑ FID ↓ mIoU ↑ Acc ↑ FID ↓

CRN [16] 52.4 77.1 104.7 22.4 68.8 73.3
SIMS [127] 47.2 75.5 49.7 - - -
Pix2pixHD [184] 58.3 81.4 95.0 20.3 69.2 81.8
GauGAN [119] 62.3 81.9 71.8 38.5 79.9 33.9
SelectionGAN 63.8 82.4 65.2 40.1 81.2 33.1

Table 5.13: Quantitative results of semantic image synthesis on Cityscapes and ADE20K.

AMT ↑ Cityscapes ADE20K

Ours vs. CRN [16] 63.86 69.43
Ours vs. Pix2pixHD [184] 54.04 78.62
Ours vs. SIMS [127] 53.57 -
Ours vs. GauGAN [119] 52.89 55.15

Table 5.14: User preference study of semantic image synthesis on Cityscapes and
ADE20K. The numbers indicate the percentage of users who favor the results of the
proposed method over the competing method.

show in Table 5.13. We note that our SelectionGAN achieves better re-

sults than the existing competing methods on both mIoU and Acc metrics.

For FID, SelectionGAN is only worse than SIMS on Cityscapes. How-

ever, SIMS has poor segmentation results. Moreover, we follow GauGAN

and provide AMT results in Table 5.14. We observe that users favor our

translated images on both datasets compared with existing leading meth-

ods. Qualitative results compared with exiting methods are shown in Fig-

ure 5.14. We observe that SelectionGAN produces much better results

with fewer visual artifacts than exiting methods.

Visualization of Generated Segmentation Maps. We follow Gau-

GAN and apply pre-trained segmentation networks on the generated im-

ages to produce segmentation maps. The intuition behind this is that if the

generated images are realistic, a well-trained semantic segmentation model

should be able to predict the ground truth label. The results compared

with the state-of-the-art method GauGAN are shown in Figure 5.15. We
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Figure 5.15: Generated segmentation maps on Cityscapes (top two rows) and ADE20K
(bottom two rows).

observe that the proposed SelectionGAN generates better semantic maps

than GauGAN on both datasets.

5.5 Conclusion

We propose SelectionGAN to address a novel image synthesis task by con-

ditioning on a input image and several conditional semantic guidances. In

particular, we adopt a cascade strategy to divide the generation procedure

into two stages. Stage I aims to capture the semantic structure of the tar-

get image and Stage II focus on more appearance details via the proposed

multi-scale spatial pooling & channel selection and the multi-channel at-

tention selection modules. We also propose an uncertainty map guided

pixel loss to solve the inaccurate semantic guidance issue for better opti-

mization. Experimental results on four guided image-to-image translation

and one semantic image synthesis tasks with 11 public datasets show that

our method obtains much better results than the state-of-the-art models.
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In next chapter, we will introduce LGGAN and EdgeGAN for seman-

tic image syntesis. LGGAN explores image generation from local context,

which we believe is beneficial for generating richer details compared with

the existing global image-level generation methods. A new local class-

specific generative structure is designed for this purpose. It can effectively

handle the generation of small objects and details, which are common dif-

ficulties encountered by the global-based generation. In EdgeGAN, we

propose an effective attention guided edge transfer module to selectively

transfer useful edge structure information from the edge generation branch

to the image generation branch. We also design a new semantic preserv-

ing module to highlight class-dependent feature maps based on the input

semantic label map for generating semantically consistent results. Both

ideas have not been investigated by any existing GAN-based generation

works.
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Chapter 6

LGGAN and EdgeGAN

In this paper, we address the task of semantic-guided image generation.

One challenge common to most existing image-level generation methods

is difficulty in generating small objects and detailed local textures. To

tackle this issue, in this work we consider generating images using local

context. As such, we design a local class-specific generative network us-

ing semantic maps as guidance, which separately constructs and learns

subgenerators for different classes, enabling it to capture finer details. To

learn more discriminative class-specific feature representations for the local

generation, we also propose a novel classification module. To combine the

advantages of both global image-level and local class-specific generation,

a joint generation network is designed with an attention fusion module

and a dual-discriminator structure embedded. Lastly, we propose a novel

semantic-aware upsampling method, which has a larger receptive field and

can take far-away pixels that are semantically related for feature upsam-

pling, enabling it to better preserve semantic consistency for instances with

the same semantic labels. Extensive experiments on two image generation

tasks show the superior performance of the proposed method. State-of-

the-art results are established by large margins on both tasks and on nine

challenging public benchmarks. The source code and trained models are
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available at https://github.com/Ha0Tang/LGGAN.

We also propose a novel Edge guided Generative Adversarial Network

(EdgeGAN) for photo-realistic image synthesis from semantic layouts. Al-

though considerable improvement has been achieved, the quality of syn-

thesized images is far from satisfactory due to two largely unresolved chal-

lenges. First, the semantic labels do not provide detailed structural in-

formation, making it difficult to synthesize local details and structures.

Second, the widely adopted CNN operations such as convolution, down-

sampling and normalization usually cause spatial resolution loss and thus

are unable to fully preserve the original semantic information, leading to

semantically inconsistent results (e.g., missing small objects). To tackle

the first challenge, we propose to use edge as an intermediate representa-

tion which is further adopted to guide image generation via a proposed

attention guided edge transfer module. Edge information is produced by

a convolutional generator and introduces detailed structure information.

Further, to preserve the semantic information, we design an effective mod-

ule to selectively highlight class-dependent feature maps according to the

original semantic layout. Extensive experiments on six challenging datasets

show that the proposed EdgeGAN can generate significantly better results

than state-of-the-art methods. The source code and trained models are

available at https://github.com/Ha0Tang/EdgeGAN.

6.1 Introduction

Semantic-guided image generation is a hot topic covering several main-

stream research directions, including cross-view image translation [55, 211,

133, 165] and semantic image synthesis [184, 16, 127, 119]. The cross-view

image translation task, proposed in [133], is essentially an ill-posed problem

due to the large ambiguity in the generation if only a single RGB image is
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Figure 6.1: Examples of semantic image synthesis results on Cityscapes (top) and cross-
view image translation results on Dayton (bottom) with different settings of our LGGAN.

given as input. To alleviate this problem, recent works, such as Selection-

GAN [165], try to generate the target image based on another image of the

scene and several novel semantic maps, as shown in Figure 6.1 (bottom).

Adding a semantic map allows the model to learn the correspondences in

the target view with appropriate object relations and transformations. On

the other side, the semantic image synthesis task aims to generate a photo-

realistic image from a semantic map (see Figure 6.1 (top)). This has many

real-world applications and has drawn much attention from the academic

research community as well as industry [184, 16, 127, 119, 96, 58, 154].

With the use of semantic information, existing methods for both tasks have
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achieved promising performance in semantic-guided image generation.

However, there is still room for improvement, especially when it comes

to generating local structures and details, as well as small-scale objects. We

believe there are several reasons for this. First, the existing methods for

both tasks are typically based on global image-level generation. In other

words, they accept a semantic map containing several object classes and

aim to generate the appearance of each one using the same network de-

sign or shared network parameters. In this case, all the classes are treated

equally by the network. However, because different semantic classes have

distinct properties, using specified network learning for each would intu-

itively facilitate the complex generation of multiple classes. Second, the

number of training samples for different semantic classes is often imbal-

anced. For instance, for the Dayton dataset [179], cars and buses occupy

less than 2% of all pixels in the training data. This naturally causes the

model learning to be dominated by the classes with the largest number of

training samples. Third, the sizes of objects in different semantic classes

vary. As shown in the first row of Figure 6.1, larger-scale object classes,

such as roads and sky, usually occupy a bigger area of the image than

smaller-scale classes, such as poles and traffic lights. Since convolutional

networks usually share parameters at different convolutional positions, the

larger-scale object classes would thus take advantage during the learning

process, further increasing the difficulty in accurately generating the small-

scale object classes.

To tackle these issues, a straightforward solution would be to model

the generation of different image classes individually using local context.

By so doing, each class could have its own generation network structure

or parameters, thus greatly avoiding the learning of a biased generation

space. To achieve this goal, in this paper, we design a novel class-specific

generation network. It consists of several subgenerators for different classes
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Figure 6.2: Overview of the proposed method, which contains a semantic-guided genera-
tor G and discriminator Ds. G consists of a parameter-sharing encoder E, an image-level
global generator Gg, a class-level local generator Gl and a weight map generator Gw. The
global generator and local generator are automatically combined by two learned weight
maps from the weight map generator to reconstruct the target image. Ds tries to distin-
guish the generated images from two modality spaces, i.e., the image space and semantic
space. Moreover, to learn a more discriminative class-specific feature representation, a
novel classification module is proposed. Lastly, to better preserve semantic information
when upsampling feature maps, a novel semantic-aware upsampling method is introduced.
All of these components are trained in an end-to-end fashion so that the local genera-
tion and the global generation can benefit from each other. The symbols ⊕, ⊗ and
s○ denote element-wise addition, element-wise multiplication and channel-wise Softmax,

respectively.

with a shared encoded feature map. The input semantic map is utilized as

the guidance to obtain feature maps corresponding spatially to each class,

which are then used to produce a separate generation for different class

regions.

Due to the highly complementary properties of global and local gen-

eration, a local class-specific and global image-level generative adversarial

network (LGGAN) is proposed to combine the advantages of both. It con-

tains three main network branches (see Figure 6.2). The first is the image-

level global generator, which learns a global appearance distribution using

the input. The second is the proposed class-specific local generator, which

aims to generate different object classes separately, using semantic-guided

class-specific feature filtering. Finally, the fusion weight map generation
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(a) Input Semantic
Map.

(b) Nearest, bilin-
ear, etc.

(c) Deconvolution. (d) Spatial Atten-
tion.

(e) SAU (Ours).

Figure 6.3: Comparison with different feature upsampling and enhancement methods on
the semantic-guided image generation task. Given two locations (indicated by red and
magenta squares) in the output feature map, our goal is to generate these locations by
selectively upsampling several points (indicated by circles) in the input feature map.

branch learns two pixel-level weight maps, which are used to fuse the local

and global subnetworks in a weighted combination of their final generation

results. The proposed LGGAN can be jointly trained in an end-to-end

fashion, enabling the local and global generation to benefit from each other

during optimization.

Moreover, existing methods, such as [119, 154], typically adopt nearest-

neighbor interpolation to upsample feature maps and then generate final

results, which leads to many visual artifacts and blurriness in the gener-

ated images. Feature upsampling is a key operation in the semantic-guided

image synthesis task. Traditional upsampling methods, such as nearest-

neighbor, bilinear, and bicubic interpolation only consider subpixel neigh-

borhoods (indicated by white circles in Figure 6.3(b)), failing to capture

the complete semantic information, e.g., the head and body of the dog,

and the front part of the car. Learnable upsampling methods, such as

deconvolution [111] and pixel shuffle [141], are able to obtain the global

information with a larger kernel size, but learn the same kernel (indicated

by the white arrows in Figure 6.3(c)) across the image, regardless of the

semantic information. Other feature enhancement methods, such as spa-

tial attention [38], can learn different kernels (indicated by different colored
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arrows in Figure 6.3(d)), but they still inevitably capture a lot of redun-

dant information, i.e., ‘grass’ and ‘soil’. Moreover, they are prohibitively

expensive since they must consider all pixels.

To address these limitations, we further propose a novel semantic-aware

upsampling (SAU) for this challenging task, as shown in Figure 6.3(e). Our

SAU dynamically upsamples a small subset of relevant pixels based on the

semantic information, i.e., the green and tangerine circles represent the

pixels within the dog and the car, respectively. In this way, SAU is more

efficient than deconvolution, pixel shuffle, and spatial attention, and can

capture more complete semantic information than traditional upsampling

methods such as nearest-neighbor interpolation.

Overall, the contributions of this paper are as follows:

• We explore image generation from local context, which we believe

is beneficial for generating richer details compared with the existing

global image-level generation methods. A new local class-specific gen-

erative structure is designed for this purpose. It can effectively handle

the generation of small objects and details, which are common diffi-

culties encountered by the global-based generation.

• We propose a novel global and local generative adversarial network

design able to take into account both the global and local contexts.

To stabilize the optimization of the proposed joint network structure,

a fusion weight map generator and a dual-discriminator are intro-

duced. Moreover, to learn discriminative class-specific feature repre-

sentations, a novel classification module is proposed.

• We introduce a novel semantic-aware upsampling (SAU) to dynami-

cally upsample a small subset of relevant pixels based on the semantic

information. SAU is more efficient than deconvolution, pixel shuffle,

and spatial attention, and can capture more complete semantic infor-

mation than traditional upsampling methods such as nearest-neighbor
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interpolation.

• Experiments for cross-view image translation on the Dayton [179],

CVUSA [192], and SVA [116] datasets, and semantic image synthesis

on the Cityscapes [26], ADE20K [226], COCO-Stuff [11], DeepFashion

[97], CelebAMask-HQ [75], and Facades [176] datasets demonstrate

the effectiveness of the proposed method, and show significantly better

results compared with state-of-the-art methods.

Part of the material presented here appeared in [169]. The current pa-

per extends [169] in several ways. (1) We present a more detailed analysis

of related works, including recently published works dealing with semantic-

guided image generation and feature upsampling. (2) We propose a general

and highly effective feature upsampling method, i.e., SAU. The proposed

SAU has three advantages: i) Global view. Unlike traditional upsampling

methods (e.g., nearest-neighbor) that only exploit local neighborhoods,

SAU can aggregate semantic information in a global view. ii) Semantically

adaptive. Instead of using a fixed kernel for all locations (e.g., decon-

volution), SAU enables semantic class-specific upsampling by generating

adaptive kernels for different locations. iii) Efficient. Unlike spatial atten-

tion, which uses a fully connected strategy to connect all pixels, SAU only

considers the most relevant pixels, introducing little computational over-

head. Equipped with this new upsampling method, our LGGAN proposed

in [169] is upgraded to LGGAN++. (3) We conduct extensive ablation

studies to demonstrate the effectiveness of the proposed SAU against other

feature upsampling and enhancement methods. (4) We extend the quan-

titative and qualitative experiments by comparing the proposed LGGAN

and SAU with very recent works on two image synthesis tasks with diverse

scenarios. We observe that the proposed methods achieve consistent and

substantial gains on nine public datasets.

Although existing approaches [16, 55, 119, 44, 96, 127] conducted inter-
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Figure 6.4: Overview of the proposed EdgeGAN. It consists of a parameter-sharing en-
coder E, an edge generator Ge, an image generator Gi, and a multi-modality discriminator
D. The edge and image generators are connected by the proposed attention guided edge
transfer module Gt from two levels, i.e., edge feature-level and edge content-level, to gen-
erate realistic images. The semantic preserving module Gs is proposed to preserve the
semantic information of the input semantic labels. The discriminator D aims to distin-
guish the outputs from two modalities, i.e., edge and image. The whole framework can
be end-to-end trained so that each component can benefit from each other. The symbol
c○ denotes channel-wise concatenation.

esting explorations, we still observe unsatisfactory aspects mainly in the

generated local structures and small-scale objects, which we believe are

mainly due to two reasons. First, conventional methods [119, 184, 96] gen-

erally take the semantic label map as input directly. However, the input

label map provides only structural information between different semantic-

class regions and does not contain any structural information within each

semantic-class region, making it difficult for synthesizing rich local struc-

tures within each class. Taking label map S in Figure 6.4 as an example,

the generator does not have enough structural guidance to produce a re-

alistic bed, window and curtain from only the input label (S). Second,

the classic deep network architectures are constructed by stacking con-

volutional, down-sampling, normalization, non-linearity, and up-sampling

layers, which will cause the problem of spatial resolution losses of the input

semantic labels.
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To address both issues, in this paper, we propose a novel Edge guided

Generative Adversarial Network (EdgeGAN) for the semantic image syn-

thesis. The overall framework of the proposed EdgeGAN is shown in Fig-

ure 6.4. We first propose an edge generator to produce the edge features

and edge maps, and then the generated edge features and edge maps are

selectively transferred to the image generator to improve the quality of the

image results by using the proposed attention guided edge transfer mod-

ule. Moreover, to tackle the issue of the spatial resolution losses caused

by the common operations in the deep networks, we propose an effective

semantic preserving module, which aims at selectively highlighting class-

dependent feature maps according to the original semantic layout. Finally,

we develop a multi-modality discriminator to simultaneously distinguish

the output from two modal spaces, i.e., the edge and the image space. All

the proposed modules are jointly optimized in an end-to-end fashion so

that each module can benefit from each other in the training.

To summarize, our contributions are as follows:

• We propose a novel Edge Guided GAN (EdgeGAN) for the challenging

semantic image synthesis task. To the best of our knowledge, we are

the first to explore the edge generation from semantic layouts and then

utilize the generated edges to guide the generation of realistic images.

• We propose an effective attention guided edge transfer module to se-

lectively transfer useful edge structure information from the edge gen-

eration branch to the image generation branch. We also design a

new semantic preserving module to highlight class-dependent feature

maps based on the input semantic label map for generating semanti-

cally consistent results. Both ideas have not been investigated by any

existing GAN-based generation works.

• We conduct extensive experiments on six challenging datasets un-

der diverse scenarios, i.e., Cityscapes [26], ADE20K [226], COCO-
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Stuff [11], Facades [176], CelebAMask-HQ [75], and DeepFashion [97].

Both qualitative and quantitative results show that EdgeGAN is able

to produce remarkably better results than existing baseline models,

regarding both the visual fidelity and the alignment with the input

semantic labels. Moreover, our method can generate multi-modal im-

ages and edges, which has not been considered by existing methods.

The code will be made publicly available.

6.2 Related Work

Generative Adversarial Networks (GANs) [41] have been widely used

for image generation [63, 140]. A vanilla GAN has two important compo-

nents, i.e., a generator and a discriminator. The goal of the generator is to

synthesize photorealistic images from a noise vector, while the discrimina-

tor tries to distinguish between the real and the generated images. To cre-

ate user-specific images, the conditional GAN (CGAN) [103] was proposed.

A CGAN combines a vanilla GAN and external information, such as class

labels [114, 25], text descriptions [213, 78], object keypoints [132, 164],

human body/hand skeletons [156, 163], semantic maps [184, 165], scene

graphs [61], or attention maps [100, 160].

Image-to-Image Translation aims to generate the target image based

on an input image. CGANs have achieved decent results in both paired

[55, 2] and unpaired [40, 231] image translation tasks. For instance, Isola

et al. propose Pix2pix [55], which employs a CGAN to learn a translation

mapping from input to output image domains such as map-to-photo and

day-to-night. To further improve the quality of the generated images, the

attention mechanism has been recently investigated in image translation

tasks [165, 66, 100, 20, 197].

Different from previous attention-related image generation works, we
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propose a novel attention guided edge transfer module to transfer useful

edge structure information from the edge generation branch to the image

generation branch at two different levels, i.e., feature level and content

level. To the best of our knowledge, our module is the first attempt to

incorporate both edge feature attention and edge content attention within

a GAN framework for image-to-image translation tasks.

Global and Local Generation in GANs. Modeling global and local

information in GANs to generate better results has been explored in various

generative tasks [51, 53, 89, 84, 126, 44]. For instance, Huang et al. [51]

proposed TPGAN for frontal view synthesis by simultaneously perceiving

global structures and local details. Gu et al. [44] proposed MaskGAN

for face editing by separately learning every face component, e.g., mouth

and eye. However, these methods have only been applied to face-related

tasks, such as face rotation or face editing, where all the domains have large

overlap and similarity. In contrast, we propose a new local and global image

generation framework for the more challenging scene image generation task,

where the local context modeling is based on semantic-guided class-specific

generation, which has not been explored by any existing works.

Semantic-Guided Image Generation. Scene generation tasks are a

hot topic as each image can be parsed into distinctive semantic objects.

In this paper, we mainly focus on two image generation tasks, i.e., cross-

view image translation [211, 133, 134, 165] and semantic image synthesis

[184, 16, 127, 119]. Most existing works on cross-view image translation

aim to synthesize novel views of the same objects [32, 229, 172]. For in-

stance, Dosovitskiy et al. [32] used generative models to produce unseen

views of cars, chairs, and tables. Moreover, several works deal with image

translation problems with drastically different views and generate a novel

scene from another given scene [211, 133, 92, 165]. For instance, Zhai et al.

[211] tried to generate panoramic ground-level images from aerial images
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of the same location. Tang et al. proposed SelectionGAN [165] to solve the

cross-view image translation task using semantic maps and CGAN mod-

els. On the other side, the semantic image synthesis task aims to generate

a photorealistic image from a semantic map [184, 16, 119]. For example,

Park et al. proposed GauGAN [119], which achieves the best results on

this task.

With the semantic maps as guidance, existing approaches for both tasks

achieve promising performance. However, the results produced by these

global image-level generation methods are still often unsatisfactory, es-

pecially for detailed local textures. In contrast, our proposed approach

focuses on generating a more realistic global structure/layout and local

texture details. Both the local and global generation branches are jointly

learned in an end-to-end fashion, enabling both to be improved through

their mutually beneficial information.

Feature Upsampling. Traditional upsampling methods such as nearest-

neighbor and bilinear interpolation use spatial distance and handcrafted

kernels to capture the correlations between pixels. Recently, several deep

learning methods, such as deconvolution [111] and pixel shuffle [141], have

been proposed to upsample feature maps using learnable kernels. For in-

stance, pixel shuffle [141] tries to reshape depth on the channel dimension

into width and height on the spatial dimension. However, these methods

either exploit semantic information in a small neighborhood or use a fixed

kernel. Other works, including super-resolution [59, 50], inpainting [181],

and denoising [102], also explore the use of learnable kernels.

Existing image generation methods, such as [119, 58, 154], typically

adopt nearest-neighbor interpolation to upsample feature maps and then

generate final results. However, this leads to unsatisfactory results, patic-

ularly in the generated content details and intra-object completions. To

adress this limitation, we propose a novel semantic-aware upsampling for
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this task. To the best of our knowledge, we are the first to investigate the

influence of feature upsampling on this challenging task.

Edge Guided Image Generation. Edge maps are usually adopted in

image inpainting [136, 107, 81] and image super-resolution [108] tasks to

reconstruct the missing structure information of the inputs. For example,

Nazeri et al. [107] propose an edge generator to hallucinate edges in the

missing regions given edges, which can be regarded as an edge comple-

tion problem. Using edge images as the structural guidance, [107] achieves

good results even for some highly structured scenes. Moreover, Pix2pix [55]

adopts edge maps as input and aims to generate realistic shoes and hand-

bags, which can be seen as an edge-to-image translation problem.

Different from previous works, we propose a novel edge generator to

perform a new task, i.e., semantic label-to-edge translation. To the best of

our knowledge, we are the first work to generate realistic edge maps from

semantic labels. Then the generated edge maps, with more local structure

information, can be used to improve the quality of the image results.

Semantic Image Synthesis aims to generate a photo-realistic image from

a semantic label map [184, 16, 127, 119, 96, 9, 233, 112, 235, 169]. With the

semantic information as guidance, existing methods have achieved promis-

ing performance. However, we can still observe unsatisfying aspects, es-

pecially on the generation of the small-scale objects, which we believe is

mainly due to the problem of spatial resolution losses associated with deep

network operations such as convolution, normalization and down-sampling,

etc. To solve this problem, Park et al. propose GauGAN [119], which uses

the input semantic labels to modulate the activations in normalization

layers through a spatially-adaptive transformation. However, the spatial

resolution losses caused by other operations such as convolution and down-

sampling have not been resolved. Moreover, we observe that the input label

map has only a few semantic classes in the entire dataset. Thus the gener-
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ator should focus more on learning these existing semantic classes rather

than all the semantic classes.

To tackle both limitations, we propose a novel semantic preserving mod-

ule, which aims to selectively highlight class-dependent feature maps ac-

cording to the input labels for generating semantically consistent images.

This idea has not been considered by existing GAN-based semantic image

synthesis models.

6.3 LGGAN Model Description

We start by presenting the details of the proposed LGGAN and SAU. We

first introduce the used backbone structure and then present the proposed

semantic-aware upsampling, and finally introduce the design of the pro-

posed local and global generation networks.

6.3.1 Backbone Encoding Network Structure

Semantic-Guided Generation. In this paper, we focus on two main

tasks, i.e., semantic image synthesis and cross-view image translation. For

the former, we follow GauGAN [119] and use the semantic map Sg as the

input of the backbone encoder E, as shown in Figure 6.2. For the latter,

we follow SelectionGAN [165] and concatenate the input image Ia and a

novel semantic map Sg as the input of the backbone encoder E. By so

doing, the semantic maps act as priors to guide the model in learning the

generation of another domain.

Parameter-Sharing Encoder. As we have three different branches for

three different generators, the encoder E shares parameters with all the

branches to create a compact backbone network. The gradients from each

branch all contribute to the learning of the encoder. We believe that, in

this way, the encoder can learn both local and global information and the
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Figure 6.5: Overview of the proposed SAU, which consists of two branches, i.e., SAKG and
SAFU. The SAKG branch aims to generate semantically adaptive kernels according to the
input layout. The SAFU branch aims to selectively upsample the feature f∈C×H×W
to the target one f ′∈C×Hs×Ws based on the kernels learned in SAKG, where s is the
expected upsample scale.

correspondence between them. Thus, the encoded deep representation of

the input Sg can be represented as f=E(Sg). This feature f is then fed

into the proposed SAU to obtain an upsampled feature map f ′=SAU(f),

as shown in Figures 6.2 and 6.5.

6.3.2 Semantic-Aware Upsampling

An illustration of the proposed SAU is shown in Figure 6.5. It consists

of two main branches, i.e., the semantically adaptive kernel generation

(SAKG) branch, which predicts upsampled kernels according to the seman-

tic information, and the semantically adaptive feature upsampling (SAFU)

branch, whcih selectively performs the feature upsampling based on the

kernels learned in SAKG. All components are trained in an end-to-end

fashion.

Specifically, given a feature map f∈RC×H×W and an upsample scale s,

SAU aims to produce a new feature map f ′∈RC×Hs×Ws. For any target

location l′=(i′, j′) in the output f ′, there is a corresponding source location

l=(i, j) at the input f , where i=bi′/sc, j=bj′/sc. We denote Z(l, k) as the

k×k subregion of f centered at the location l in, e.g., the neighbor of the

location l. See Figures 6.3 and 6.5 for illustration.
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Semantically Adaptive Kernel Generation

The SAKG branch aims to generate a semantically adaptive kernel at each

location, according to the semantic information. It consists of four mod-

ules, i.e., feature channel compression, semantic kernel generation, feature

shuffle, and channel-wise normalization.

Feature Channel Compression. This module is used to reduce the

network parameters and computational cost. Specifically, the input feature

f is fed into a convolutional layer with a 1×1 kernel to compress the input

channel from C to C ′, making SAU have fewer parameters.

Semantic Kernel Generation. This module receives fc∈RC ′×H×W as

input (where H and W denote the height and width of the feature map)

and tries to generate different semantically adaptive kernels, which can be

represented as fk∈Rk2s2×H×W . Here k is the semantically adaptive upsam-

pling kernel size and s is the expected upsample scale. In our experiments,

we set C ′=64, k=5, and s=2, which achieve good results in most cases.

Feature Shuffle. We then feed the feature fk through a feature shuffle

layer to rearrange its elements, leading to a new feature map fs∈Rk2×Hs×Ws,

where k2=k×k represents the learned semantic kernel. Note that the

learned semantic kernels are quite different at different locations l′, as

shown in Figures 6.3 and 6.6.

Channel-Wise Normalization. Next, we apply a channel-wise softmax

operation on each semantic kernel fs to obtain the normalized kernel fn,

i.e., the sum of the weight values in k2 is equal to 1. In this way, we

can guarantee that information from the combination will not explode.

Moreover, the semantically adaptive kernels can determine which regions

to emphasize or suppress according to the semantic information.
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Semantically Adaptive Feature Upsampling

The SAFU branch aims to upsample the input feature f based on the

kernel fn learned in the SAKG branch, in a semantically adaptive way. It

contains four modules, i.e., feature spatial expansion, sliding local block

extraction, feature reshape, and upsampling feature selection.

Feature Spatial Expansion. The input feature f is fed into this module

to expand the spatial size from H×W to Hs×Ws.

Sliding Local Block Extraction. Then, the expanded feature fe∈RC×Hs×Ws

is fed into this module to extract a sliding local block of each location in

fe, leading to the new feature fl∈RCk2×Hs×Ws.

Feature Reshape. We next reshape fl by adding another dimension,

resulting in a new feature fr∈RC×k2×Hs×Ws. In this way, we can conduct

a multiplication between the reshaped local block fr and the learned ker-

nel fn.

Upsampling Feature Selection. Finally, the feature map fr and the

kernel fn learned in the SAKG branch are fed into the upsampling fea-

ture selection module to generate the final feature map f ′∈RC×Hs×Ws in a

weighted sum manner. The computational process at the location l=(i, j)

can be expressed as follows:

f ′ =

bk/2c∑
p=−bk/2c

bk/2c∑
q=−bk/2c

fr(i+ p, j + q)× fn(p, q). (6.1)

In this way, the pixels in the learned kernel fn contribute to the upsampled

pixel l′ differently, based on semantic information of features instead of the

spatial distance between locations. The semantics of the upsampled feature

map are stronger than those of the original one, since the information from

relevant points in a local region can be more attended to, and the pixels

with the same semantic label can achieve mutual gains, improving intra-
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Figure 6.6: Visualization of semantically adaptive kernels learned on COCO-Stuff. In
the second column, we show three representative locations in each generated image, with
different colored squares. The other three columns show semantically adaptive kernels
learned for those three locations, with corresponding color arrows summarizing the most-
attended regions for upsampling the target location. The network learns to allocate
attention according to regions with the same semantic information, rather than just spatial
adjacency.

object semantic consistency.

Why Does the SAU Work Better?

A short answer is that it can better preserve semantic information com-

pared to other common upsampling methods. Specifically, while other

methods, such as nearest-neighbor interpolation and deconvolution, are

essential parts in almost all state-of-the-art image generation [131] and

translation [119] models, they tend to ‘pollute’ semantic information when

performing feature upsampling, since they inevitably incorporate contam-

inating information from irrelevant regions (see Figure 6.3).

In contrast, the proposed SAU performs feature upsampling using itself,
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i.e., it uses the pixels belonging to the same semantic label to upsample

the feature maps. Hence, the generator can better preserve semantic in-

formation. It enjoys the benefit of feature upsampling without losing the

input semantic information. In Figure 6.6, we show some examples of

the learned semantically adaptive kernels. We can easily observe that the

proposed SAU achieves upsampling by leveraging complementary features

from regions with the same semantic information, rather than local re-

gions of fixed shape to generate consistent objects/scenarios. This further

confirms our motivations.

6.3.3 Local and Global GAN

An illustration of the overall framework is shown in Figure 6.2. The gener-

ation module consists of three main parts, i.e., a semantic-guided class-

specific generator modeling the local context, an image-level generator

modeling the global layout, and a weight-map generator for fusing the

local and the global generators.

Class-Specific Local Generation Network. As shown in Figure 6.1

and discussed in the introduction, the training data imbalance between

different classes and the size difference between semantic objects makes

it extremely difficult to generate small object classes and fine details. To

address this, we propose a novel local class-specific generation network. It

constructs a separate generator for each semantic class, thus being able to

largely avoid the interference from large object classes during the joint opti-

mization. Each subgeneration branch has independent network parameters

and concentrates on a specific class, therefore being capable of effectively

producing similar generation quality for different classes and yielding richer

local image details.

An overview of the local generation network Gl is provided in Figure 6.7.

The upsampled feature map f ′ is multiplied by the semantic mask of each
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class, i.e., Mi, to obtain a filtered class-specific feature map for each one.

The mask-guided feature filtering operation can be written as:

Fi = Mi ∗ f ′, i = 1, 2, ..., N, (6.2)

where N is the number of semantic classes. Then, the filtered feature map

Fi is fed into several convolutional layers for the corresponding ith class,

which generates an output image I lgi. To better learn each class, we utilize

a semantic mask guided pixel-wise L1 reconstruction loss, which can be

expressed as follows:

LlocalL1 =
N∑
i=1

EIg,I lgi [||Ig ∗Mi − I lgi||1]. (6.3)

The final output ILg from the local generation network can be obtained in

two ways. The first is by performing an element-wise addition of all the

class-specific outputs:

ILg = I lg1 ⊕ I
l
g2
⊕ · · · ⊕ I lgN . (6.4)

The second is by applying a convolutional operation on all the class-specific

outputs, as shown in Figure 6.7:

ILg = Conv(Concat(I lg1, I
l
g2
, · · · , I lgN )), (6.5)

where Concat(·) and Conv(·) denote a channel-wise concatenation and con-

volutional operation, respectively.

Class-Specific Discriminative Feature Learning. We observe that

the filtered feature map Fi is not able to produce very discriminative class-

specific generations, leading to similar generation results for some classes,

especially for small-scale object classes. To provide a more diverse gen-

eration for different object classes, we propose a novel classification-based
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Figure 6.7: Overview of the proposed local class-specific generator Gl, which consists
of four steps, i.e., semantic class mask calculation, class-specific feature map filtering,
classification-based discriminative feature learning and class-specific generation. A cross-
entropy loss with void classes filtered is applied to the feature representation of each class
to learn more discriminative class-specific representations. A semantic-mask guided pixel-
wise L1 loss is applied at the end for class-level reconstruction. The symbols ⊗ and c○
denote element-wise multiplication and channel-wise concatenation, respectively. Note
that we assume the size of f ′ is C×H×W for simplicity, which is different from the one
in Figure 6.5 (i.e., C×Hs×Ws).

feature learning module to learn more discriminative class-specific feature

representations, as shown in Figure 6.7. One input sample of the module

is a stack of feature maps produced by different local generation branches,

i.e., {F1, ...,FN}. First, the stacked feature map Fp∈RN×C×H×W (with

C,H,W as the number of feature map channels, height and width, respec-

tively) is fed into a semantic-guided average pooling layer, and we obtain a

pooled feature map with dimensions of N×C×1×1. Then the pooled fea-

ture map is fed to a fully connected (FC) layer to predict the classification

probabilities of the N object classes of the image. The output after the

FC layer is Y
′∈RN×N , where N is the number of semantic classes. Since,

for each filtered feature map Fi (i=1, ..., N), we predict an N×1 one-hot
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vector for the probabilities of the N classes.

Since some object classes may not exist in the input semantic mask, the

features from the local branches corresponding to the void classes should

not contribute to the classification loss. Therefore, we filter the final cross-

entropy (CE) loss by multiplying it with a void class indicator for each

input sample. The indicator is a one-hot vector H={Hi}Ni=1, with Hi=1

for a valid class and Hi=0 for a void class. Then, the CE loss is defined as

follows:

LCE = −
N∑
m=1

Hm

N∑
i=1

1{Y (i) = i} log(f(Fi)), (6.6)

where 1{·} is an indicator function having a return of 1 if Y (i)=i, otherwise

0. f(·) is a classification function which produces a prediction probability

given an input feature map Fi. Y is a label set of all object classes.

Image-Level Global Generation Network. Similar to the local gener-

ation branch, the upsampled feature map f ′ is also fed into the global gen-

eration subnetwork Gg for image-level generation, as shown in Figure 6.2.

Global generation is capable of capturing the global structural information

or layout of the target images. Thus, the global result IGg can be obtained

through a feed-forward computation: IGg =Gg(f
′). Besides the proposed Gg,

many existing global generators can also be used together with the local

generator Gl, making the proposed framework very flexible.

Pixel-Level Fusion Weight-Map Generation Network. To better

combine the local and global generation subnetworks, we further propose

a pixel-level weight map generator Gw, which aims at predicting pixel-wise

weights to fuse the global generation IGg and the local generation ILg . Gw

consists of two Transpose Convolution→InstanceNorm→ReLU blocks and

one Convolution→InstanceNorm→ReLU block. The number of output

channels for these three blocks are 128, 64, and 2, respectively. The kernel

sizes are 3×3 with stride 2, except for the last layer which has a kernel size
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of 1×1 with stride 1 for dense prediction. We predict a two-channel weight

map Wf using the following calculation:

Wf = Softmax(Gw(f ′)), (6.7)

where Softmax(·) denotes a channel-wise softmax function used for nor-

malization, i.e., the sum of the weight values at the same pixel position

is equal to 1. By so doing, we can guarantee that information from the

combination will not explode. Wf is sliced to have a weight map Wg for

the global branch and a weight map Wl for the local branch. The final

fused generation result is calculated as follows:

ICg = IGg ⊗Wg + ILg ⊗Wl, (6.8)

where ⊗ is an element-wise multiplication operation. In this way, the pixel-

level weights predicted by Gw directly operate on the output of Gg and Gl.

Moreover, the generators Gw, Gg and Gl affect and contribute to each other

during the model optimization.

Dual-Discriminator. To exploit prior domain knowledge, i.e., the se-

mantic map, we extend the single-domain vanilla discriminator [41] to a

cross-domain structure, which we refer to as the semantic-guided discrim-

inator Ds, as shown in Figure 6.2. It takes the semantic map Sg and

generated image ICg (or the real image Ig) as inputs:

LCGAN(G,Ds) = ESg,Ig [logDs(Sg, Ig)] + ESg,ICg

[
log(1−Ds(Sg, I

C
g ))
]
,

(6.9)

aiming to preserve image layout and capture the local information.

For the cross-view image translation task, we also propose another

image-guided discriminator Di, which takes the conditional image Ia and
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the final generated image ICg (or the ground-truth image Ig) as input:

LCGAN(G,Di) = EIa,Ig [logDi(Ia, Ig)] + EIa,ICg
[
log(1−Di(Ia, I

C
g ))
]
.

(6.10)

In this case, the overall loss of our dual-discriminator D can be expressed

as:

LCGAN=LCGAN(G,Di)+LCGAN(G,Ds). (6.11)

6.4 EdgeGAN Model Description

In this section, we describe the proposed Edge Guided GAN (EdgeGAN)

for semantic image synthesis. We first introduce an overview of the pro-

posed EdgeGAN, and then introduce the details of each module. Finally,

we present the optimization objective.

Framework Overview. Figure 6.4 shows the overall structure of our

EdgeGAN for semantic image synthesis, which consists of a semantic and

edge guided generator G and a multi-modality discriminator D. The gen-

erator G consists of five components: (i) a parameter-sharing convolutional

encoder E is proposed to produce deep feature maps F ; (ii) an edge gener-

ator Ge is adopted to generate edge maps I
′

e taking as input deep features

from the encoder; (iii) an image generator Gi is used to produce intermedi-

ate images I
′
; (iv) an attention guided edge transfer module Gt is designed

to forward useful structure information from the edge generator to the im-

age generator; and (v) the semantic preserving module Gs is developed to

selectively highlight class-dependent feature maps according to the input

label for generating semantically consistent images I
′′
. Meanwhile, to ef-

fectively train the network, we propose a multi-modality discriminator D

that can simultaneously distinguish the outputs from two modalities, i.e.,

edge and image.

185



6.4. EDGEGAN MODEL DESCRIPTION CHAPTER 6. LGGAN AND EDGEGAN

EdgeGAN takes a semantic layout as input and outputs a semantically

correspondent photo-realistic image. During training, the ground truth

edge map is extracted from corresponding ground truth images with a

Canny edge detector [12].

6.4.1 Edge Guided Semantic Image Synthesis

Parameter-Sharing Encoder. The backbone encoder E can employ any

deep network architecture, such as the commonly used AlexNet [72], VGG

[148], and ResNet [47]. We directly utilize the feature maps from the last

convolutional layer as deep feature representations, i.e., F=E(S), where E

represents the encoder; S∈RN×H×W is the input label, with H and W as

width and height of the input semantic labels, and N as the total number

of semantic classes. Optionally, one can always combine multiple interme-

diate feature maps to enhance the feature representation. The encoder is

shared by the edge generator and the image generator. Then, the gradients

from the two generators all contribute to updating the parameters of the

encoder. This compact design can potentially enhance the deep represen-

tations as the encoder can simultaneously learn structure representations

from the edge generation branch and appearance representations from the

image generation branch.

Edge Guided Image Generation. As discussed, the lack of detailed

structure or geometry guidance makes it extremely difficult for the gen-

erator to produce realistic local structures and details. To overcome this

limitation, we propose to adopt the edge as guidance. A novel edge gen-

erator Ge is designed to directly generate the edge maps from the input

semantic labels. This also facilitates the shared encoder to learn more lo-

cal structures of the targeted images. Meanwhile, the image generator Gi

aims to generate photo-realistic images from the input labels. In this way,

the encoder is boosted to learn the appearance information of the targeted
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Figure 6.8: Structure of the proposed edge generatorGe (first row), the proposed attention
guided edge transfer module Gt (middle row) and the proposed image generator Gi (third
row). The edge generator Ge selectively transfers useful local structure information to
the image generator Gi using the proposed attention guided transfer module Gt. The
symbols ⊕, ⊗, and σ○ denote element-wise addition, element-wise multiplication, and
Sigmoid activation function, respectively.

images.

Previous works [119, 96, 127, 16, 184] directly use deep networks to

generate the target image, which is challenging since the network needs to

simultaneously learn appearance and structure information from the input

labels. In contrast, our EdgeGAN separately learns structure and appear-

ance via the proposed edge generator and image generator. Moreover, the

explicit guidance from the ground truth edge maps can also facilitate the

training of the encoder.

The framework of the proposed edge and image generators are illus-

trated in Figure 6.8. Given the feature maps from the last convolutional

layer of the encoder, i.e., F∈RC×H×W , where H and W are the width and

height of the features, and C is the number of channels, the edge generator

produces edge features and edge maps which are further utilized to guide
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the image generator to generate the intermediate image I
′
.

The edge generator Ge contains n convolution layers and correspond-

ingly produces n intermediate feature maps Fe={F j
e }nj=1. After that, an-

other convolution layer with Tanh non-linear activation is utilized to gen-

erate the edge map I
′

e∈R3×H×W . Meanwhile, the feature maps F is also

fed into the image generator Gi to generate n intermediate feature maps

Fi={F j
i }nj=1. Then another convolution operation with Tanh non-linear

activation is adopted to produce the intermediate image I
′

i∈R3×H×W . In

addition, the intermediate edge feature maps Fe and the edge map I
′

e are

utilized to guide the generation of the image feature maps Fi and the in-

termediate image I
′

via the Attention Guided Edge Transfer as detailed

below.

Attention Guided Edge Transfer. We further propose a novel atten-

tion guided edge transfer module Gt to explicitly employ the edge structure

information to refine the intermediate image representations. The archi-

tecture of the proposed transfer module Gt is illustrated in Figure 6.8.

To transfer useful structure information from edge feature maps Fe={F j
e }nj=1

to the image feature maps Fi={F j
i }nj=1, the edge feature maps are firstly

processed by Sigmoid activation function to generate the corresponding at-

tention maps Fa=Sigmoid(Fe)={F j
a}nj=1. Then, we multiply the generated

attention maps with the corresponding image feature maps to obtain the

refined maps which incorporate local structures and details as in Equa-

tion (6.12). Finally, the edge refined features are element-wisely summed

with the original image features to produce the final edge refined features,

which are further fed to the next convolution layer.

F j
i = Sigmoid(F j

e )× F j
i + F j

i , for j = 1, · · · , n (6.12)

In this way, the image feature maps also contain the local structure infor-

mation provided by the edge feature maps. Similarly, to directly employ
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Figure 6.9: Overview of the proposed semantic preserving module Gs, which aims at cap-
turing the semantic information and predicts scaling factors conditioned on the combined
feature maps F . These learned factors selectively highlight class-dependent feature maps,
which are visualized in different colors. The symbols ⊕, ⊗, and σ○ denote element-wise
addition, element-wise multiplication, and Sigmoid activation function, respectively.

the structure information from the generated edge map I
′

e for image gen-

eration, we adopt the attention guided edge transfer module to refine the

generated image directly with edge information as in Equation (6.13).

I
′
= Sigmoid(I

′

e)× I
′

i + I
′

i, (6.13)

where I
′

a=Sigmoid(I
′

e) is the generated attention map. We also provide the

visualization results of Equation (6.13) in Figure 6.28 (right).

6.4.2 Semantic Preserving Image Enhancement

Due to the spatial resolution loss caused by convolution, normalization

and down-sampling layers, existing models [184, 119, 127, 16] cannot fully

preserve the semantic information of the input labels as illustrated in Fig-

ure 6.27. For instance, the small ‘pole’ is missing and the large ‘fence’

is incomplete. To tackle this problem, we propose a novel semantic pre-

serving module, which aims to select class-dependent feature maps and

further enhance it through the guidance of the original semantic layout.

An overview of the proposed semantic preserving module Gs is shown in

Figure 6.9.

Specifically, the input of the module, denoted as F , is the concatenation

of the input label S, the generated intermediate edge map I
′

e and image I
′
,
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and the deep feature F produced from the shared encoder E.

Then, we apply a convolution operation on F to produce a new feature

map Fc with the number of channels equal to the number of semantic

categories, where each channel corresponds to a specific semantic category

(a similar conclusion can be found in [38]). Next, we apply the averaging

pooling operation on Fc to obtain the global information of each class

followed by a Sigmoid activation function to derive scaling factors γ
′

as

in Equation (6.14), where each value represents the importance of the

corresponding class.

γ
′
= Sigmoid(AvgPool(Fc)). (6.14)

Then, the scaling factor γ
′

is adopted to reweight the feature map Fc and

highlight corresponding class-dependent feature maps as Equation (6.15).

The reweighted feature map is further added with the original feature

Fc to compensate information loss due to multiplication, and produces

F ′

c∈RN×H×W ,

F ′

c = Fc × γ
′
+ Fc. (6.15)

After that, we perform another convolution operation on F ′

c to obtain the

feature map F ′∈R(C+N+3+3)×H×W to enhance the representative capability

of the feature. In addition, F ′
has the same size as the original input one

F , which makes the module flexible and can be plugged into other existing

architectures without modifications of other parts to refine the output.

Finally, the feature map F ′
is fed into a convolutional layer followed

by a Tanh non-linear activation layer to obtain the final result I
′′
. The

semantic preserving module enhances the representational power of the

model by adaptively recalibrating semantic class-dependent feature maps,

and shares similar spirits with style transfer [52], and recent works SENet

[49] and EncNet [214]. One intuitive example of the utility of the module
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is for the generation of small object classes: the small object classes are

easily missed in the generation results due to spatial resolution loss while

our scaling factor can put an emphasis on small objects and help preserve

them.

6.4.3 Optimization Objective

Multi-Modality Discriminator. To facilitate the training of the pro-

posed EdgeGAN for high-quality edge and image generation, a novel multi-

modality discriminator is developed to simultaneously distinguish outputs

from two modality spaces, i.e., edge and image. Since the edges and RGB

images share the same structure, they can be learned using the multi-

modality discriminator. In the preliminary experiment, we also tried to

use two discriminators, but no performance improvement was observed

while increasing the model complexity. Thus, we use the proposed multi-

modality discriminator. The framework of the proposed multi-modality

discriminator is shown in Figure 6.4, which is capable of discriminating

both real/fake images and edges. To discriminate real/fake edges, the dis-

criminator loss considering the semantic label S and the generated edge

I
′

e (or the real edge Ie) is as Equation (6.16) which guide the model to

distinguish real edges from fake generated edges.

LCGAN(Ge, D) = ES,Ie [logD(S, Ie)] + ES,I ′e
[
log(1−D(S, I

′

e))
]
. (6.16)

Further, to discriminate real/fake images, the discriminator loss regarding

semantic label S and the generated images I
′
, I

′′
(or the real image I) is as
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Equation (6.17), which guide the model to discriminate real/fake images.

LCGAN(Gi, Gs, D) = (λ+ 1)ES,I [logD(S, I)] + ES,I ′
[
log(1−D(S, I

′
))
]

+ λES,I ′′
[
log(1−D(S, I

′′
))
]
,

(6.17)

where λ controls the losses of the generated two images.

Optimization Objective. Equipped with the multi-modality discrimi-

nator, we elaborate on the training objective for the proposed method as

follows. Three different losses, i.e., the multi-modality adversarial loss, the

discriminator feature matching loss Lf and the perceptual loss Lp, are used

to optimize the proposed EdgeGAN,

min
G

max
D
L = λc (LCGAN(Ge, D)+LCGAN(Gi, Gs, D))︸ ︷︷ ︸

Multi-Modality Adversarial Loss

+ λf (Lf(Ie, I
′

e)+Lf(I, I
′
)+λLf(I, I

′′
))︸ ︷︷ ︸

Discriminator Feature Matching Loss

+ λp (Lp(Ie, I
′

e)+Lp(I, I
′
)+λLp(I, I

′′
))︸ ︷︷ ︸

Perceptual Loss

,

(6.18)

where λc, λf and λp are three parameters of the corresponding loss that

contributes to the total loss L; where Lf matches the discriminator in-

termediate features between the generated images/edges and the real im-

ages/edges; where Lp matches the VGG [148] extracted features between

the generated images/edges and the real images/edges. By maximizing the

discriminator loss, the generator is promoted to simultaneously generate

reasonable edge maps that can capture the local-aware structure infor-

mation and generate photo-realistic images semantically aligned with the

input semantic labels.
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6.4.4 Implementation Details

We adopt GauGAN [119] as the structure of our encoder E, which is built

on ResNet [47]. For both the image generator Gi and edge generator Ge,

the kernel size and padding size of convolutions are all 3×3 and 1 for

preserving the feature map size. We set n=3 for generators Gi, Gs and Gt.

The channel size of feature F is set to C=64. For the semantic preserving

module Gs, we adopt an adaptive average pooling operation. Spectral

normalization [104] is applied to all the layers in both the generator and

discriminator. We adopt the Canny edge detector [12] to extract ground

truth edge maps for training. Also, we follow the training procedures of

GANs [41] and alternatively train the generator G and discriminator D,

i.e., one gradient descent step on discriminator and generator alternately.

We use the Adam solver [68] and set β1=0, β2=0.999. λc, λf , and λp

in Equation (6.18) is set to 1, 10, and 10, respectively. All λ in both

Equations (6.17) and (6.18) are set to 2. We conduct the experiments on

an NVIDIA DGX1 with 8 V100 GPUs.

6.5 LGGAN Experiments

6.5.1 Local and Global GAN

The proposed LGGAN can be applied to different generative tasks, such

as cross-view image translation [165] and semantic image synthesis [119].

Cross-View Image Translation

Datasets and Evaluation Metrics. We follow [165, 134] and perform

experiments on the SVA [116], Dayton [179], and CVUSA [192] datasets.

Similar to [134, 165], we employ inception score (IS), Fréchet inception dis-

tance (FID) [48], accuracy, KL divergence score (KL), structural similarity
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Figure 6.10: Qualitative comparison of cross-view image translation in a2g direction on
SVA.

Figure 6.11: Qualitative comparison of cross-view image translation in both a2g (top
three rows) and g2a (bottom three rows) directions on Dayton.

(SSIM), peak signal-to-noise ratio (PSNR), and sharpness difference (SD)

to evaluate the proposed model.

State-of-the-Art Comparisons. We compare our LGGAN with several

recently proposed state-of-the-art methods, i.e., Zhai et al. [211], Pix2pix [55],

X-SO [134], X-Fork [133] and X-Seq [133]. The comparison results are

shown in Tables 6.1, 6.2, and 6.3. We observe that the proposed LGGAN

consistently outperforms the competing methods in all metrics.
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Figure 6.12: Qualitative comparison of cross-view image translation in a2g direction on
CVUSA.

To study the effectiveness of our LGGAN, we conduct experiments

and compare against using semantic maps and RGB images as input,

Pix2pix++ [55], X-Fork++ [133], X-Seq++ [133], and SelectionGAN [165].

We implement Pix2pix++, X-Fork++, and X-Seq++ using their public

source codes. The results are shown in Tables 6.1, 6.2, and 6.3. LGGAN

achieves significantly better results than Pix2pix++, X-Fork++, and X-

Seq++, confirming its advantage. A direct comparison with SelectionGAN

is also shown in the tables, where our model provides better results on all

metrics except those for pixel-level evaluation, i.e., SSIM, PSNR, and SD.

SelectionGAN achieves slightly better results in these three metrics be-

cause it uses a two-stage generation strategy and an attention selection

module. However, we generate much more photorealistic results than Se-

lectionGAN, as shown in Figures 6.10, 6.11, and 6.12.

Qualitative Evaluation. The qualitative results of our model compared

with the leading methods are shown in Figures 6.10, 6.11, and 6.12. The re-

sults generated by the proposed LGGAN are visually better than those pro-

vided by the existing methods. Specifically, our method generates clearer

details for objects such as cars, buildings, roads, and trees.

Arbitrary Cross-View Image Translation. We also follow Selection-

GAN [165] and show some results on arbitrary cross-view image translation
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Method
Accuracy (%) ↑ Inception Score∗ ↑

SSIM ↑ PSNR ↑ SD ↑ KL ↓ FID ↓
Top-1 Top-5 All Top-1 Top-5

X-Pix2pix [55] 8.5961 30.3288 9.0260 29.9102 2.0131 1.7221 2.2370 0.3206 17.9944 17.0254 19.5533 859.66
X-SO [134] 7.5146 30.9507 10.3905 38.9822 2.4951 1.8940 2.6634 0.4552 21.5312 17.5285 12.0906 443.79
X-Fork [133] 17.3794 53.4725 23.8315 63.5045 2.1888 1.9776 2.3664 0.4235 21.2400 16.9371 4.1925 129.16
X-Seq [133] 19.5056 57.1010 25.8807 65.3005 2.2232 1.9842 2.4344 0.4638 22.3411 17.4138 3.7585 118.70
H-Pix2pix [134] 18.0706 54.8068 23.4400 62.3072 2.1906 1.9507 2.4069 0.4327 21.6860 16.9468 4.2894 117.13
H-SO [134] 5.2444 26.4697 5.2544 31.9527 2.3202 1.9410 2.7340 0.4457 21.7709 17.3876 12.8761 1452.88
H-Fork [134] 18.0182 51.0756 26.6747 62.8166 2.3202 1.9525 2.3918 0.4240 21.6327 16.8653 4.7246 109.43
H-Seq [134] 20.7391 57.5378 28.5517 67.4649 2.2394 1.9892 2.4385 0.4249 21.4770 17.5616 4.4260 95.12
H-Regions [134] 15.4803 48.0767 21.8225 56.8994 2.6328 2.0732 2.8347 0.4044 20.9848 17.6858 6.0638 88.78
Pix2pix++ [55] 8.8687 34.5434 9.2713 35.7490 2.5625 2.0879 2.7961 0.3664 17.6549 18.4015 13.1153 220.23
X-Fork++ [133] 10.2658 37.8405 11.4138 38.7976 2.4280 2.0387 2.7630 0.3406 17.3937 18.2153 10.1403 166.33
X-Seq++ [133] 11.2580 36.8018 11.9838 36.9231 2.6849 2.1325 2.9397 0.3617 17.4893 18.4122 11.8560 154.80
SelectionGAN [165] 33.9055 71.8779 50.8878 85.0019 2.6576 2.1279 2.9267 0.5752 24.7136 19.7302 2.6183 26.09
LGGAN (Ours) 37.0871 75.1314 56.0278 85.4714 2.8088 2.2804 3.1205 0.5609 24.4779 19.6138 2.2922 25.04

Table 6.1: Quantitative comparison of cross-view image translation on SVA in the a2g
direction. (∗) The inception scores for real (ground truth) data are 3.1282, 2.4932, and
3.4646 for the ‘all’, ‘top-1’, and ‘top-5’ setups, respectively.

Method
Accuracy (%) ↑ Inception Score∗ ↑

SSIM ↑ PSNR ↑ SD ↑ KL ↓
Top-1 Top-5 All Top-1 Top-5

Pix2pix [55] 6.80 9.15 23.55 27.00 2.8515 1.9342 2.9083 0.4180 17.6291 19.2821 38.26 ± 1.88
X-SO [134] 27.56 41.15 57.96 73.20 2.9459 2.0963 2.9980 0.4772 19.6203 19.2939 7.20 ± 1.37
X-Fork [133] 30.00 48.68 61.57 78.84 3.0720 2.2402 3.0932 0.4963 19.8928 19.4533 6.00 ± 1.28
X-Seq [133] 30.16 49.85 62.59 80.70 2.7384 2.1304 2.7674 0.5031 20.2803 19.5258 5.93 ± 1.32

Pix2pix++ [55] 32.06 54.70 63.19 81.01 3.1709 2.1200 3.2001 0.4871 21.6675 18.8504 5.49 ± 1.25
X-Fork++ [133] 34.67 59.14 66.37 84.70 3.0737 2.1508 3.0893 0.4982 21.7260 18.9402 4.59 ± 1.16
X-Seq++ [133] 31.58 51.67 65.21 82.48 3.1703 2.2185 3.2444 0.4912 21.7659 18.9265 4.94 ± 1.18
SelectionGAN [165] 42.11 68.12 77.74 92.89 3.0613 2.2707 3.1336 0.5938 23.8874 20.0174 2.74 ± 0.86
LGGAN (Ours) 48.17 79.35 81.14 94.91 3.3994 2.3478 3.4261 0.5457 22.9949 19.6145 2.18 ± 0.74

Table 6.2: Quantitative comparison of cross-view image translation on Dayton in the a2g
direction. (∗) The inception scores for real (ground truth) data are 3.8319, 2.5753, and
3.9222 for the ‘all’, ‘top-1’, and ‘top-5’ setups, respectively.

Method
Accuracy (%) ↑ Inception Score∗ ↑

SSIM ↑ PSNR ↑ SD ↑ KL ↓
Top-1 Top-5 All Top-1 Top-5

Zhai et al. [211] 13.97 14.03 42.09 52.29 1.8434 1.5171 1.8666 0.4147 17.4886 16.6184 27.43 ± 1.63
Pix2pix [55] 7.33 9.25 25.81 32.67 3.2771 2.2219 3.4312 0.3923 17.6578 18.5239 59.81 ± 2.12
X-SO [134] 0.29 0.21 6.14 9.08 1.7575 1.4145 1.7791 0.3451 17.6201 16.9919 414.25 ± 2.37
X-Fork [133] 20.58 31.24 50.51 63.66 3.4432 2.5447 3.5567 0.4356 19.0509 18.6706 11.71 ± 1.55
X-Seq [133] 15.98 24.14 42.91 54.41 3.8151 2.6738 4.0077 0.4231 18.8067 18.4378 15.52 ± 1.73
Pix2pix++ [55] 26.45 41.87 57.26 72.87 3.2592 2.4175 3.5078 0.4617 21.5739 18.9044 9.47 ± 1.69
X-Fork++ [133] 31.03 49.65 64.47 81.16 3.3758 2.5375 3.5711 0.4769 21.6504 18.9856 7.18 ± 1.56
X-Seq++ [133] 34.69 54.61 67.12 83.46 3.3919 2.5474 3.4858 0.4740 21.6733 18.9907 5.19 ± 1.31
SelectionGAN [165] 41.52 65.51 74.32 89.66 3.8074 2.7181 3.9197 0.5323 23.1466 19.6100 2.96 ± 0.97
LGGAN (Ours) 44.75 70.68 78.76 93.40 3.9180 2.8383 3.9878 0.5238 22.5766 19.7440 2.55 ± 0.95

Table 6.3: Quantitative comparison of cross-view image translation on CVUSA in a2g
direction. (∗) The inception scores for real (ground truth) data are 4.8741, 3.2959, and
4.9943 for the ‘all’, ‘top-1’, and ‘top-5’ setups, respectively.

(Figure 6.13). We observe that, given an aerial image and a few seman-

tic maps, LGGAN is able to produce the same scene but with different
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Figure 6.13: Examples of arbitrary cross-view image translation.

Model Pix2pix [55] X-Fork [133] X-Seq [133] SelectionGAN [165] LGGAN

G 39.0820 39.2163 39.0820*2 55.4808 12.1913
D 2.7696 2.7696 2.7696*2 2.7687 2.7678*2

Total 41.8516 41.9859 83.7032 58.2495 17.7269

Table 6.4: Comparison of the number of network parameters (M). ‘G’ and ‘D’ stand for
generator and discriminator, respectively.

Method
Cityscapes ADE20K COCO-Stuff

mIoU ↑ Acc ↑ FID ↓ mIoU ↑ Acc ↑ FID ↓ mIoU ↑ Acc ↑ FID ↓

CRN [16] 52.4 77.1 104.7 22.4 68.8 73.3 23.7 40.4 70.4
SIMS [127] 47.2 75.5 49.7 - - - - - -
Pix2pixHD [184] 58.3 81.4 95.0 20.3 69.2 81.8 14.6 45.7 111.5
SelectionGAN [168] 63.8 82.4 65.2 40.1 81.2 33.1 - - -
PIS [35] 64.8 82.4 96.4 - - - 38.6 69.0 28.8
TSIT [58] 65.9 82.7 59.2 38.6 80.8 31.6 - - -
DAGAN [154] 66.1 82.6 60.3 40.5 81.6 31.9 - - -
GauGAN [119] 62.3 81.9 71.8 38.5 79.9 33.9 37.4 67.9 22.6
+ SAU (Ours) 65.5 82.5 48.3 39.8 80.7 32.0 39.0 69.1 20.1
LGGAN (Ours) 68.4 83.0 57.7 41.6 81.8 31.6 - - -
+ SAU (Ours) 67.7 82.9 48.1 41.4 81.5 30.5 - - -

Table 6.5: Quantitative comparison of semantic image synthesis on Cityscapes, ADE20K,
and COCO-Stuff.

viewpoints.

Network Parameter Comparisons. In Table 6.4, we compare the num-

ber of network parameters in LGGAN with several state-of-the-art models.

As we can see, the proposed LGGAN achieves superior model capacity and

better generation performance compared with existing methods.
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AMT ↑ Cityscapes ADE20K

LGGAN (Ours) vs. CRN [16] 67.38 79.54
LGGAN (Ours) vs. Pix2pixHD [184] 56.16 85.69
LGGAN (Ours) vs. SIMS [127] 54.84 -
LGGAN (Ours) vs. GauGAN [119] 53.19 57.31

Table 6.6: User study. The numbers indicate the percentage of users who favor the results
of the proposed LGGAN over the competing methods.

Semantic Image Synthesis

Datasets and Evaluation Metrics. We follow GauGAN [119] and con-

duct extensive experiments on Cityscapes [26], ADE20K [226], and COCO-

Stuff [11]. We use mean intersection-over-union (mIoU), pixel accuracy

(Acc), and Fréchet inception distance (FID) [48] as the evaluation metrics.

State-of-the-Art Comparisons. We compare the proposed LGGAN

with several leading semantic image synthesis methods, i.e., Pix2pixHD [184],

CRN [16], SIMS [127], GauGAN [119], SelectionGAN [165], TSIT [58],

PIS [35], and DAGAN [154]. The results in terms of mIoU, Acc, and FID

are shown in Table 6.5. The proposed LGGAN outperforms the existing

competing methods by a large margin in both mIoU and Acc. For FID,

LGGAN is only worse than SIMS on Cityscapes. However, SIMS has poor

segmentation performance. This is because SIMS produces an image by

searching and copying image patches from the training dataset. The gen-

erated images are more realistic since the method uses real image patches.

However, SIMS tends to copy objects with mismatched patches due to the

presence queries that cannot be guaranteed to have results. Finally, we fol-

low the evaluation protocol of GauGAN and provide Amazon Mechanical

Turk (AMT) results, as shown in Table 6.6. As can be seen, users favor

our synthesized results on both datasets compared with other competing

methods including SIMS.

Qualitative Evaluation. The qualitative results compared with the lead-
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(a) GauGAN vs. LGGAN. (b) LGGAN vs. LGGAN++ (i.e., LGGAN+SAU).

Figure 6.14: Qualitative comparison of semantic image synthesis on Cityscapes (top three
rows) and ADE20K (bottom three rows).

Figure 6.15: Visualization of class-specific feature maps learned for three different classes,
i.e., road, vegetation, and cars.

ing method GauGAN [119] are shown in Figure 6.14(a). We can see that

our LGGAN generates much better results with fewer visual artifacts than

GauGAN.

Visualization of Learned Feature Maps. In Figure 6.15, we randomly

show some channels from the learned class-specific feature maps (30th to

32th, and 50th to 52th) on Cityscapes to see if they clearly highlight partic-

ular semantic classes. We show the visualization results for three different

classes, i.e., road, vegetation, and cars. We can easily observe that each

local subgenerator effectively learns the deep class-level representations,

further confirming our motivations.
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Figure 6.16: Visualization of semantic maps generated by LGGAN compared with those
from GauGAN [119] on Cityscapes (top two rows) and ADE20K (bottom two rows).

Visualization of Generated Semantic Maps. We follow GauGAN [119]

and apply pretrained segmentation networks on the generated images to

produce semantic maps, i.e., DRN-D-105 [207] for Cityscapes and Uper-

Net101 [195] for ADE20K. The generated semantic maps of our LGGAN,

GauGAN, and ground truths are shown in Figure 6.16. As can be seen,

LGGAN generates better semantic maps than GauGAN, especially on lo-

cal textures (‘car’ in the first row) and small objects (‘traffic sign’ and

‘pole’ in the second row).

Ablation Study

Baselines. We conduct extensive ablation studies on Cityscapes to eval-

uate different components of our LGGAN. The proposed LGGAN has five

baselines (i.e., B1, B2, B3, B4, B5), as shown in Table 6.7: (i) In B1,

only the global generator is adopted. (ii) B2 combines the global gener-

ator and the proposed local generator to produce the final results, where

the local results are produced using an addition operation, as proposed in
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No. Setup of LGGAN mIoU ↑ FID ↓

B1 Ours w/ Global 62.3 71.8
B2 B1 + Local (addition) 64.6 66.1
B3 B1 + Local (convolution) 65.8 65.6
B4 B3 + Class Discriminative Loss 67.0 61.3
B5 B4 + Weight Map 68.4 57.7

Table 6.7: Ablation study of the proposed LGGAN on Cityscapes.

Equation (6.4). (iii) B3 is similar to B2 but uses a convolutional layer to

generate the local results, as presented in Equation (6.5). (iv) B4 employs

the proposed classification-based discriminative feature learning module.

(v) B5 is our full LGGAN model and adopts the proposed weight map

fusion strategy.

Effect of Local and Global Generation. The results of the ablation

study are shown in Table 6.7. When using an addition operation to gen-

erate the local result, the local and global generation strategy improves

the mIoU and FID by 2.3 and 5.7, respectively. When adopting a convo-

lutional operation to produce the local results, the performance is further

improved, with a 3.5 and 6.2 gain in mIoU and FID, respectively. Both

results confirm the effectiveness of the proposed local and global generation

framework. We also provide qualitative results in Figure 6.1. We observe

that our full model, i.e., Global+Local, generates visually better results

than both the individual global and local methods.

Effect of Classification-Based Feature Learning. B4 significantly

outperforms B3, with gains of roughly 1.2 and 4.3 in mIoU and FID, re-

spectively. This means that the model does indeed learn a more discrim-

inative class-specific feature representation, confirming the superiority of

our design.

Effect of Weight Map Fusion. By adding the proposed weight map

fusion scheme in B5, the overall performance is further boosted, with im-

provements of 1.4 and 3.6 in mIoU and FID, respectively. This indicates
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(a) Cityscapes. (b) Facades.

Figure 6.17: Qualitative comparison of semantic image sythesis on Cityscapes and Fa-
cades.

that the proposed LGGAN can in fact learn complementary information

from the local and global generation branches. In Figure 6.1, we show

some examples of the generated weight maps. As can be seen, the gen-

erated global weight maps mainly focus on learning the global layout and

structure, while the learned local weight maps focus on the local details,

especially the connection between different classes.

6.5.2 Semantic-Aware Upsampling

Datasets. We first follow GauGAN [119] and conduct experiments on

Cityscapes [26], ADE20K [226], and COCO-Stuff [11]. Then we conduct

experiments on three more datasets with diverse scenarios. 1) Facades

[176] contains different city images with various architectural styles. The

training and test sets have 378 and 228 images, respectively. We resize the

images to 512×512 for high-resolution layout-to-image translation tasks.

2) CelebAMask-HQ [75] contains face images with 19 semantic facial at-

tributes. The training and test sets are made up of 24,183 and 2,842

images, respectively. We also resize these images to 512×512. 3) Deep-

Fashion [97] contains human body images. The number of images in the
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(a) DeepFashion. (b) CelebAMask-HQ.

Figure 6.18: Qualitative comparison of semantic image synthesis on DeepFashion and
CelebAMask-HQ.

training and test sets are 30,000 and 2,247, respectively. We resize the

images to 256×256, and use a well-trained model [83] to extract input

semantic layouts for this dataset.

Evaluation Metrics. We follow GauGAN [119] and use mIoU, Acc, and

FID [48] as the evaluation metrics on Cityscapes, ADE20K, and COCO-

Stuff. For DeepFashion, CelebAMask-HQ, and Facades, we use FID and

Learned Perceptual Image Patch Similarity (LPIPS) [220].

State-of-the-Art Comparisons

Qualitative Comparisons. We first compare the proposed GauGAN+SAU

with GauGAN [119] on DeepFashion, CelebAMask-HQ, and Facades. Specif-

ically, we replace the feature upsampling layer in GauGAN with our SAU

layer. Visualization results are shown in Figures 6.17(b) and 6.18. We can

see that the model with SAU generates more photorealistic results than
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(a) ADE20K. (b) COCO-Stuff.

Figure 6.19: Qualitative comparison of semantic image synthesis on ADE20K and COCO-
Stuff.

AMT ↑ Cityscapes ADE20K COCO-Stuff DeepFashion Facades CelebAMask-HQ

GauGAN+SAU (Ours) vs. GauGAN 63.8 65.7 62.4 60.1 58.3 70.5

Table 6.8: User study. The numbers indicate the percentage of users who favor the results
of the proposed GauGAN+SAU over GauGAN.

the original GauGAN. Moreover, we compare GauGAN and the proposed

method in a zoomed-in manner on CelebAMask-HQ in Figure 6.20(b). As

can be seen, the model with our SAU generates more vivid content than

the original GauGAN model, further validating the effectiveness of SAU.

Lastly, we compare the proposed method with GauGAN on Cityscapes,

ADE20K, and COCO-Stuff. Comparison results are shown in Figures 6.17(a)

and 6.19. Our method produces clearer and more visually plausible results

than both leading methods, further demonstrating the benefit of our de-

sign.

User Study. We follow the same evaluation protocol as GauGAN and

perform a user study. The results compared with the original GauGAN
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(a) Cityscapes. (b) CelebAMask-HQ.

Figure 6.20: (a) Visualization of semantic maps generated by GauGAN+SAU compared
with those from GauGAN [119] on Cityscapes. The most improved regions are highlighted
in the ground truths with white dash boxes. (b) Comparison in a zoomed-in manner on
CelebAMask-HQ.

Method
DeepFashion Facades CelebAMask-HQ

FID ↓ LPIPS ↓ FID ↓ LPIPS ↓ FID ↓ LPIPS ↓

GauGAN [119] 22.8 0.2476 116.8 0.5437 42.2 0.4870
+ SAU (Ours) 20.8 0.2446 112.4 0.5387 33.6 0.4788

Table 6.9: Quantitative comparison of semantic image synthesis on DeepFashion, Facades,
and CelebAMask-HQ.

are shown in Table 6.8. As can be seen, users strongly favor the results

generated by our proposed method on all datasets, further validating that

the images generated by our upsampling method are more photorealistic.

Quantitative Comparisons. Although the user study is most suitable

for evaluating the quality of the generated images, we also follow GauGAN

and use mIoU, Acc, FID, and LPIPS for quantitative evaluation. The

results compared with several leading methods are shown in Tables 6.5

and 6.9. Firstly, we observe from Table 6.9 that the model with SAU

achieves better results than GauGAN on DeepFashion, CelebAMask-HQ,

and Facades. Moreover, from Table 6.5, we can see that our method (i.e.,

GauGAN+SAU) achieves competitive results compared with other leading

methods on Cityscapes, ADE20K, and COCO-Stuff.
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Visualization of Generated Semantic Maps. We again follow Gau-

GAN and apply the pretrained DRN-D-105 [207] to the generated Cityscapes

images to produce semantic maps. The results, compared with those pro-

duced by GauGAN, are shown in Figure 6.20(a). We see that the method

with our proposed SAU generates more semantically consistent results than

the original GauGAN.

LGGAN vs. LGGAN++. Our SAU is general and can be seamlessly

integrated into existing GANs. To demonstrate this generalization ability,

we conduct more experiments on both Cityscapes and ADE20K. Specifi-

cally, we replace the upsampling layers in LGGAN [169] with the proposed

SAU. The results are shown in Table 6.5 and Figure 6.14(b). We can

see from Figure 6.14(b) that LGGAN++ achieves more photorealistic re-

sults than LGGAN, validating the generalization ability of SAU. Moreover,

LGGAN+SAU (i.e., LGGAN++) achieves a significantly better FID score

on both datasets, as shown in Table 6.5.

Ablation Study

Baselines. We conduct an extensive ablation study on Cityscapes to

evaluate the effectiveness of the proposed SAU. As shown in Table 6.10,

B1, B2, and B3 are three traditional upsampling methods. B4 and B5

are two learnable upsampling methods. B6 is the spatial attention module

proposed in [38]. B7 is our proposed SAU.

Ablation Analysis. We first compare the proposed SAU with different

upsampling strategies (i.e., B1, B2, B3, B4, B5). The results of the ablation

study are shown in Table 6.10 and Figure 6.21. We can see from Table

6.10 that the proposed SAU achieves a significantly better FID than other

methods, indicating that the design of effective upsampling methods is

critical for this challenging task. We also observe from Figure 6.21 that the

proposed SAU generates more photorealistic and semantically consistent
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Figure 6.21: Qualitative comparison of different upsampling methods on Cityscapes. Key
differences are highlighted by red boxes.

No. Method FID ↓ Params ↓

B1 Nearest-Neighbor Upsampling 58.7 93.0M
B2 Bilinear Upsampling 52.9 93.0M
B3 Bicubic Upsampling 54.4 93.0M
B4 Deconvolution [111] 54.0 98.6M
B5 Pixel Shuffle [141] 59.1 143.2M
B6 Spatial Attention [38] 56.2 97.4M
B7 SAU (Ours) 48.3 93.4M

Table 6.10: Quantitative comparison of different feature upsampling and enhancement
methods on Cityscapes.

results with fewer artifacts than other upsampling methods. Moreover,

we add the spatial attention module [38] to GauGAN, obtaining 56.2 in

FID. We can see that our method still significantly outperforms spatial

attention.

Model Parameter Comparisons. We also compare the number of gen-

erator parameters with different baselines. The results are shown in Ta-

ble 6.10. Traditional upsampling methods (B1, B2, and B3) have the

same number of parameters. Moreover, we can see that the proposed SAU

achieves superior model capacity compared to the learnable upsampling
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(a) Cityscapes. (b) ADE20K. (c) COCO-Stuff.

(d) CelebAMask-HQ. (e) DeepFashion.

Figure 6.22: Exemplar applications of the proposed method on different datasets.

methods (i.e., B4 and B5) and spatial attention (i.e., B6).

Applications

Semantic Manipulation. Our model also supports semantic manipula-

tion. For instance, we can replace a building with trees (Figure 6.22(a)), in-

sert a bed into a room (Figure 6.22(b)), add a few zebras to some grass (Fig-

ure 6.22(c)), or remove earrings and eyeglasses from a face (Figure 6.22(d)).

These applications provide users more controllability during the translation

process.

Multi-Modal Synthesis. By using a random vector as the input of the

generator, our model can perform multi-modal synthesis. The results are

shown in Figure 6.22(e). We can see that our model generates different

outputs from the same input layout.
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Figure 6.23: Results of GauGAN [119] and EdgeGAN on CelebAMask-HQ (left), Deep-
Fashion (middle), and Facades (right).

Figure 6.24: Results of GauGAN [119] and EdgeGAN on Cityscapes (left), ADE20K
(middle), and COCO-Stuff (right).

6.6 EdgeGAN Experiments

Datasets and Evaluation Metrics. We first follow GauGAN [119]

and conduct experiments on three datasets, i.e., Cityscapes [26], ADE20K

[226], and COCO-Stuff [11]. We then conduct experiments on three more

datasets with diverse scenarios to evaluate the effectiveness of the proposed

EdgeGAN. (1) Facades [176] contains 378 and 228 training and test im-

ages, respectively. We resize the images to 512×512 for high-resolution im-

age generation; (2) CelebAMask-HQ [75] contains 24,183 and 2,842 train-

ing and test images, respectively. We also resize the images to 512×512;

(3) DeepFashion [97] contains 30,000 and 2,247 training and test samples,

respectively. We resize the images to 256×256, and use a well-trained

model [83] to obtain input semantic layouts. Moreover, we follow [119] and

adopt the mean Intersection-over-Union (mIoU), Pixel Accuracy (Acc),

and Fréchet Inception Distance (FID) [48] as the evaluation metrics.
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AMT ↑ DeepFashion Facades CelebAMask-HQ

Ours vs. GauGAN [119] 69.13 73.41 78.56

AMT ↑ Cityscapes ADE20K COCO-Stuff
Ours vs. CRN [16] 70.28 81.35 84.71
Ours vs. Pix2pixHD [184] 60.85 85.18 89.36
Ours vs. SIMS [127] 57.67 - -
Ours vs. GauGAN [119] 56.54 60.49 65.96
Ours vs. CC-FPSE [96] 55.81 57.75 61.52

Table 6.11: User preference study on six datasets. The numbers indicate the percentage
of users who favor the results of the proposed EdgeGAN over the competing method.

6.6.1 State-of-the-Art Comparisons

Qualitative Comparisons. Visual comparison results of DeepFashion,

Facades, and CelebAMask-HQ with the leading method GauGAN [119] are

shown in Figure 6.23. Note that we used the source code provided by the

authors to generate the results of GauGAN on these three datasets for fair

comparisons. We can see that the proposed EdgeGAN achieves visually

better results with fewer visual artifacts than GauGAN. To further validate

the effectiveness of the proposed EdgeGAN, we compare it with GauGAN

[119] on the Cityscapes, ADE20K, and COCO-Stuff datasets. The compar-

ison results are shown in Figure 6.24. We observe that EdgeGAN generates

sharper images than GauGAN, especially at local structures and details.

User Study. We follow the same evaluation protocol of GauGAN [119]

and conduct a user study. Specifically, we give the participants an input

semantic label and two translated images from different models and ask

them to choose the generated image that looks more like a corresponding

image of the semantic label. The participants are given unlimited time to

make the decision. The results of DeepFashion, Facades, and CelebAMask-

HQ compared with GauGAN [119] are shown in Table 6.11 (top). More-

over, we provide the results compared with Pix2pixHD [184], CRN [16],

SIMS [127], GauGAN [119], and CC-FPSE [96] on the other three datasets
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FID ↓ DeepFashion Facades CelebAMask-HQ

GauGAN [119] 22.8 116.8 42.2
EdgeGAN 21.1 99.9 28.1

Table 6.12: Quantitative comparison with GauGAN [119] on DeepFashion, Facades, and
CelebAMask-HQ.

Method
Cityscapes ADE20K COCO-Stuff

mIoU ↑ Acc ↑ FID ↓ mIoU ↑ Acc ↑ FID ↓ mIoU ↑ Acc ↑ FID ↓

CRN [16] 52.4 77.1 104.7 22.4 68.8 73.3 23.7 40.4 70.4
SIMS [127] 47.2 75.5 49.7 - - - - - -
Pix2pixHD [184] 58.3 81.4 95.0 20.3 69.2 81.8 14.6 45.8 111.5
PIS [35] 64.8 82.4 96.4 - - - 38.6 69.0 28.8
TSIT [58] 65.9 82.7 59.2 38.6 80.8 31.6 - - -
LGGAN [169] 68.4 83.0 57.7 41.6 81.8 31.6 - - -
CC-FPSE [96] 65.5 82.3 54.3 43.7 82.9 31.7 41.6 70.7 19.2
GauGAN [119] 62.3 81.9 71.8 38.5 79.9 33.9 37.4 67.9 22.6
EdgeGAN 64.5 82.5 57.1 42.0 82.0 32.4 38.3 68.7 21.0

Table 6.13: Quantitative comparison of different methods on Cityscapes, ADE20K, and
COCO-Stuff.

(i.e., Cityscapes, ADE20K, and COCO-Stuff) in Table 6.11 (bottom). We

observe that users favor our synthesized results on all the six datasets com-

pared with other competing methods including GauGAN and CC-FPSE,

further validating that the generated images by the proposed EdgeGAN

are more natural and photo-realistic.

Quantitative Comparisons. Although the user study is more suitable

for evaluating the quality of the generated images, we also follow previous

works and use mIoU, Acc, and FID for quantitative evaluation. Results of

the six datasets are shown in Tables 6.12 and 6.13. It is clear that with

GauGAN as a baseline, the proposed EdgeGAN outperforms GauGAN by

a large margin on all the six datasets, validating the effectiveness of the

proposed method. However, we also observe that other methods such as

CC-FPSE [96] achieves better results than ours, but our proposed modules

are lightweight and general, and can be seamlessly integrated into CC-
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Figure 6.25: The generalization ability of EdgeGAN. We can see that CC-FPSE [96]
with our model (i.e., CC-FPSE w/ EdgeGAN) generates more realistic images with fewer
artifacts than CC-FPSE without using our model (i.e., CC-FPSE w/o EdgeGAN).

Method
Cityscapes ADE20K COCO-Stuff

G D Total ↓ G D Total ↓ G D Total ↓

CC-FPSE [96] 138.6M 5.2M 143.8M 151.2M 5.2M 156.4M 152.4M 5.2M 157.6M
GauGAN [119] 93.0M 5.6M 98.6M 96.5M 5.8M 102.3M 97.5M 5.9M 103.4M
EdgeGAN 93.2M 5.6M 98.8M 97.2M 5.8M 103.0M 98.4M 5.9M 104.3M

Table 6.14: Comparison of the number of model parameters. G and D denote Generator
and Discriminator, respectively.

FPSE to further improve performance with negligible overheads. Moreover,

we provide the number of model parameters in Table 6.14. We see that

EdgeGAN has much fewer model parameters compared to CC-FPSE on all

datasets, meaning that the proposed EdgeGAN can be trained with less

training time and GPU memory.

Generalization of EdgeGAN. Our proposed framework and modules

are general and can be seamlessly integrated into existing GANs. Thus, to

validate the generalization ability of EdgeGAN, we further conduct more

experiments on Cityscapes. Specifically, we adopt CC-FPSE [96] as our

encoder E and keep everything unchanged. We observe that CC-FPSE

with our method achieves significantly better results than the original one

without using our method. Specifically, we further improve the mIoU, Acc,

and FID from 65.5, 82.3, and 54.3 to 67.6, 82.9, and 50.6, respectively,

validating the generalization ability of the proposed method. We can also
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Figure 6.26: Edge and attention maps generated by EdgeGAN on Cityscapes (top),
ADE20K (middle), and COCO-Stuff (bottom).

Figure 6.27: Segmentation maps generated by GauGAN [119] and EdgeGAN on
Cityscapes (top two rows) and ADE20K (bottom two rows). ‘EdgeGAN I’ and ‘EdgeGAN
II’ stand for I

′
and I

′′
, respectively.

see that the model with our EdgeGAN generates significantly better results

than the model without using our EdgeGAN in Figure 6.25.

Visualization of Edge and Attention Maps. We also visualize the

generated edge and attention maps in Figure 6.26. We observe that the

proposed EdgeGAN can generate reasonable edge maps according to the

input labels, thus the generated edge maps can be used to provide more

local structure information for generating more photo-realistic images.

Visualization of Segmentation Maps. We follow GauGAN [119] and

apply pre-trained segmentation networks [207, 195] on the generated im-
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Figure 6.28: Results generated by EdgeGAN on the multi-modal image and edge syn-
thesis task (left). Visualization of the differences after the edge-guided refinement in
Equation (6.13) (right).

Variants of EdgeGAN mIoU ↑ Acc ↑ FID ↓

E+Gi 58.6 81.4 65.7
E+Gi+Ge 60.2 81.7 61.0
E+Gi+Ge+Gt 61.5 82.0 59.0
E+Gi+Ge+Gt+Gs 64.5 82.5 57.1

Table 6.15: Quantitative comparison of different variants of the proposed EdgeGAN on
Cityscapes.

ages to produce segmentation maps. Results compared with GauGAN [119]

are shown in Figure 6.27. We observe that the proposed EdgeGAN consis-

tently generates better semantic labels than GauGAN on both Cityscapes

and ADE20K datasets.

Multi-Modal Image and Edge Synthesis. By using a random vector

as the input of the generator, our model can perform multi-modal image

and edge synthesis. Note that existing semantic image synthesis methods

[119, 96, 169] can only achieve multi-modal image synthesis. The results

are shown in Figure 6.28 (left). We can see that our model generates

different edges and images from the same input layout, which we believe

will benefit other tasks such as image inpainting and super-resolution.

6.6.2 Ablation Study

Variants of EdgeGAN. We conduct ablation studies on Cityscapes [26]

to evaluate different components of EdgeGAN. Our EdgeGAN has four

baselines as shown in Table 6.15: (i) ‘E+Gi’ means only using the encoder
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Cityscapes ADE20K COCO-Stuff

mIoU ↑ Acc ↑ FID ↓ mIoU ↑ Acc ↑ FID ↓ mIoU ↑ Acc ↑ FID ↓

EdgeGAN I 61.7 82.1 59.1 39.6 80.9 34.2 36.8 67.3 23.1
EdgeGAN II 64.5 82.5 57.1 42.0 82.0 32.4 38.3 68.7 21.0

Table 6.16: Comparison of with (‘EdgeGAN I’) and without (‘EdgeGAN II’) using our
semantic preserving module.

E and the proposed image generator Gi to synthesize the targeted images;

(ii) ‘E+Gi+Ge’ means adopting the proposed image generator Gi and edge

generator Ge to simultaneously produce both edge maps and images; (iii)

‘E+Gi+Ge+Gt’ connects the image generator Gi and the edge generator

Ge by using the proposed attention guided edge transfer module Gt; (iv)

‘E+Gi+Ge+Gt+Gs’ is our full model and employs the proposed semantic

preserving module Gs to further improve the quality of the final results.

Effect of Edge Guided Generation Strategy. The results of the ab-

lation study are shown in Table 6.15. When using the proposed edge

generator Ge to produce the corresponding edge map from the input label,

performance on all evaluation metrics is improved. Specifically, 1.6, 0.3,

and 4.7 point gains on the mIoU, Acc, and FID metrics, respectively, which

confirms the effectiveness of the proposed edge guided generation strategy.

We also provide several visualization results of the differences (see Equa-

tion (6.13)) after the edge-guided refinement in Figure 6.28 (right).

Effect of Attention Guided Edge Transfer Module. We observe that

the implicitly learned edge structure information by the ‘E+Gi+Ge’ base-

line is not enough for such a challenging task. Thus we further adopt the

proposed attention guided edge transfer module Gt to transfer useful edge

structure information from the edge generation branch to the image gener-

ation branch. We observe that 1.3, 0.3, and 2.0 point gains are obtained on

the mIoU, Acc, and FID metrics, respectively. This means that the pro-

posed transfer module Gt indeed learns rich feature representations with
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more convincing structure cues and details, and then transfers them from

the edge generator Ge to the image generator Gi, confirming our design

motivation.

Effect of Semantic Preserving Module. By adding the proposed se-

mantic preserving module Gs, the overall performance is further boosted

with 3.0, 0.5, and 1.9 point improvements on the mIoU, Acc, and FID met-

rics, respectively. This means Gs indeed learns and highlights class-specific

semantic feature maps, leading to better generation results. In Figure 6.27,

we show some samples of the generated semantic maps. We observe that

the semantic maps produced by the results with Gs (i.e., ‘Label by Edge-

GAN II’ in Figure 6.27) are more accurate than those without using Gs

(‘Label by EdgeGAN I’ in Figure 6.27). Moreover, we provide quantitative

results in Table 6.16. We can see that Gs indeed learns better class-specific

feature representation, leading to better performance on all datasets. Both

quantitative and qualitative results confirm the effectiveness of our Gs.

6.7 Conclusion

We propose a local class-specific and global image-level generative adver-

sarial network (LGGAN) for semantic-guided image generation. The pro-

posed LGGAN contains three generation branches, i.e., global image-level

generation, local class-level generation, and pixel-level fusion weight map

generation, respectively. A new class-specific local generation network is

designed to alleviate the influence of imbalanced training data and the size

difference of objects for joint learning. To learn more discriminative and

class-specific feature representations, a novel classification module is fur-

ther proposed. Moreover, we introduce a novel semantic-aware upsampling

method, which is able to aggregate semantic information in the input lay-

out and adaptively conduct class-specific upsampling during the translation
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process. Experimental results demonstrate the superiority of the proposed

approach, which achieves the new state-of-the-art on both cross-view image

translation and semantic image synthesis, on nine public datasets.

We also propose a novel EdgeGAN for challenging semantic image syn-

thesis tasks. EdgeGAN introduces three core components: edge guided

image generation strategy, attention guided edge transfer module, and se-

mantic preserving module. The first one is employed to generate edge

maps from input semantic labels. The second one is used to selectively

transfer the useful structure information from the edge branch to the im-

age branch. The third one is adopted to alleviate the problem of spatial

resolution losses caused by different operations in the deep nets. Exten-

sive experiments on six datasets show that EdgeGAN achieves significantly

better results than existing methods. Lastly, we believe that our modules

can be easily plugged into existing GANs to address other generation or

computer vision tasks.

In the next chapter, we will introduce a novel DanceGAN for the chal-

lenging music-guided dance video synthesis task, which consists of two

generation stages, i.e., music-to-skeleton translation, and skeleton-to-video

translation.
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Chapter 7

DanceGAN

We propose a novel Dance Generative Adversarial Network (DanceGAN)

for the music-guided dance video synthesis task, i.e., translating the in-

put music to a dance video. The proposed DanceGAN consists of two

generation stages, which are music-to-skeleton translation and skeleton-

to-dance translation. We propose two novel graph attention networks

to effectively construct skeleton sequences from the input music, which

capture dependencies between joints in both spatial and temporal dimen-

sions and have not been considered by any existing GAN-based generation

work. Moreover, we propose a novel self-supervised regularization net-

work to translate the generated skeletons along with a conditional image

to a dance video, which considers the video generation from both for-

ward and backward directions such that enhancing the generation perfor-

mance and training stability. Lastly, we collect a new skeleton-to-dance

translation dataset from the internet, which contains 54,944 video se-

quences. Extensive experiments demonstrate that DanceGAN achieves sig-

nificantly realistic results on both music-to-skeleton and skeleton-to-dance

translation tasks. The source code and trained models are available at

https://github.com/Ha0Tang/DanceGAN.
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7.1 Introduction

In this paper, we mainly focus on the music-guided dance video synthesis

task, i.e., translating the input music to photo-realistic dance video as de-

picted in Figure 7.2. However, music/audio data tends to be less structured

and thus involves more challenges to model its correlation with visual/video

data, which makes generating a realistic dance video from the input music

an open question. Therefore, we decompose the synthesis task into two

generation stages: (1) music-to-skeleton translation, i.e., generating skele-

ton sequences from the input music for predicting the dance motion, and

(2) skeleton-to-dance translation, i.e., generating dance video conditioned

on the generated skeleton sequences in stage I along with a conditional

image. In this way, we simultaneously model the motion information from

the generated skeleton sequences and the appearance content (e.g., person

identity) from the conditional image, leading to the final realistic dance

video.

Existing music-to-skeleton translation methods such as [76, 65, 45, 62,

143, 39, 205, 3, 142, 1, 170] mainly rely on classical convolutional and

recurrent neural networks. For instance, Tang et al. [170] use an LSTM-

autoencoder model to generate dance pose skeletons, whilst Lee et al. [76]

introduce a synthesis-by-analysis learning framework to generate dance

from music. However, these networks suffer from training and variability

issues due to the non-Euclidean geometry of the motion manifold struc-

ture. To fix this issue, existing methods such as [135] design a method

based on graph convolutional networks (GCN) [82, 144, 200] to tackle the

problem of skeleton generation from the input music. Specifically, Ren et

al. [135] present a pose perceptual loss relied on a pre-trained GCN net-

work to match intermediate features, assuming GCN contains high-level

spatial structural information for the human skeleton structure. However,
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Figure 7.1: Skeleton sequence generated by baseline [135] and our proposed method ac-
cording to the same input music.

modeling the skeleton as a graph solely in the level of loss calculation is

insufficient to capture the dependencies and correlations between human

joints, and thus results in potential distorted actions, as shown in Fig-

ure 7.1.

To address this limitation, hereby, we explicitly treat each human joint

as a single node in the graph during the generation stage since the hu-

man skeleton has a graph-based representation by nature. Moreover, to

better capture dependencies between joints/nodes spatially and tempo-

rally, we further propose two graph attention networks, as shown in Fig-

ure 7.2. Specifically, the proposed self-frame spatial graph attention net-

work (SSGA-Net) aims to understand self-frame interactions between dif-

ferent body parts (also see Figure 7.3 (left)). While the proposed cross-

frame temporal graph attention network (CTGA-Net) targets to model

cross-frame correlations (also see Figure 7.3 (right)). We then sum the

outputs of the two graph attention networks to further give a better con-

straint on which contributes to more precise joint predictions.

To translate the generated skeleton sequence to photo-realistic dance

video, existing methods always directly adopt the state-of-the-art motion

transfer models [14, 94, 185, 230, 183] to achieve this goal. For example,
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Figure 7.2: Overview of the proposed DanceGAN framework, which consists of two trans-
lation stages, i.e., music-to-skeleton translation and skeleton-to-dance translation. Stage
I consists of a music feature extraction network Ge, a self-frame spatial graph atten-
tion network Gs, and a cross-frame temporal graph attention network Gt. The proposed
graph attention networks Gs and Gt aim to capture dependencies between human joints
from both spatial and temporal dimensions. In stage II, we propose a novel forward and
backward self-supervised regularization network Gr for translating the generated skeleton
sequence in stage I and an input conditional image I0 to photo-realistic person dancing
video.

Ren et al. [135] directly employ Pix2pixHD [184] to transfer the generated

skeletons in stage I to the target dance video. Lee et al. [76] adopt Vid2vid

[185] to convert skeleton sequences to videos. Despite their success, we still

observe that existing methods such as [184, 185] produce unsatisfactory

aspects and visual artifacts in the generated videos, which we believe is

mainly caused by the inconsistent generation order.

To fix this issue, we propose a novel forward and backward self-supervised

regularization network to generate realistic dance videos conditioned on

the generated skeleton sequence and a conditional image in stage II (see

Figure 7.2). The proposed self-supervised regularization network gener-

ates videos from three different strategies, i.e., baseline generation, forward

generation, and backward generation (see Figure 7.4). Additionally, we in-
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troduce self-supervised regularizations for forward and backward passes to

facilitate video generation and enhance the training stability. As an addi-

tional contribution, we collect a new skeleton-to-dance translation dataset

from the internet, which consists of 54,944 video sequences.

Overall, our contributions are summarized as follows:

• We propose a novel network architecture (DanceGAN) for the chal-

lenging music-guided dance video synthesis task, which consists of two

generation stages, i.e., music-to-skeleton translation, and skeleton-to-

video translation.

• We propose two graph attention networks to explicitly model depen-

dencies across joints spatially and temporally at the same time. To

the best of our knowledge, we are the first to explore the spatial and

temporal graph attention networks to guide the generation of coor-

dinated and coherent skeleton sequence from the input music. We

also design a new self-supervised regularization network to enhance

the video generation process from both forward and backward direc-

tions, which has not been investigated by any existing GAN-based

generation works.

• We conduct extensive experiments on the music-to-skeleton transla-

tion and skeleton-to-video translation tasks. Both qualitative and

quantitative results verify that the proposed DanceGAN can pro-

duce remarkably better results than existing methods. Moreover, we

collected a new skeleton-to-video translation dataset, which contains

54,944 dance video sequences.

7.2 Related Work

Music-Guided Dance Video Synthesis aims to generate dance videos

from the input music. Previous works such as [142, 115, 77, 37] usually use
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statistical models to achieve this task. Recently, several works [3, 170, 76]

use convolutional and recurrent neural networks to learn the mapping from

the input music to the output dance video harnessing the development of

deep learning. For instance, Tang et al. [170] introduce a music-guided

dance choreography synthesis method using an LSTM-autoencoder model

to learn a mapping between acoustic and motion features. Moreover, Lee

et al. [76] introduce a decomposition-to-composition framework to dis-

mantle and assemble between complex dances and basic movements condi-

tioned on the input music. However, these methods naively treat skeleton

nodes/joints as pixels of images without considering the rich self-frame and

cross-frame structure information, leading to potential distorted actions.

Different from previous methods, we utilize graph convolutional net-

works to leverage human structure representations during the generation

stage, which significantly encloses the gap towards more realistic and co-

herent results.

Graph-Based Models have shown to be efficient for many tasks such as

skeleton-based action recognition [82, 200], semi-supervised classification

[69], crowd counting [19], node classification [178], text classification [204],

anomaly detection [225], face clustering [203], relation extraction [222],

image segmentation [91], person image generation [155], traffic forecasting

[46], and scene graph generation [17].

Unlike previous methods, we employ graph-based models to solve a new

task, i.e., music-to-skeleton translation task. Ren et al. [135] present a

pose perceptual loss based on a pre-trained GCN network to match the

intermediate features to generate a realistic skeleton sequence from the

input music. However, we discovered during experiments that solely mod-

eling the skeleton as a graph in the level of loss calculation is not sufficient

to capture the long-range dependencies and correlations between human

joints, and thus potentially leads to distorted actions (see Figure 7.1). In
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this paper, we consider each human joint as a node in a graph during

the generation stage and further design two graph attention networks to

capture the long-range dependencies between joints from both spatial and

temporal dimensions. To the best of our knowledge, this spatial-temporal

graph approach has not been investigated in any existing GAN-based hu-

man skeleton generation work.

Self-Supervised Learning has shown effectiveness in many tasks such

as semantic segmentation [190, 118], depth estimation [153], object recog-

nition [227], representation learning [42, 56], image generation [173, 24],

action recognition [57], optical flow estimation[93], and commonsense rea-

soning [70].

Different from these methods, in this paper, we adopt self-supervised

learning to tackle the skeleton-to-dance translation task. Specifically, we

propose a novel self-supervised regularization network to generate realistic

dance videos from both forward and backward passes. Moreover, the self-

supervised regularizations for these two passes are proposed to facilitate the

video generation process and thus enhance the training stability, which has

not been considered in any existing GAN-based video generation methods.

7.3 Model Description

We start by introducing the details of the proposed DanceGAN, which

consists of two generation stages (i.e., music-to-skeleton translation and

skeleton-to-dance translation). An illustration of the proposed DanceGAN

framework is shown in Figure 7.2. Stage I mainly contains three parts, i.e.,

a music feature extraction network Ge extracting the style and beat fea-

tures from the input music M , a spatial graph attention network Gs mod-

eling the long-range correlations between human parts within each frame,

a temporal graph attention network Gt capturing cross-dependencies be-
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Figure 7.3: Overview of the proposed self-frame spatial graph attention network (SSGA-
Net) (left) and cross-frame temporal graph attention network (CTGA-Net) (right). Dif-
ferent arrow colors represent independent attention computations in the same frame from
the spatial dimension or cross frames from the temporal dimension. The aggregated nodes
from each node are summed in a weighed way to obtain n̂i

f and ñi
f in the spatial and tem-

poral dimension, respectively. These two results represent the strength of the connections
between each pair of nodes from both spatial and temporal dimensions.

tween joints across different frames. In stage II, we take the generated

skeleton sequence in stage I and a conditional image I0 as inputs, aiming

to generate a photo-realistic dance video. To this end, we introduce a new

self-supervised regularization network to enhance the video generation pro-

cess in both forward and backward generation directions. In the following,

we first present the proposed networks in each stage and then introduce

the optimization objective of the proposed method.

7.3.1 Music-to-Skeleton Translation

Overview. The overview of stage I is delineated in Figure 7.2, which aims

to learn a mapping from the input music M with sample rate r per frame

to a joint location vector sequence S, i.e., GI :M∈RFr→S∈RF×2V , where

F is the total number of video frames; V denotes the number of joints of

the human skeleton in each frame, where joints are represented by a set of

2D coordinates.

Music Feature Extraction Network. We first chunk the input music

M into 0.1-second pieces. Next, these pieces are fed into the music fea-

ture extraction network Ge to extract the audio feature. The network Ge

consists of an audio encoder and a bi-directional two-layer GRU [23]. The
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output of Ge is the hidden state H∈RF×h, where h denotes the depth of

the hidden states. Next, the hidden state H is fed to both proposed graph

attention networks to jointly produce a skeleton sequence of S.

Self-Frame Spatial Graph Attention Network. The hidden state H

is first fed into three Linear-BatchNorm1d-ReLU layers to improve feature

representation, leading to the output H ′∈RF×4h. Then the output H ′ is

connected with another Linear layer to predict the initial joint locations

S ′∈RF×2V . However, we observed that S ′ tends to collapse and thus fails to

represent a realistic skeleton sequence in our preliminary experiments (see

Figure 7.1). The reason is that the model cannot capture the spatial and

temporal dependencies between joints which causes large perturbations in

training and thus results in a trivial solution.

To address this limitation, we present two novel graph attention net-

works, i.e., SSGA-Net and CTGA-Net. The proposed SSGA-Net is man-

ifested in Figure 7.3 (left), we only present the f -th (where f=0, · · ·, F )

frame in this figure. Let nif be the i-th (where i=0, · · ·, V ) node in the

f -th frame. The goal of SSGA-Net is to model the spatial correlations

between joints/nodes within each frame. Specifically, we feed S ′ into two

convolution layers to generate two new outputs B∈RF×2V and A∈RF×2V ,

respectively. Next, we perform a matrix multiplication between the trans-

pose of A and B, and apply a Softmax function to calculate the spatial

correlation map Cs∈R2V×2V ,

Cs
ji =

exp(BiAj)∑2V
i=1 exp(BiAj)

, (7.1)

where the spatial correlation map Cs
ji measures the i-th node’s impact on

j-th node in each frame. Meanwhile, we feed S ′ into a convolution layer to

generate a new output D∈RF×2V . Then we perform matrix multiplication

between D and the transpose of Cs. Lastly, we multiply it by a scale
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parameter α and perform an element-wise sum with the initial joints S ′ to

obtain the output as follow

Ŝ ′j = α
2V∑
i=1

(Cs
jiDi) + S ′j, (7.2)

where Ŝ ′∈RF×2V , and α gradually learns a weight from 0.

By doing so, each predicted node in Ŝ ′ is a weighted sum of all the

nodes in each frame. Thus, it obtains a global view of the spatial structure

and can selectively adjust themselves according to the spatial correlation

map, improving the representations of human structure and semantic con-

sistency.

Cross-Frame Temporal Graph Attention Network. To generate a

coherent skeleton sequence, the same node in each frame should be as-

sociated with each other. We build the CTGA-Net to explicitly model

the dependencies to learn the correlations across different frames. The

structure of CTGA-Net is illustrated in Figure 7.3 (right). Different from

SSGA-Net, we directly calculate the temporal correlation map Ct∈RF×F

from S ′. Specifically, we perform a matrix multiplication between S ′ and

the transpose of S ′. Next, we apply a Softmax function to obtain the

temporal correlation map Ct∈RF×F from S ′,

Ct
ji =

exp(S ′iS
′
j)∑F

i=1 exp(S ′iS
′
j)
, (7.3)

where the temporal correlation map Ct
ji measures the i-th frame’s impact

on the j-th frame. Next, we perform a matrix multiplication between the

transpose of Ct
ji and S ′. Then we multiply the result by a scale parameter
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(a) Baseline generation strategy. (b) Forward generation strategy. (c) Backward generation strategy.

Figure 7.4: Different generation strategies for the music-to-dance translation.

β and perform an element-wise sum with S ′ to obtain the result

S̃ ′j = β
C∑
i=1

(Ct
jiS
′
i) + S ′j, (7.4)

where S̃ ′∈RF×2V and β is initialized as 0.

In this way, each predicted joint/node in S̃ ′ is a weighted sum of the

joints/nodes of all frames, which captures the long-range correlations across

different frames to help generations of more coherent skeleton sequences.

Fusion of Graph Attention Networks. To fully harness the long-range

correlations, we aggregate the results from these two graph attention net-

works. Specifically, we perform an element-wise summation to obtain the

final joint predictions S=Ŝ ′+S̃ ′. After that, each joint/node can simulta-

neously perceive the joints/nodes from all spatial and temporal locations

to adjust its position, leading to realistic and coherent skeleton sequence.

Optimization Objective. We follow [135] and use four different losses

as our full optimization objective in the stage I,

L1 = λganLgan + λpLp + λfLf + λl1Ll1, (7.5)

where Lgan, Lp, Lf , and Ll1 denote the adversarial loss, pose perceptual

loss, feature matching loss, and L1 reconstruction loss, respectively.
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7.3.2 Skeleton-to-Dance Translation

Overview. To translate the generated skeleton sequence S to a realis-

tic dance video, we propose a new self-supervised learning regularization

network Gr, as depicted in Figure 7.2. The network Gr takes S and a

conditional image I0 as inputs and aims to output video frames Ii (where

i=1, 2, · · ·, F ) by three different generation strategies outlined in Figure 7.4.

In this way, the conditional image I0 can provide appearance content while

the skeleton sequence S can provide motion information to jointly gener-

ated the final video frames Ii. Moreover, the proposed method can generate

different subject dancing videos with the same music as input.

Baseline Generation Strategy. As illustrated in Figure 7.4(a), we com-

bine each skeleton and the conditional image as the input to the network

to generate the corresponding images. This baseline generation strategy

can be formulated as

Ii = Gr(concat(I0, Si)), i=1, 2, · · ·, F. (7.6)

However, we observe that this basic generation strategy cannot produce

realistic images. Thus, we introduce two new self-supervised regulariza-

tions to boost the quality of the generated images, i.e., forward/backward

self-supervised regularization (FSR/BSR).

Forward Self-Supervised Regularization. We first generate images

by using the forward generation strategy (in Figure 7.4(b)). Specifically,

we use the previous adjacent frame to generate the next frame, since the

difference between the adjacent two frames is smaller and easier to learn.

This generation strategy can be represented as

Îi = Gr(concat(Ii−1, Si)), i=2, · · ·, F, (7.7)

where Ii−1=Gr(concat(I0, Si−1)). We further propose the FSR to reduce
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the difference between Ii and Îi, this can be formulated as

Lfsr = ||Ii − Îi||1, i=2, · · ·, F. (7.8)

By doing so, more constrains can be added on the network Gr to generate

more realist and coherent video frames.

Backward Self-Supervised Regularization. Similar to FSR, we also

propose BSR to further improve the feature representation of Gr from the

backward direction. Specifically, we first generate images by using the

backward generation strategy (in Figure 7.4(c)),

Ĩi = Gr(concat(Ii+1, Si)), i=1, 2, · · ·, F−1, (7.9)

where Ii+1=Gr(concat(I0, Si+1)). We further propose the BSR to reduce

the difference between Ii and Ĩi,

Lbsr = ||Ii − Ĩi||1, i=1, 2, · · ·, F−1. (7.10)

Optimization Objective. The optimization objective of the stage II can

be written as

L2 = λganLgan + λl1(Ll1 + Lfsr + Lbsr), (7.11)

where Ll1=||Ii−Ireali ||1 (i=1, 2, · · ·, F ) and Ireali are the real images. Lgan is

the adversarial loss between the generated image Ii and the corresponding

real one Ireali .
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Figure 7.5: Visualization results compared with two leading methods (i.e., Dancing2Music
[76], MDVS [135]) and the real skeleton sequence (ground truth). Note that we use
Dancing2Music code [76] to produce its output skeletons, which are slightly different
from the type of MDVS [135] and ours.

7.4 Experiments

7.4.1 Music-to-Skeleton Translation

Datasets. We use the dataset proposed in [135] for fair comparisons.

Specifically, the dataset contains 100 videos, i.e., 40 k-pop videos, 20 ballet

videos, and 40 popping videos. We then use OpenPose [13] to extract

human skeletons, which results in 1,782 k-pop clips, 448 ballet clips, and

1518 popping clips in total. We follow [135] and select the last 10% of each

type of dance for testing, and the remaining videos are used for training.

Qualitative Evaluation. We compare the proposed method with two

leading music-to-skeleton methods, i.e., Dancing2Music [76] and MDVS

[135]. The results are shown in Figure 7.5. It is easy to tell that Danc-

ing2Music [76] and MDVS [135] can generate jerking dances that are prone

to repeating the same movements (as shown in the red dash boxes). Com-

pared to these two methods, our results are more realistic and coherent.
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Figure 7.6: Examples of multi-modal generation by the proposed method.

Method
Motion Realism Preference ↑ Style Consistency Preference ↑
Expert Non-Expert Expert Non-Expert

Dancing2Music [76] 3.5% 4.7% 2.9% 2.4%
MDVS [135] 28.6% 27.2% 24.2% 25.7%
DanceGAN (Ours) 33.6% 32.2% 34.6% 34.7%
Real Sequence 34.3% 35.9% 38.3% 37.2%

Table 7.1: User study compared with two leading methods (i.e., Dancing2Music [76],
MDVS [135]) and the real skeleton sequence (ground truth). For each comparison, the
participant is asked to answer two questions, i.e., ‘which skeleton sequence is more realistic
regardless of the input music’, and ‘which skeleton sequence matches the music style
better’. The numbers indicate the preference percentage of users who favor the results of
the corresponding methods or the real skeleton sequence.

Method FID ↓ Diversity ↑

MDVS [135] 27.95 21.53
Ours 23.42 26.62

Table 7.2: State-of-the-art comparisons on the music-to-skeleton translation task.

We also show the results of the multi-modal generation in Figure 7.6. It is

worth noting that, given the same input music, our method can generate

different skeleton sequences.

User Study. To evaluate the quality of the generated skeleton sequences,

we also conduct a user study via Amazon Mechanical Turk. Specifically,

the users are first asked to answer a background question: ‘Do you learn

to dance or have dancing experience?’. Based on their answers, they

are labeled as ‘Expert’ or ‘None-Expert’. Then, given four skeleton se-
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quences (two generated by existing methods, one generated by our pro-

posed method, and one real skeleton sequence) with the input music, each

participant needs to answer two questions: ‘Which skeleton sequence is

more realistic regardless of music?’ and ‘Which skeleton sequence matches

the music better?’. The users have unlimited time to select their choices.

To make this fair, we tell users in advance that there are two forms of skele-

tons since Dancing2Music [76] produces a slightly different form from the

other three. The results compared with Dancing2Music [76], MDVS [135],

and the real skeleton sequence are shown in Table 7.1. The users show

more preference for our approach in terms of both motion realism and

style consistency compared with the other two methods and the ground

truth, which indicates the effectiveness of the proposed method.

Quantitative Evaluation. Here, we consider Fréchet Inception Distance

(FID) [48] and diversity score [76] as our evaluation metrics. We generate

about 70 dances based on randomly sampled music to calculate FID. More-

over, we generate around 70 dances based on randomly sampled music to

calculate the diversity score the same as [135]. The results compared with

MDVS [135] are shown in Table 7.2. We observe that the proposed method

achieves significantly better results than MDVS in the two metrics.

7.4.2 Skeleton-to-Dance Translation

Datasets. The authors of [135] cannot release the training images due to

data privacy. Therefore, to train the proposed model, we apply OpenPose

[13] to collect the training data from the internet, as shown in Figure 7.7.

In total, we have 54,944 video sequences and each one contains the ex-

tracted skeletons and the corresponding images. We randomly select 4,581

sequences for testing, and the remaining 50,363 sequences are used for

training.

Qualitative Evaluation. Existing methods such as Dancing2Music [76]

236



CHAPTER 7. DANCEGAN 7.4. EXPERIMENTS

Figure 7.7: Examples of video frames collected from the internet for the skeleton-to-dance
translation task.

Method User Preference ↑

Pix2pixHD [184] 28.9%
Vid2vid [185] 30.6%
Ours 40.5%

Table 7.3: User study results compared with two leading methods (i.e., Pix2pixHD [184]
and Vid2vid [185]) on the skeleton-to-dance translation task.

and MDVS [135] directly employ existing motion transfer models to con-

vert the generated skeleton sequence in stage I to realistic video frames.

Specifically, Dancing2Music [76] adopts Vid2vid [185] to achieve this goal

while MDVS [135] uses Pix2pixHD [184] to translate skeleton sequences to

video frames. Thus, we compare the proposed method with the dominant

method Vid2vid [185] in Figure 7.8, where our method generates more re-

alistic and coherent video frames than the leading method, which further

validates the effectiveness of the proposed self-supervised regularization

network.

User Study. We also conduct a user study to evaluate the generated

images. Participants are asked to watch a series of video triplets with the

real skeleton sequence (two videos are synthesized using Pix2pixHD and
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Figure 7.8: Visualization results compared with the leading method Vi2vid [185] and
the ground truth. For different conditional images, the proposed method can generate
different subject dancing videos with the same music.

Vid2vid, and the other by our method). They are then asked to pick the

more realistic one and we give them unlimited time to respond. Each task

consists of 20 video triplets and is performed by 30 distinct participants.

The results are shown in Table 7.3 where more participants consider that

the results of our method are more realistic than the other methods.

Quantitative Evaluation. We adopt FID [48] and LPIPS [220] to evalu-

ate the skeleton-to-dance translation results. The comparison results with

two video generation methods, i.e., Vid2vid [185] and Pix2pixHD [184]

are shown in Table 7.4, from which we can see that the proposed method

achieves the best results in both evaluation metrics, validating the gener-

ated video frames by our method are more realistic.

7.4.3 Ablation Study

We conduct extensive ablation studies to evaluate the effectiveness of each

component of the proposed DanceGAN.
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Method FID ↓ LPIPS ↓

Pix2pixHD [184] 61.68 0.2135
Vid2vid [185] 47.65 0.1812
Ours 35.17 0.1529

Table 7.4: State-of-the-art comparisons on the skeleton-to-dance translation task.

Setting FID ↓

S1-1 Baseline 27.95
S1-2 S1-1 + SSGA-Net 26.14
S1-3 S1-1 + CTGA-Net 25.42
S1-4 S1-1 + SSGA-Net + CTGA-Net 23.42

Table 7.5: Ablation study on the music-to-skeleton task.

Baseline Models of Stage I. Stage I has four baselines as shown in

Table 7.5: (i) S1-1 is our baseline using the model proposed in MDVS

[135]. (ii) S1-2 means adopting the proposed SSGA-Net to model spatial

correlations between different human parts. (iii) S1-3 captures long-range

dependencies between joints in the temporal dimension by the proposed

CTGA-Net. (iv) S1-4 is our full model and employs both SSGA-Net and

CTGA-Net to further improve joint correlations.

Ablation Analysis for Stage I. The results of stage I are shown in Ta-

ble 7.5 which prove that our SSGA-Net and CTGA-Net indeed improve

the generation performance based on the baseline, validating the effective-

ness of both proposed graph attention networks. Moreover, by adding both

the proposed SSGA-Net and CTGA-Net in the baseline S1-4, the overall

performance is further boosted. Several comparison results are provided

in Figure 7.1.

Baseline Models of Stage II. Stage II also has four baselines as shown

in Table 7.6: (i) S2-1 is our baseline, aiming to generate video frames

using the baseline generation strategy. (ii) S2-2 adopts the proposed FSR

to generate video frames using the proposed forward generation strategy.

(iii) S2-3 generates video frames using the proposed backward generation
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Setting FID ↓

S2-1 Baseline 27.12
S2-2 S2-1 + FSR 24.89
S2-3 S2-1 + BSR 25.15
S2-4 S2-1 + FSR + BSR 21.53

Table 7.6: Ablation study on the skeleton-to-dance task.

strategy and the proposed BSR. (iv) S2-4 is our full model and employs

both FSR and BSR to improve the performance of video generation in a

self-supervised way. To save training time, we select 11,818 and 1,182 from

the whole dataset for training and testing, respectively.

Ablation Analysis of Stage II. The results of stage II are shown in

Table 7.6, certifying that our FSR and BSR indeed boost the generation

performance over the baseline, validating the effectiveness of proposed for-

ward and backward self-supervised regularization. Moreover, by introduc-

ing both proposed FSR and BSR together in the baseline S2-4, the overall

performance is further improved.

7.5 Conclusion

In this paper, we propose a novel DanceGAN for the challenging music-

guided dance video synthesis task. The proposed DanceGAN consists of

two generation stages, i.e., music-to-skeleton translation and skeleton-to-

video translation. We introduce three novel networks for the two generation

stages, i.e., spatial graph attention network, temporal graph attention net-

work, and self-supervised regularization network. The two graph attention

networks are employed to model correlations between joints in self-frame

and cross-frame, resulting in a realistic and coherent skeleton sequence

from the input music. The third network is used to enhance the video

generation ability from both forward and backward directions. Lastly, we
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also introduce a new skeleton-to-video translation dataset, which contains

54,944 video sequences. Extensive experiments demonstrate that Dance-

GAN achieves significantly better performance than the state-of-the-art

approaches.
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Chapter 8

Conclusion

8.1 Contribution

In this thesis, we explore Generative Adversarial Network [41] to learn to

generate images including human faces, hands, bodies, and natural scenes.

Specifically:

Part I. Person Image Generation. Chapter 2 describes the proposed

GestureGAN [163] for hand gesture-to-gesture translation, which can gen-

erate target images with arbitrary poses, sizes, structures, and locations

in the wild. We also propose three novel objective functions to better

optimize the proposed GAN model, i.e., color loss, controllable structure

guided cycle consistency loss, and self-content preserving loss. These opti-

mization functions and the proposed GAN framework are jointly trained in

an end-to-end fashion to improve both the quality and fidelity of the gen-

erated images. Lastly, we introduce an efficient Fréchet ResNet Distance

(FRD) metric to evaluate the similarity of the real and generated images,

which is more consistent with human judgment.

Chapter 3 introduces the proposed C2GAN [164] for facial expression-

to-expression translation, which organizes the guidance and the image data

in an interactive manner, instead of using as input only the guidance in-

formation. The proposed cycle in cycle network structure is a new de-
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sign that explores the effective use of cross-modal information for guided

image-to-image translation tasks. The designed cycled sub-networks con-

nect different modalities and implicitly constraint each other, leading to

extra supervision signals for better image generation. We also investigate

cross-modal discriminators and cycle losses for more robust network opti-

mization.

Chapter 4 presents the proposed XingGAN [156] and BiGraphGAN

[155] for pose-guided preson image generation, respectively. XingGAN

explores cascaded guidance with two different generation branches, and

aims at progressively producing a more detailed synthesis from both person

shape and appearance embeddings. We then propose SA and AS blocks,

which effectively transfer and update person shape and appearance fea-

tures in a crossing way to mutually improve each other, and are able to

significantly boost the quality of the final outputs.

Moreover, the proposed BiGraphGAN aims to progressively reason the

pose-to-pose and pose-to-image relations via two novel proposed blocks.

We also propose a novel Bipartite Graph Reasoning (BGR) block to ef-

fectively reason the crossing long-range relations between the source pose

and the target pose in a bipartite graph by using Graph Convolutional

Networks (GCNs). Finally, we present a new Interaction-and-Aggregation

(IA) block to interactively enhance both person’s appearance and shape

feature representations.

Part II. Scene Image Generation. Chapter 5 introduces the proposed

SelectionGAN [165] for cross-view image translation, which explores cas-

caded semantic guidance with a coarse-to-fine inference, and aims at pro-

ducing a more detailed synthesis from richer and more diverse multiple in-

termediate generations. We also propose a novel multi-scale spatial pooling

& channel selection module, which is utilized to automatically enhance the

multi-scale feature representation in both spatial and channel dimensions.
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We introduce a novel multi-channel attention selection module, which is

utilized to attentively select interested intermediate generations and is able

to significantly boost the quality of the final output. The multi-channel

attention module also effectively learns uncertainty maps to guide the pixel

loss for more robust optimization.

Chapter 6 presents the proposed LGGAN [169] and EdgeGAN [161] for

semantic image synthesis, respectively. LGGAN explores image generation

from the local context, which we believe is beneficial for generating richer

details compared with the existing global image-level generation methods.

A new local class-specific generative structure is designed for this purpose.

It can effectively handle the generation of small objects and details, which

are common difficulties encountered by the global-based generation. We

also propose a novel global and local generative adversarial network design

able to take into account both the global and local contexts. To stabilize

the optimization of the proposed joint network structure, a fusion weight

map generator and a dual-discriminator are introduced. Moreover, to learn

discriminative class-specific feature representations, a novel classification

module is proposed. We also introduce a novel semantic-aware upsampling

(SAU) to dynamically upsample a small subset of relevant pixels based on

the semantic information. SAU is more efficient than deconvolution, pixel

shuffle, and spatial attention, and can capture more complete semantic

information than traditional upsampling methods such as nearest-neighbor

interpolation.

At the same time, we propose a novel EdgeGAN for the challenging

semantic image synthesis task. To the best of our knowledge, we are the

first to explore the edge generation from semantic layouts and then utilize

the generated edges to guide the generation of realistic images. We then

propose an effective attention guided edge transfer module to selectively

transfer useful edge structure information from the edge generation branch
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to the image generation branch. We also design a new semantic preserv-

ing module to highlight class-dependent feature maps based on the input

semantic label map for generating semantically consistent results. Both

ideas have not been investigated by any existing GAN-based generation

works.

Part III. Cross-Modal Translation. Chapter 7 describes the proposed

DanceGAN for cross-modal audio-to-video translation, which consists of

two generation stages, i.e., music-to-skeleton translation, and skeleton-to-

video translation. We also propose two graph attention networks to ex-

plicitly model dependencies across joints spatially and temporally at the

same time. To the best of our knowledge, we are the first to explore the

spatial and temporal graph attention networks to guide the generation of

coordinated and coherent skeleton sequence from the input music. We also

design a new self-supervised regularization network to enhance the video

generation process from both forward and backward directions, which has

not been investigated by any existing GAN-based generation works.

In conclusion, we have proposed a few models for generating human

faces, hands, bodies, and natural scenes. Although each method was orig-

inally proposed for a certain task, we later discovered that each method is

universal and can be used to solve different tasks. For instance, Gesture-

GAN can be used to solve both hand gesture generation and cross-view

image translation tasks, as shown in Chapter 2. C2GAN can be used

to solve facial expression generation, person pose generation, hand ges-

ture generation, and cross-view image translation, as shown in Chapter 3.

SelectionGAN can be used to solve cross-view image translation, facial ex-

pression generation, person pose generation, hand gesture generation, and

semantic image synthesis, as shown in Chapter 5. Finally, our extensive

experiments have shown that the introduced models can produce more

visually better results compared to existing state-of-the-art methods.

246



CHAPTER 8. CONCLUSION 8.2. FUTHER WORK

Figure 8.1: Cross-view panorama image synthesis.

8.2 Futher Work

Below, we discuss several potential future directions, building on our cur-

rent visual synthesis and manipulation algorithms.

Cross-View Panorama Image Synthesis. Despite significant recent

progress on cross-view image generation [165, 169, 133], it remains difficult

to synthesize ground-view panorama images conditioned on top-view aerial

images (Figure 8.1). Among the core challenges are the difference in image

resolution between the aerial and panorama images, and the limited aside

information available for viewpoint transformation. In the future, we would

like to explore how to effectively and progressively generate panorama im-

ages from the top-view aerial images.

Text-Guided Image Editing. Text-guided image editing aims to ma-

nipulate source images according to given text descriptions (Figure 8.2).
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Figure 8.2: Text-guided image editing task aims to edit the source images according to
a given text-guidance. Current text-guided editing models cannot manipulate the source
images while reconstructing fine-grained features (e.g., TAGAN [106]) or preserving text-
irrelevant source image feature (e.g., ManiGAN [79]).

It is a hard task since it should manipulate the text-required features in

the image and keep the text-irrelevant parts unchanged. Although pre-

vious text-to-image works have shown remarkable progress, guaranteeing

the balance between manipulation and preservation remains challenging.

In the future, we would like to explore how to effectively and dynami-

cally combine both text and image domains, and to align both low-level

statistics and high-level semantics across domains to further improve the

manipulation quality.

Cross-View Exocentric to Egocentric Video Synthesis. Cross-view

video synthesis seeks to generate video sequences of one view from an-

other dramatically different view. In this paper, we investigate exocentric

(third-person) view to egocentric (first-person) view video generation task

(Figure 8.3). This is challenging since the egocentric view sometimes is

remarkably different from the exocentric view. Thus, transforming the ap-

pearances across the two views is a non-trivial task. In the future, we

would like to explore how to effectively learn both the spatial and tempo-

ral information to generate egocentric video sequences from the exocentric

view.
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Exocentric (Side) Egocentric 

Exocentric (Top) Egocentric

Synthesis

Synthesis

Figure 8.3: The goal of exocentric to egocentric cross-view video synthesis is to generate
video sequence from exocentric perspective (Side/Top) to egocentric perspective.

Figure 8.4: Examples of our 3D pose transfer results. Blue, pink, and purple colors stand
for identity, pose, and result meshes, respectively.

3D Pose Transfer. Endowing desired poses to different identity human

meshes is a promising and challenging task in computer vision. In the pre-

vious work, the correspondence of desired pose and identity body meshes

should be provided as constraints for training the model, which limits the

models to be generalized to other unseen domains. The intuition of this

work is that the pose transfer essentially is a deformation procedure de-

pended on the inconsistency of the given meshes. By perceiving and mining

249



8.2. FUTHER WORK CHAPTER 8. CONCLUSION

the geometric inconsistency, the correspondence between meshes could be

implicitly and efficiently learned by networks. In the future, we would

like to extend the person image generation task [155, 156] to the 3D pose

transfer task (Figure 8.4), and explore how to adaptively perceive the global

geometric inconsistency across the given meshes.
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Hans-Peter Seidel, Patrick Pérez, Michael Zollhofer, and Christian

Theobalt. Stylerig: Rigging stylegan for 3d control over portrait

images. In CVPR, 2020. 227

[174] Luan Tran, Kihyuk Sohn, Xiang Yu, Xiaoming Liu, and Manmohan

Chandraker. Gotta adapt’em all: Joint pixel and feature-level domain

adaptation for recognition in the wild. In CVPR, 2019. 7

[175] Yi-Hsuan Tsai, Wei-Chih Hung, Samuel Schulter, Kihyuk Sohn,

Ming-Hsuan Yang, and Manmohan Chandraker. Learning to adapt

structured output space for semantic segmentation. In CVPR, 2018.

7
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