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Summary

The goal of this thesis is to present my research contributions towards solving
various visual synthesis and generation tasks, comprising image translation, image
completion, and completed scene decomposition. This thesis consists of five pieces
of work, each of which presents a new learning-based approach for synthesizing
images with plausible content as well as visually realistic appearance. Each work
demonstrates the superiority of the proposed approach on image synthesis, with
some further contributing to other tasks, such as depth estimation.

Part I describes methods for changing visual appearance. In particular,
in Chapter 2, a synthetic-to-realistic translation system is presented to address the
real-world single-image depth estimation, where only synthetic image-depth pairs
and unpaired real images are used for training. This model provides a new per-
spective on a real-world estimation task by utilizing low-cost, yet high-reusable
synthetic data. In Chapter 3, the focus is on general image-to-image (I2I) trans-
lation tasks, instead of narrowly synthetic-to-realistic image translation. A novel
spatially-correlative loss is proposed that is simple, efficient and yet effective for
preserving scene structure consistency, while supporting large appearance changes.
Spatial patterns of self-similarity are exploited as a means of defining scene struc-
ture, with this spatially-correlative loss geared towards only capturing spatial re-
lationships within an image, rather than domain appearance. The extensive ex-
periment results demonstrate significant improvements using this content loss on
several 121 tasks, including single-modal, multi-modal, and even single-image trans-
lation. Furthermore, this new loss can easily be integrated into existing network
architectures and thus allows wide applicability.

Part II presents approaches that generate semantically reasonable con-
tent for masked regions. Instead of purely modifying the local appearance as in
Part I, two approaches are presented to create new content as well as realistic ap-
pearance for a given image. In Chapter 4, a new task is introduced, called pluralistic
image completion — the task of generating multiple and diverse plausible results,

which is as opposed to previous works that attempt to create only a single “guess”

xi
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for this highly subjective problem. In this Chapter, a novel probabilistically princi-
pled framework is proposed, which achieved state-of-the-art results for this new task
and has become the benchmark for later works. However, my subsequent obser-
vation is that architectures based on convolutional neural networks (CNN) model
long-range dependencies via many stacked layers, where holes are progressively in-
fluenced by neighboring pixels, resulting in some artifacts. To mitigate this issue,
in Chapter 5, I propose treating image completion as a directionless sequence-to-
sequence prediction task, and deploy a transformer to directly capture long-range
dependencies in the encoder in a first phase. Crucially, a restrictive CNN with
small and non-overlapping receptive fields (RF) is employed for token representa-
tion, which allows the transformer to explicitly model long-range context relations
with equal importance in all layers, without implicitly confounding neighboring
tokens when larger RFs are used. Extensive experiments demonstrate superior
performance compared to previous CNN-based methods on several datasets.

Part III combines recognitive learning and the latest generative modeling into a
holistic scene decomposition and completion framework, where a network is trained
to decompose a scene into individual objects, infer their underlying occlusion re-
lationships, and moreover imagine what the originally occluded objects may look
like, while using only a single image as input. In Chapter 6, the aim is to derive a
higher-level structural decomposition of a scene, automatically recognizing objects
and generating intact shapes as well as photorealistic appearances for occluded
regions, without requiring manual masking as in Part II. To achieve this goal, a
new pipeline is presented that interleaves the two tasks of instance segmentation
and scene completion through multiple iterations, solving for objects in a layer-
by-layer manner. The proposed system shows significant improvement over the
state-of-the-art methods and enables some interesting applications, such as scene
editing and recomposition.

In summary, the thesis introduces a series of works to synthesize photorealistic
images by changing the appearance, imagining the semantic content, and inferring

the invisible shape and appearance automatically.

Keywords: Image generation, generative adversarial networks, variational auto-
encoder, conditional variational auto-encoder, image completion, image transla-
tion, multi-modal generative models, depth evaluation, layered scene decomposi-
tion, object completion, amodal instance segmentation, instance depth order, scene

recomposition, convolutional networks, attention, transformer
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Chapter 1
Introduction

This thesis focuses on building intelligent algorithms to synthesize visually realistic
images for various computer vision tasks. This chapter provides general background
on visual synthesis and realism evaluation. The subsequent chapters will provide
more background on each of the specific visual synthesis tasks, and present new

methods to address them.

1.1 Visual Synthesis and Generation

Visual imagery is one of the most important aspects of the computer world, being
part of our modern life via various media applications, such as TikTok, WeChat,
Facebook, and YouTube. As a result, people freely create millions of photos and
videos per day on the internet, making it possible for researchers to collect astound-
ing amounts of visual content to tame the artificial intelligence model for various
computer vision tasks [64].

In the computer vision community, researchers conventionally focus on recogni-
tion tasks [110]. Due to the availability of these vast amounts of visual data and the
advances of deep learning algorithms, the community has rapidly improved recog-
nition results over a short period of time. For instance, in Figure 1.1 (top), we can
now build powerful intelligent systems that accurately recognize the category of a
scene [174], localize [61] and segment [148] object instances in it, and even describe
the scene in natural language [211]. However, there is also the opposite research
direction, wisual synthesis, which aims to create new visual content based on partial
observation of real data. As shown in Figure 1.1 (bottom), we would like to teach
machines to learn the capacity of imagination that humans are capable of, and be

able to generate visual data with reasonable content and realistic appearance. For

1



2 1.1. Visual Synthesis and Generation

Visual Classification Segmentation

UnderStandmg o awell-furnished day room is pictured with
lots of places to sit.
o asofa and two chairs a coffee table some
hanging plants and pictures.
o aliving room filled with lots of furniture.

Caption

What does a realistic .
scene look like? imagie new appearance? Visual
Is it possible to remove What does the whole SyntheSiS
unwanted objects? sofa look like?

N

Completion

FIGURE 1.1: The overall exhibition of the goal in this thesis. In the top row, we
first show the general visual understanding tasks, which have achieved rapid advances,
such as in image classification, instance segmentation, and image captioning, due to
vast amounts of visual data along with deep learning networks [64]. In this thesis, we
attempt to explore the opposite direction, visual synthesis, where we empower the model
to imagine and generate new photorealistic images by estimating the data distribution.

example, when a sofa is occluded by other furniture, can machines figure out what
does the whole sofa look like? How would machines learn to imagine the missing
content?

Why would wvisual synthesis and generation be important for the computer
vision community? One potential relevance is to self-supervised representation
learning [12]. As we know, building datasets with extensive labels is a high-effort
and high-cost undertaking, while the world is full of unlabeled, free data, partic-
ularly on the Internet. The traditional representation learning methods, such as
Restricted Boltzmann Machines (RBM) [175] and Auto-Encoders (AE) [15], learn
robust features without using labels by attempting to reconstruct the raw input.
More recently, some methods [99, 136] further attempted the more challenging
label free tasks, such as colorization, completion, solving jigsaws, and rotation pre-
diction, resulting in more robust features for downstream tasks. Alternatively, the
synthesized images can be used as augmented data for deep learning [180, 226],
especially for 3D-related tasks. For instance, as more and more high-quality 3D

CAD models become available online [51, 177], it is possible to render an unlimited
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number of photorealistic images to support real-world tasks, e.g. depth estimation,
object detection and segmentation, and 3D reconstruction.

In addition to promoting machine understanding of the real world, visual syn-
thesis and generation can also create visual content that improves human-to-
machine and computer-mediated human-to-human interaction. As mentioned above,
people upload millions of images and videos per day on the internet, but often they
are not entirely satisfied with the quality of such content. Supposing you have taken
a photo of camping as shown in Figure 1.1, but you would like to remove the un-
wanted objects, or create some new elements, or change the color and lighting.
We desire to have an intelligent visual synthesis system that can be used to easily
improve the picture, e.g. removing unwanted objects in Figure 1.1. In this way, we
can help users easily synthesize more visually appealing photos to ideally express
themselves better.

We investigate a number of data-driven visual synthesis and generation tasks
for various applications in this thesis. In the following section, we will briefly define

the tasks and give some background on the solutions.

1.1.1 Deep Generative Models

Our methods are mainly built upon deep generative models, which estimate com-
plex high-dimensional data distributions using a set of variables in deep layers.
Currently, the emerging powerful frameworks, including Generative Adversarial
Networks (GANs) [65] and Variational Autoencoders (VAEs) [103], have made im-
pressive advances in many generation tasks. These models try to learn a function
that maps the unknown distribution of training data x from a predefined proba-

bility distribution of latent variable z. Formally,
x = ¢(z;0). (1.1)

In the VAE framework, an encoder ¢(z|x), acting as an approximate inference
network, is used to obtain the latent variable z from training instances. Once
the model is learned, it can generate arbitrary data by resampling from the latent
distribution. In a GAN framework, an auxiliary discriminator network is trained
adversarially with the generator network, which should ideally lead to minimizing

the distribution distance between the generated data and original data.



4 1.1. Visual Synthesis and Generation

1.1.2 Image-to-Image Translation

Image-to-Image (121) translation involves designing algorithms that can learn to
modify an input image x to fit the style / appearance of the target domain, while
preserving the original content, as shown in Figure 1.1: horse — zebra. The process

is to learn such a mapping:
fix—=y (1.2)

where the input image x is translated to another image y in the target domain.
In this thesis, 121 refers to the task of only modifying the appearance, while the
content / structure is preserved.

One of the simplest forms is paired 121 translation [87]. In this case, the paired
training examples {z;, 3}, are given, where the y; corresponds to each input
x;. However, obtaining such paired training data is difficult, expensive or even
impossible in some situations. Therefore, following [234], we focus on unpaired 121
translation work that learns to translate between domains without paired input-

output examples.

1.1.3 Image Completion

Image completion refers to the task of filling alternative reasonable content for miss-
ing or deleted parts in images, which can be used for restoring damaged paintings,
removing unwanted objects, and generating new content for incomplete scenes.
This task is a further development of traditional image “inpainting” [13], which
only works for narrow or small holes, due to the lack of deeper semantic under-
standing. Here, we investigate data-driven visual synthesis approaches to fill in
semantic reasonable content with photorealistic appearance into arbitrary missing
regions. In particular, given a masked image I,, that is degraded by a number of
missing pixels, the goal is to learn a model ® to infer the content, conditioned on
partially visible information:

I, = o(I,;0) (1.3)

where the input masked image I, is combined with newly synthesized content to
become a completed image I,.

The earlier learning-based approaches use the conventional convolutional op-
eration to train a model in a deterministic way. In this thesis, I introduce a new
direction, pluralistic image completion, that aims to generate multiple and diverse

results for this highly subjective task. As it is important to explore the global



Chapter 1. Introduction 5

Original Masked Input Output 1 Output 2 Input Output 1 Output 2
{ORID: 5149 | '

Completion Translation

FI1GURE 1.2: Which output is the “better” result for each input in these exam-
ples? In each case, the existing metrics disagree with human judgments. The traditional
metrics, including ¢1, PSNR, and SSIM, support the blurry “Output 2” in the first case
because the latter is optimized only by #¢; reconstruction loss that encourages the same
content to the original image. In the unpaired I2I task, the learning-based metrics, such
as IS and FID, agree with the “Output 2” due to many results in this setting have
repeated zebra’s texture.

visible information for missing content inference, a transformer-based image com-

pletion network is also later investigated in this thesis.

1.1.4 Completed Scene Decomposition

The goal of completed scene decomposition is to build an intelligent system that
automatically decomposes a scene into individual objects, infers their underlying
occlusion relationships and moreover imagines what occluded objects may look
like. This means that the learning algorithm must be able to understand the scene
to predict the geometry and categories of all objects in it (as shown in Figure 1.1
(top)), and also synthesize invisible parts of objects and backgrounds (as shown in
Figure 1.1 (bottom)).

To do so, we aim at deriving a higher-level structure decomposition of a scene.
As humans, we are highly aware of the shapes of individual objects and their or-
dering relationships, and we can generally imagine what occluded objects may look
like. For instance, as shown in Figure 1.1 (bottom), humans can easily recognize
the sofa and the table, and deduce the former is occluded by the latter, and even
guess what the whole sofa looks like, based on global visible information and prior

knowledge.

1.2 Evaluation of Image Visual Realism

Image quality evaluation is a difficult research problem in computer vision. As
laypeople, we may not be able to create realistic images just like artists, but we
can easily judge whether a given image is “realistic”, and we are able to correctly

recognize which parts make a “fake” image appear unreal.
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Classic Metrics However, “what makes a real image look realistic?” has no clear
answer in computer vision. In traditional works, researchers investigated a lot of
factors, e.g. color, texture, boundary, structure, and illumination, yet it is still
hard to precisely define the impact of these factors mathematically. While various
classic metrics, such as ¢; loss, Peak Signal-to-Noise Ratio (PSNR), and Structural
SIMilarity (SSIM) [196], are proposed to assess image quality via unambiguous
formulae, they are poorly related to human judgment due to independent pixel-
and patch-level evaluation [222].

A well-known example is shown in Figure 1.2 (left). Compared to the high-
quality completed “Output 1”7 [229], the blurry completed “Output 2” has smaller
¢y reconstruction error (0.0144 vs 0.0255), and larger PSNR (32.00 vs 26.34) and
SSIM score (0.9153 wvs 0.8248), with respect to the original image. This is because
“Output 2”7 is trained using only ¢; reconstruction loss to the original unmasked
image, for which blurry content can be smaller than content that is almost identical
but slightly misaligned. Therefore, designing a “perceptual metric” that measures

image quality similar to human judgment has been a longstanding goal.

Learned Metrics In more recent work, researchers have started focusing on
learning-based feature-level distances, e.g. Learned Perceptual Image Patch Simi-
larity (LPIPS) metric [222], Inception Score (IS) [163] and Fréchet Inception Dis-
tance (FID) [77]. These learned metrics mitigate the above-mentioned issue by
evaluating the image quality in a deep neural network layer with large receptive
field, instead of assuming pixel-wise independence in traditional metrics. For ex-
ample, the LPIPS strongly agrees with human judgment that “Output 1”7 is more
perceptual similar to the original image than the blurry “Output 2”. However,
these learned metrics are also not perfectly matched the human judgment as the
currently pretrained networks tend to base their decisions much more on texture
than shape [58], while humans are more strongly focused on image structure [109]
and related-context [222].

As an example depicted in Figure 1.2 (right), a horse is translated to the zebra
domain, where there is no ground truth for evaluation. As humans, we can easily
judge that “Output 1”7 is more realistic than “Output 2”. However, the FID score,
which compares the distance between distributions of translated and real images
in a deep feature domain, evaluates “Output 2” as having a lower distribution

distance, because all results in the second scenario have more obvious zebra stripes.
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The currently learned metrics are therefore not yet the perfect solutions for image

quality evaluation.

Human Perceptual Metrics Finally, we briefly introduce the human per-
ceptual metrics, as proposed in [221] and widely adopted for image generation
[87, 139, 144, 234, 235]. These are online metrics that the authors developed based
on user studies, in which they provided some generated results and ground truth
real images on Amazon Mechanical Turk (AMT)!, and asked the participants to
manually distinguish “real” and “fake” images.

In this thesis, following existing state-of-the-art approaches, we report the cor-
responding evaluation metrics for different tasks. However, we would like to remind

the reader that none of these are perfect for assessing generated image quality.

1.3 Dissertation Overview

The main research objective in this dissertation is to create new intelligent systems
that can imagine and generate visually realistic natural photographs, which can
be used in artistic creation, image editing, and further help real-world tasks (e.g.
depth estimation [226] and semantic segmentation [230]). As introduced in Section
1.1, in this dissertation, we explore three kinds of synthesis tasks: image translation

226, 228], image completion [227, 229], and completed scene decomposition [230].

e Part I. Changing Visual Appearance Chapters 2 and 3 describe meth-
ods for unpaired 121 translation that converts the visual appearance of the in-
put image. In this task, deep learning is applied to learn a function f : x — y,
where x from a particular image domain X', and y is the corresponding out-
put that should belong to the target image domain )). Chapter 2 focuses on
synthetic-to-realistic translation, in which I aim to bridge the gap between
virtual and real scenes. This method is further integrated with a single-image
depth estimation task to circumvent the challenges of obtaining accurate and
sufficient 3D data of real scenes. In Chapter 3, a new content loss is intro-
duced for arbitrary unpaired 121 translation tasks, in which I use self-similar

correlations to better separate scene structure and appearance.

e Part II. Generating Semantic Reasonable Content  Chapters 4 and

5 present approaches that learn to fill alternative reasonable content into

Thttps://www.mturk.com/
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missing regions of degraded images. In Chapter 4, a new goal is introduced,
pluralistic image completion, in which multiple and diverse plausible
results are generated in a mathematically principled manner for this highly
subjective process problem. Chapter 5, further presents a newer framework
that aims to generate single “best” result by directly modeling long-range

dependencies in the masked image via a Transformer-based architecture.

Part III. Modeling shape and appearance Chapter 6 combines the
classical recognition task and the latest generation task into an end-to-end
scene decomposition network, where a network is trained to decompose a
scene into individual objects, infer their underlying occlusion relationships,
and moreover imagine what occluded objects may look like. In this task, a
layer-by-layer algorithm is presented that can predict the geometry and cat-
egories of all objects in a scene, as well as generate their realistic appearance

for originally occluded parts.

Discussion In Chapter 7, we summarize the contributions of this thesis

and discuss several future directions in image synthesis using deep learning.



Part 1

Changing Visual Appearance:

Image-to-Image Translation






Chapter 2
Synthetic-to-Realistic Translation

The main research goal presented in this chapter is to generate photorealistic im-
ages, which can be used to contribute the real-world single depth estimation task.
The depth estimation is a classic research topic in computer vision, which has
many different applications, such as autonomous driving, augmented reality, and
scene reconstruction. As we live in a 3D world, humans are able to judge relative
distances well even when only a single photograph is provided. However, it is still a
challenge for a machine to accurately evaluate the depth from a single RGB image.
A main limitation is that 3D data is difficult to collect compared to the 2D images,
due to requiring more specialized equipment. To address this issue, we aim to
provide an alternative perspective by utilizing synthetic image-depth pairs instead
of real paired data. As more and more 3D CAD indoor scene models, such as in
the SUNCG [177]! and 3D-FRONT [51] datasets, become publicly available on the
internet, researchers can cheaply and effectively render a vast number of paired
datasets. To bridge the gap between synthetic and real images, a wide-spectrum
translation network is proposed to convert synthetic-looking images with different
levels of realism into realistic ones, such that after we train the depth estimation
network on the translated images, the model can be directly applied to real images.

The rest of this chapter is structured as follows: Sections 2.1 and 2.2 describe
the motivation and related works. Next, I explain the proposed framework in
Section 2.4. Section 2.5 introduces the synthetic datasets used. I then describe

and discuss the experiments in Section 2.6 and conclude in Section 2.7.

IThis work was published as T2Net: Synthetic-to-Realistic Translation for Solving Single-
Image Depth Estimation Tasks in ECCV, 2018 [226]. At the time of publication, the SUNCG is
still publicly available online.

11



12 2.1. Introduction

2.1 Introduction

Single-image depth estimation is a challenging ill-posed problem for which good
progress has been made in recent years, using supervised deep learning techniques
[45, 46, 108, 122] that learn the mapping between image features and depth maps
from large training datasets comprising image-depth pairs. An obvious limitation,
however, is the need for vast amounts of paired training data for each scene type.
Building such extensive datasets for specific scene types is a high-effort, high-cost
undertaking [57, 165, 173] due to the need for specialized depth-sensing equipment.
The limitation is compounded by the difficulty that traditional supervised learning
models face in generalizing to new datasets and environments [122].

To mitigate the cost of acquiring large paired datasets, a few unsupervised
learning methods [55, 63, 106] have been proposed, focused on estimating accurate
disparity maps from easier-to-obtain binocular stereo images. Nonetheless, stereo
imagery are still not as readily available as individual images, and systems trained
on one dataset will find difficulty in generalizing well to other datasets (observed
in [63]), unless camera parameters and rigs are identical in the datasets.

A recent trend that has emerged from the challenge of real data acquisition
is the approach of training on synthetic data for use on real data [79, 152, 172],
particularly for scenarios in which synthetic data can be easily generated. Inspired
by these methods, we have researched a single-image depth estimation method
that utilizes synthetic image-depth pairs instead of real paired data, but which
also exploits the wide availability of unpaired real images. In short, our scenario is
thus: we have a large set of real imagery, but these do not have any corresponding
ground-truth depth maps. We also have access to a large set of synthetic 3D scenes?,
from which we can render multiple synthetic images from different viewpoints and
their corresponding depth maps. The main goal then is to learn a depth map
estimator when presented with a real image. Consider two of the more obvious

approaches:

1. Train an estimator using only synthetic image and depth maps, and hope

that the estimator applies well to real imagery (Naive in Figure 2.1).

2. Use a two-stage framework in which synthetic imagery is first translated into
the real-image domain using a GAN, and then train the estimator as before

(Vanilla version in Figure 2.1).

20ne 3D CAD model can be rendered to a vast number of paired data by setting different
camera parameters.
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Naive Vanilla version Ours(T2Net)

FIGURE 2.1: Depth prediction strategies given synthetic image-depth pairs
(zs,ys). (Naive) structure directly trains an estimator using only synthetic image and
depth maps. (Vanilla version) translates the synthetic image to the real domain and
then trains the depth estimator. (Ours T2Net) introduces a wide-spectrum translation
network that simultaneously maps the arbitrary images to target domains.

The problem with 1) is that it is unlikely the estimator is oblivious to the
differences between synthetic and real imagery. In 2), while a GAN may encourage
synthetic images to map to the distribution of real images, it does not explicitly
require the translated realistic image to have any physically-correct relationship to
its corresponding depth map, meaning that the learned estimator will not apply
well to actual real input. This may be somewhat mediated by introducing some
regularization loss to try and keep the translated image “similar” in content to
the original synthetic image (as in SInGAN [172]), but we cannot identify any
principled regularization loss functions, only heuristic ones.

In this chapter, an interesting perspective is introduced on the approach of 2).
We propose to have the entire inference pipeline be agnostic as to whether the
input image is real or synthetic, i.e. it should work equally well regardless. To
do so, we want the synthetic-to-realistic translation network to also behave as an
identity transform when presented with real images, which is effected by including
a reconstruction loss when training with real images.

The broad idea here is that, in a whole spectrum of synthetic images with dif-
fering levels of realism, the network should modify a realistic image less than a more
obviously synthetic image. This is not true of original GANs, which may transform
a realistic image into a different realistic image. In short, for the synthetic-to-real
translation portion, real training images are challenged with a reconstruction loss,
while synthetic images are challenged with a GAN-based adversarial loss [65]. This
real-synthetic agnosticism is the principled formulation that allows us to dispense
with an ad hoc regularization loss for synthetic imagery. When coupled with a task
loss for the image-to-depth estimation portion, it leads to an end-to-end trainable
pipeline that works well, and does not require the use of any real image-depth pairs

nor stereo pairs (Ours(T?Net) in Figure 2.1).
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2.2 Background

This task is related to two sets of work: single image depth estimation and unpaired

121 translation. Here, we briefly review these approaches.

Single Image Depth Estimation After classical learning techniques were ear-
lier applied to single-image depth estimation [80, 98, 107, 164, 165], deep learning
approaches took hold. In [46], a two-scale CNN architecture was proposed to learn
the depth map from raw pixel values. This was followed by several CNN-based
methods, which included combining deep CNN with continuous CRF's for estimat-
ing depth values [122], simultaneously predicting semantic labels and depth maps
[192], and treating the depth estimation as a classification task [17]. One common
drawback of these methods is that they rely on large quantities of paired images
and depths in various scenes for training. Unlike RGB images, real RGB-depth
pairs are much scarcer.

To overcome the above-mentioned problems, some unsupervised and semi-
supervised learning methods have recently been proposed that do not require
image-depth pairs during training. In [55], the autoencoder network structure is
translated to predict depths by minimizing the image reconstruction loss of image
stereo pairs. More recently, this approach has been extended in [63, 106], where
left-right consistency was used to ensure both good quality image reconstruction
and depth estimation. While the data availability for these cases was perhaps not
as challenging since special capture devices were not needed, nevertheless they de-
pend on the availability or collection of stereo pairs with highly accurate rigs for
consistent camera baselines and relative poses. This dependency makes it particu-
larly difficult to cross datasets (i.e. training on one dataset and testing on another),
as evidenced by the results presented in [63]. To alleviate this problem, an unsu-
pervised adaption method [183] was proposed to fine-tune a stereo network to a
different dataset from which it was pre-trained on. This was achieved by running
conventional stereo algorithms and confidence measures on the new dataset, but

on much fewer images and at sparser locations.

Unpaired 121 Translation Separately, several other works have explored image-
to-image translation without using paired data. The earlier style-translation net-
works [56, 93] would synthesize a new image by combining the ”content” of one

image with the ”style” of another image. In [125], the weight-sharing strategy was
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introduced to learn a joint representation across domains. This framework was
extended in [124] by integrating variational autoencoders and generative adversar-
ial networks. Other concurrent works [101, 209, 234] utilized cycle consistency to
encourage a more meaningful translation. However, these methods were focused
on generating visually pleasing images, whereas for us image translation is an in-
termediate goal, with the primary objective being depth estimation, and thus the
fidelity of 3D shape semantics in the translation has overriding importance.

In [172], a SiImGAN was proposed to render realistic images from synthetic im-
ages for gaze estimation as well as human hand pose estimation. A self-regularization
loss is used to force the generated target images to hold the similar content to the
original source images. However, we consider this loss to be somewhat ad hoc and
runs counter to the translation effort; it may work well in small domain shifts,
but is too limiting for large style translation in our problem. As such, we use
a more principled reconstruction loss as detailed in Section 2.4. More recently, a
cycle-consistent adversarial domain adaption method was proposed [79] to generate
target domain training images for digit classification and semantic segmentation.
However this method is too complex for end-to-end training, which we consider to

be an important requirement to achieve good results.

2.3 Overview

The main research goal is to train an image-to-depth network fr, such that when
presented with a single RGB image, it predicts the corresponding depth map ac-
curately.

In terms of data availability for training, we assume that we have access to
a collection of individual real-world images x,., without stereo pairing nor corre-
sponding ground truth depth maps. Instead, we assume that we have access to
a collection of synthetic 3D models, from which it is possible to render numerous
synthetic images and corresponding depth maps, denoted in pairs of (x, ys).

Instead of directly training fr on the synthetic (x, ys) data, we expect that the
synthetic images are insufficiently similar to the real images, to require a prior im-
age translation network Gg_, g for domain adaptation to make the synthetic images
more realistic. However, as discussed previously, existing image translation meth-
ods do not adequately preserve the geometric content for accurate depth prediction,

or require heuristic regularization loss functions.
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FIGURE 2.2: The overall pipeline of the proposed method. The proposed T?Net
consists of the Translation part (left, orange) and Task prediction part (right, blue). The
Gs_,gr is a generator to translate images from synthetic domain to real domain, and Dpg
is the corresponding discriminator to judge whether the translated image is real or fake.
fr is depth task estimation network and Dyq4 is a discriminator on feature domain.

Realistic

The key novel insight is this: instead of training Gs_,» to be a narrow-spectrum
translation network that translates one specific domain to another, we will train
it as a wide-spectrum translation network, to which we can feed a range of input
domains, i.e. synthetic imagery as well as actual real images. The intention is
to have Gg_,r implicitly learn to apply the minimum change needed to make an
image realistic, and consider this the most principled way to regularize a network
for preserving shape semantics needed for depth prediction.

Next, I introduce the proposed approach (Section 2.4) and the data collection
(Section 2.5) in details.

2.4 Approach

To achieve the above-mentioned goal, a twin pipeline training framework is pro-
posed (shown in Figure 2.2), which is named as T?Net to highlight the combination
of an image translation network and a task prediction network. The upper portion
shows the training pipeline with synthetic (xy,ys) pairs, while the lower portion
shows the training pipeline with real images x,. Note that both pipelines share
identical weights for the Gs_,g network, and likewise for the fr network. More

specifically:

e For real images, we want Gg_,r to behave as an AE [15] and apply minimal

change to the images, and thus use a reconstruction loss.

e For synthetic data, we want Gs_,r to translate synthetic images into the

real-image domain, and use a GAN loss via discriminator Dg on the output.
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The translated images are next passed through fr for depth prediction, and
then compared to the synthetic ground truth depths y, via a task loss.

e In addition, we also propose that the inner feature representations of fr
should share similar distributions for both real and translated images, which

can be implemented through a feature-based GAN via Djey.

Note that one key benefit of this framework is that it can and should be trained

end-to-end, with the weights of Gg .z and fr simultaneously optimized.

2.4.1 Synthesis Loss

Intuitively, the gap between synthetic and realistic imagery comes from low-level
differences such as color and texture (e.g. of trees, roads), rather than high-level
geometric and semantic differences. To bridge this gap between the two domains,
an ideal translator network, for use within an image-to-depth framework, needs
to output images that are impossible to be distinguished from real images and
yet retain the original scene geometry present in the synthetic input images. The
distribution of real-world images can be replicated using adversarial learning, where
a generator Gg_,g tries to transform a synthetic image =, to be indistinguishable
from real images of x,, while a discriminator Dy aims to differentiate between the
generated image %, and real images x,. Following the typical GAN approach [65],

we model this minimax game using an adversarial loss given by
Lean(Gs—r, Dr) = Eq, o xp[10g Dr(2r)] 4 Ea, o xs[log(1 — Dr(Gssr(ws)))]  (2.1)

where generator and discriminator parameters are updated alternately.

However, a vanilla GAN is insufficiently constrained to preserve scene geometry
[87]. To regularize this in a principled manner, we want generator Gs_,g to behave
as a wide-spectrum translator, able to take in both real and synthetic imagery, and
in both cases produce real imagery. When the input is a real image, we would want

the image to remain as much unchanged perceptually, and a reconstruction loss

Lo(Gor) = ||Gsn(z,) — 2]l (2.2)

is applied when the input to Gs_,g is a real image z,. Note that while this may
bear some resemblance to the use of reconstruction losses in CycleGAN [234] and

a-GAN [161], ours is a unidirectional forward loss, and not a cyclical loss.
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2.4.2 Task Loss

After a synthetic image x, is translated, we obtain a generated realistic image
2, which can still be paired to the corresponding synthetic depth map ys. This
paired translated data (Zs, ys) can be used to train the task network fr. Following
convention, we directly measure per-pixel difference between the predicted depth

map and the synthetic (ground truth) depth map as a task loss:

Lo(fr) = || fr(@s) = vsl. (2.3)

We also regularize fr for real training images. Since real ground truth depth
maps are not available during training, a locally smooth loss is introduced to guide
a more reasonable depth estimation, in keeping with [55, 63, 75, 106]. As depth
discontinuities often occur at object boundaries, we use a robust penalty with an

edge-aware term to optimize the depths, similar to [63]:

Lo(fr) = 10ufr(a,) e + 10, fr(a,) eV (2.4)

where z,. is the real-world image, and noting that fr share identical weights in
both real and synthetic input pipelines.

In addition, we also want the internal feature representations of real and trans-
lated synthetic images in the encoder-decoder network of fr to have similar distri-
butions [54]. In theory, the decoder portion of f should generate similar prediction
results from the two domains when their feature distributions are similar. Thus we

further define a feature-level GAN loss as follows:

EGANf (fT’ Dfeat) = EijNfXS [10g Dfeat(fa?s)] + Efx,anXT [log(l - Dfeat(fxr))] (2'5)

where f;, and f,, are features obtained by the encoder portion of fr for translated-
synthetic images and real images respectively. As noted in [65], the optimal solution

measures the Jensen-Shannon divergence between the two distributions.

2.4.3 Full Objective

Taken together, our full objective is:

Lrenet(Gs—r, fry DR, Dieat) =Laan(Gs—r, Dr) + afLaan, (f1; Dreat)
+ QTET(GSHR) + at£t<fT) -+ Oésﬁs(fT) (26)
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where Lgan encourages translated synthetic images to appear realistic, £, spurs
translated real images to appear identical, Lgan, enforces closer internal feature
distributions, £; promotes accurate depth prediction for synthetic pairs, and L,
prefers an appropriate local depth variation for real predictions. In our end-to-end

training, this objective is used in solving for optimal f; parameters:

fr=argmin min max Loyene(Gs—r, fr, DRy Dicat)- (2.7)
fr Gs—r DR,Dseat

2.4.4 Network Architecture

The transform network, Gs_ g, is a residual network (ResNet) [74] similar to Sim-
GAN [172]. Limited by memory constraints and the large size of scene images, one
down-sampling layer is used in our model and the output is only passed through 6
blocks. For the image discriminator networks, we use PatchGANs [172, 234], which
have produced impressive results by discriminating locally whether image patches
are real or fake.

The task prediction network is inspired by [63], which outputs four predicted
depth maps of different scales. Instead of encoding input images into very small
dimensions to extract global information, we instead use multiple dilation convo-
lutions [212] with a large feature size to preserve fine-grained details. In addition,
we employ different weights for the paths with skip connections [160], which can
simultaneously process larger-scale semantic information in the scene and yet also
predict detailed depth maps. The use of these techniques allows our task predic-
tion network fr to achieve state-of-the-art performance in our own real-supervised
benchmark method (training fr on pairs of real images and depth), even when the
encoder portion of fr is primarily based on VGG, as opposed to a more typical

ResNet50-type network used in other methods [63, 106].

2.5 Data Collection

As mentioned above, in this work, we assume the synthetic images and the corre-
sponding depth maps are easily obtained due to more and more 3D CAD models
are publicly available. In the experiments, we collected both indoor and outdoor

synthetic datasets.
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Synthetic Indoor Dataset To generate the paired synthetic training data, we
rendered RGB images and depth maps from the SUNCG dataset [177], which
contains 45,622 3D houses with various room types and all 3D CAD models are
publicly available at the time of publication. We chose the camera locations, poses,
and parameters based on the distribution of real NYUDv2 dataset [173]. We re-
tained valid depth maps using the criteria presented in [177]: a) valid depth area
(depth values in the range of 1m to 10m) larger than 70% of the image area, and
b) more than two object categories in the scene. The RGB images are rendered
using the default OpenGL-rendered method, resulting in low realism?®. Therefore,
our synthetic to realistic translation approach is applied to fit the synthetic images
to real. Theoretically, we can render infinite numbers of paired images for training
with the whole 3D CAD models of scenes. In this work, we generated 130,190 valid

views from 4,562 different houses.

Synthetic Outdoor Dataset We used Virtual KITTI (vKITTI) [53], a photo-
realistic synthetic dataset that contains 21,260 image-depth paired frames gener-
ated from different virtual urban worlds. The scenes and camera viewpoints are
similar to the real KITTI dataset [133]. However, the ground truth depths in
vKITTI and KITTI are quite different. The maximum sensed depth in a real
KITTTI image is typically on the order of 80m, whereas vKITTI has precise depths
to a maximum of 655.3m because it is rendered from Unity game engine without
equipment limitation. To reduce the effect of ground truth differences, the vKITTI
depth maps were clipped to 80m.

2.6 Experiment

We evaluated our model on the outdoor KITTI dataset [57] and the indoor NYU
Depth v2 dataset [173]. During the training process, we only used unpaired real im-
ages from these datasets in conjunction with synthetic image-depth pairs, obtained
via SUNCG [177] and vKITTI [53] datasets, in our proposed framework.

2.6.1 Implementation Details

Training Details In order to control the effect of GAN loss, we substituted the

vanilla negative log likelihood objective with a least-squares loss [129], which has

3In Chapter 6, a high-quality image rendering pipeline is introduced using Maya [3], yet it still
can not fully match a given real dataset.
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proven to be more stable during adversarial learning [234]. Hence, for GAN loss

Lcan(Gs—r, Dg) in (2.1), we trained Gg_, g by minimizing

E;ox, [(Dr(Gs—r(ws)) — 1)7]
and trained Dg by minimizing
Eq,ox, [(Dr(2r) = 1)°] + Egpnx, [DR(Gs (7)),
A similar procedure was also applied for the GAN loss in (2.5).

Our fr-only Benchmark Models Besides our full T?Net model, we also tested
our partial model, which comprised solely the fr task prediction network. We
evaluated this in two scenarios: (1) an “all-real” scenario, in which we used real
image and depth map pairs for training, for which we would expect to upper bound
our full model performance, and (2) an “all-synthetic” (naive version) scenario,
in which we used only synthetic image-depth pairs and eschewed even unpaired real

images, for which we would expect to lower bound our full model performance.

Evaluation Metrics We evaluated the performance of our approach using the

depth evaluation metrics reported in [46]:

RMSE(log) 11/t S0, lllog s — log il 2 RMSE :y/thy S5 [l — il 2
Sq. relative :ﬁ ZiTzl [|9r,i — yr_,in/yr_,i Abs relative :|71| ZiT=1 [Gri — Yril /Yri

Accuracy : % of y;; s.t. max(g“?, zr) =6 < thr

(2.8)

2.6.2 NYUDv2 Dataset

Translated Results Figure 2.3 shows sample output from translation through
Gs_r. We observe that the visual differences between synthetic and real images
are obvious: colors, textures, illumination and shadows in real scenes are more
complex than in synthetic ones. Compared to synthetic images, the translated

images are visually more similar to real images in terms of low-level appearance.
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Synthetic

Syn2Real

Realistic

FIGURE 2.3: Example outputs of our translation network for indoor scene.
Top: synthetic images rendered from SUNCG. Middle: corresponding images after Gg_,r
translation. Bottom: real images from NYUDv2 [173] (no correspondence to above rows).

4 t
Method Abs Rel Sq Rel RMSE RMSE log 6 < 1.25 6 < 1.25% 6 < 1.25%
Ladicky et al. [107] } ; ; ; 0542 0.829  0.940
Eigen et al. [46] Fine  0.215 0212 0907  0.285 0.611  0.887  0.971
Liu et al. [122] 0213 - 0.759 - 0.650  0.906  0.976
Eigen et al. [45] (VGG) 0.158 0.121* 0.641  0.214 0.769  0.950*  0.988*
Baseline, train set mean  0.439  0.641 1.148  0.415 0412 0692  0.856
Our fr, all-real 0.157* 0125 0556* 0.199°  0.779°  0.943  0.983
Our fr, all-synthetic 0.304 0.394 1.024 0.369 0.458 0.771 0.916
Our T?Net, Diae only  0.320  0.405 0.991  0.343 0.480  0.792  0.933
Our T2Net, Dimage only 0274 0.336  1.001  0.325 0.496  0.814  0.938
Our full T2Net 0.257 0.281 0.915 0.305  0.540 0.832  0.948

TABLE 2.1: Depth estimation results on NYUDv2 dataset [173]. Gray rows
indicate methods in which training is conducted without real image-depth pairs. Best
supervised results are marked with *, while best unsupervised results are in bold. | =
lower is better. T = higher is better.

Depth Estimation Results In Table 2.1, we report the performance of our
models (varying different applications of the two GANs) as compared to latest
state-of-the-art methods on the public NYUDv2 dataset. In the indoor dataset,
these previous works were all based on supervised learning with real image-depth
pairs. The gray rows highlight methods in which real image-depth pairs were not
used in training. The train-set-mean baseline used the mean synthetic depth
map in the training dataset as prediction, with the results providing an indication
of the correlation between depth maps in the synthetic and real datasets. We
also present results from our fr-only benchmark models in the “all-real” and “all-
synthetic” setups, which we expect to provide the upper bound and lower bound
of our model respectively.

Our proposed models produced a clear gap to the train-set-mean baseline and

the synthetic-only benchmark. While our models were unable to outperform the
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Input Ground Truth  Eigen et al. [46] Liu et al. [122]  Ours (T2Net) Ours (fr, all real)

FIGURE 2.4: Qualitative results on NYUDv2. All results are shown as relative
depth maps (red = far, blue = close).

Synthetic Images Sy2ReaI Images Realistic Images

FIGURE 2.5: Example translated images for the outdoor vKITTI dataset [53].
(Left) synthetic images from vKITTI and translated images. (Right) images in real
KITTI.

latest fully-supervised methods trained on real paired data, the full T?Net model
was even able to outperform the earlier supervised learning method of [107] on two
of the three metrics, despite not using real paired data.

We also show qualitative results in Figure 2.4. Although the absolute values of
our predicted depths were not as accurate as the latest supervised learning methods,
we observe that our T?Net model generates reasonably good relative depths with

distinct furniture shapes, even without using real paired training data.
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Method Dataset Cap + T ] g3
Abs Rel Sq Rel RMSE RMSE log §<1.25 §<1.25 6 < 1.25
Eigen et al.[46] Fine K(1+D) 0-80m  0.190  1.515  7.156 0.270 0.692 0.899 0.967
Garg et al.[55] L12 Aug.8x K(L+R) 1-50m 0.169 1.080 5.104 0.273 0.740 0.904 0.962
Godard et al. [63] CS+K(L+R) 1-50m 0.117 0.762 3.972 0.206 0.860 0.948 0.976
Kuznietsov et al. [106] K(D+L+R) 1-50m  0.108*  0.595* 3.518* 0.179 0.875* 0.964™ 0.988™
Baseline, train set mean vK(I4+D) 1-50m 0.521 11.024 10.598 0.473 0.638 0.755 0.835
Our fr, all-real K(I+D) 1-50m 0.114 0.627 3.549 0.178* 0.867 0.960 0.986
Our fr, all-synthetic vK(I4+D) 1-50m 0.278 3.216 6.268 0.322 0.681 0.854 0.929
Our T2Net, Dyony only vK(I+D) + K(I) 1-50m  0.233  2.902  6.285 0.300 0.743 0.880 0.938
Our T?Net, Dimage only ~ vK(I4+D) + K(I) 1-50m  0.168 1.199 4.674  0.243 0.772 0.912 0.966
Our full T?Net vK(I4+D) + K(I) 1-50m 0.169 1.230 4.717 0.245 0.769 0.912 0.965

TABLE 2.2: Results on KITTI 2015 [133] using the split of Eigen et al. [46]. For
dataset, K is the real KITTI dataset [133], CS is Cityscapes [31] and vK is the synthetic
KITTI dataset [53]. L, R are the left and right stereo images, and I, D are the images
and depths. The gray rows highlight methods that did not use real image-depth pairs nor
stereo pairs for training. Best real-supervised or stereo-based results are marked with *,
while best unsupervised results are in bold. | = lower is better. T = higher is better.

2.6.3 KITTI Dataset

Translated Results Figure 2.5 shows examples of synthetic, translated, and
real images from the outdoor datasets. As shown, the translated images have
substantially greater resemblance to the real images than the synthetic images.
Our translation network can visually replicate the distributions of colors, textures,
shadows and other low-level features present in the real images, and meanwhile

preserve the scene geometry of the original synthetic images.

Depth Estimation Results In order to compare with previous work, we used
the test split of 697 images proposed in [46]. Following [63], we chose 22,600
RGB images from the remaining 32 scenes for training the translation network.
As before, we did not use real depths nor stereo pairs in our T?Net models. The
ground truth depth maps in KITTI were obtained by aligning laser scans with color
images, which produced less than 5% depth values and introduced sensor errors.
For fair comparison with state-of-the-art single view depth estimation methods,
we evaluated our results based on the cropping given in [55] and clamping the
predicted depth values within the range of 1-50m.

Table 2.2 shows quantitative results of testing with real images of the KITTI
dataset. We can observe that the performance of T?Net has a substantial 9.1%
absolute improvement compared to our all-synthetic trained model. Unlike the
indoor results, the best performance comes from without Dy.,. This is likely due
to the translated images much closer to real KITTI, which does not need to match

the feature distribution using D .. adversarial learning. We also observe that our
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Input Ground Truth  Eigen et al. [46] Godard et al. [63] Ours (T?Net) Ours (fr, all real)

FIGURE 2.6: Qualitative results on KITTI with Eigen split [46]. The ground truth
depths in the original dataset were very sparse and have been interpolated for visualiza-
tion. We converted the disparity maps provided in [63] to depth maps.

Input Ground Truth Liu et al. [122] Ours Input Ground Truth Ours

FIGURE 2.7: Qualitative results on Make3D [165]. For most cases the model
generated reasonable depths except scenes with new object types not present in the
synthetic data.

model. despite training without real paired data, is able to outperform the method
of [46] trained on real paired image-depth data, as well as the method of [55] trained
on real left-right stereo data.

We also qualitatively compared the performance of the proposed model with the
state-of-the-art in Figure 2.6. We only chose two representatives that either used
real paired color-depth images [46], or real left-right stereo images [63]. Compared

o [46], our model can generate full dense depth maps of input image size. Our
method is also able to detect more detail at object boundaries than [63], with a
likely reason being that the synthetic training depth maps preserved object details
better. Another interesting observation is the predicted depth maps were treating
glass windows as permeable based on synthetic data, while they were mostly sensed

as opaque in the laser-based ground truth.
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Input SimGAN [172] CycleGAN [235] Ours (with rec.)

FIGURE 2.8: Ablation study for different translation networks. The qualitative
results of different unpaired image-to-image translation methods trained using vKITTI
and real KITTI dataset.

Method t i
Abs Rel Sq Rel RMSE RMSElog §<1.25 §<1.25% §<1.25%

baseline, synthetic only 0.278 3.216  6.268 0.322 0.681 0.854 0.929
vanilla task network, synthetic only  0.295 3.793  8.403 0.363 0.600 0.817 0.912
vanilla task network, full approach 0.259 2.891  6.380 0.324 0.694 0.853 0.927
separated training 0.234 2.706  6.068 0.293 0.747 0.882 0.942
separated training with CycleGAN 0.212 1.973  5.340 0.269 0.750 0.895 0.952
self-domain reconstruction 0.199 1.517  5.349 0.298 0.695 0.866 0.9420
No reconstruction loss(epoch 3) 0.201 1.941  5.619 0.286 0.741 0.882 0.945
No feature loss 0.168 1.199 4.674 0.243 0.772 0.912 0.966
No image GAN loss 0.233 2.902  6.285 0.300 0.743 0.880 0.938
our full approach 0.169 1.230 4.717 0.245 0.769 0.912 0.965

TABLE 2.3: Quantitative results of different variants of our T?Net on KITTI
using the split of [46]. All methods are trained without the real-world ground truth depth
map. J = lower is better. 1 = higher is better.

2.6.4 Performance on Make3D

To compare the generalization ability of our T?Net to a different test dataset, we
used our full T?Net model, trained only on vKITTI paired data and (unpaired) real
KITTI images, for testing on the Make3D dataset [165]. We evaluated our model
quantitatively on Make3D using the standard C1 metric. The RMSE(m) accuracy
is 8.935, Log-10 is 0.574, Abs Rel is 0.508 and Sqr Rel is 6.589. The qualitative
results presented in Figure 2.7 show that our model can generate reasonable depth
maps in most situations. The right part of Figure 2.7 displays some failure cases,
likely due to large building windows not being widely observed in the vKITTI

datasets.

2.6.5 Ablation Study

We evaluated the contribution of different design choices in the proposed T?Net.
Table 2.3 shows the quantitative results and Figure 2.8 shows some example outputs

of different methods for unpaired image translation.
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Method t il
Abs Rel SqRel RMSE RMSE log §<1.25 §<1.25% §< 1.253

baseline, synthetic only 0.304 0.394 1.024 0.369 0.458 0.771 0.916
separated training 0.288 0.364  1.095 0.352 0.463 0.768 0.902
separated training with CycleGAN  0.280 0.362  0.971 0.355 0.478 0.777 0.921
self-domain reconstruction 0.287 0.352  0.968 0.351 0.491 0.782 0.934
No reconstruction loss(epoch 3) 0.278 0.341  0.942 0.345 0.514 0.808 0.929
No feature loss 0.274 0.336  1.001 0.325 0.496 0.814 0.938
No image GAN loss 0.320 0.405 0.991 0.343 0.480 0.792 0.933
our full approach 0.257 0.281 0.915 0.305 0540 0.832 0.948

TABLE 2.4: Quantitative results of different variants of our T?Net on NYUv2
dataset [173]. All methods are trained without the real-world ground truth depth map.
J = lower is better. 1 = higher is better.

End-to-End vs Separated We began by evaluating the effect of end-to-end
learning. We found that end-to-end training outperformed separated training of
the translation network and task prediction network. One reasonable explanation
is that task loss is a form of supervised loss for synthetic-to-realistic translation.
This incentivizes the translation network to preserve geometric content present in
a synthetic image.

We also experimented with the unpaired image translation network CycleGAN
[234]. This model has two encoder-decoder translation networks and two discrim-
inators, but we were limited by machine memory and trained the CycleGAN and
task network separately. From Figure 2.8, we found that while this model gen-
erated very visually realistic images, it also created some realistic-looking details
that significantly distorted scene geometry. The quantitative performance is close

to our separated training results.

No Image Reconstruction We studied what happens when training without
real-image reconstruction loss. In Figure 2.8, we may surmise that the task loss
in the depth domain is able to encourage reasonable depiction of scene geometry
in the translation network. However, the lack of a real image reconstruction loss
appears to make it harder to generate high-resolution images. In addition, we
noticed that while the removal of reconstruction loss still led to relatively good
results as seen in Table 2.3 and 2.4, this was only true in early training with best

results in epoch 3, with accuracy dropping after more training epochs.

Target Reconstruction vs Self-Regularization Since the self-regularization
component of SimGAN is closest to our target-domain reconstruction concept, we

also trained our full model with L1 reconstruction loss for synthetic imagery, which
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forces the generated target images to be similar to original input images. From
Figure 2.8, we observe that this is unable to work well for large domain shifts,
for the GAN loss and self-domain reconstruction loss play opposite roles in the

translation.

2.7 Limitations and Discussion

A novel, end-to-end trainable T?Net deep neural network is presented for single-
image depth estimation, that requires only synthetic image-depth pairs and un-
paired real images for training. The overall system comprises an image translation
network and a depth prediction network. It is able to generate realistic images via
a learning framework that combines adversarial loss for synthetic input and target-
domain reconstruction loss for real input in the translation network, and a further
combination of a task loss and feature GAN loss in the depth prediction network.
The T?Net can be trained end-to-end, and does not require real image-depth pairs
nor stereo pairs for training. It is able to produce good results on the NYUDv2
and KITTI datasets despite the lack of access to real paired training data, and
even outperformed early deep learning methods that were trained on real paired
data. Many recent works [25, 156, 225] have also begun to explore the single-image
depth estimation on different datasets. In particular, Zhao et al. [225] and Chen
et al. [25] follow our experiment setting to address the gap between synthetic and
real domain, and consistently consider our method as a state-of-the-art benchmark
for single image depth estimation using only synthetic ground truth depth. In
the future, we intend to explore mechanisms that provide greater generalization
capability across different datasets.

While the proposed wide-spectrum translation network works well on this synthetic-
to-realistic translation task, it requires joint training with the task network, which
ensures depth / structure consistency during the end-to-end training. However, it
is not always the case that a complementary task is available to support an 121
problem. For example, it remains challenging to explicitly model the content and
style for 121 translation. In Chapter 3, we will introduce a spatially-correlative
loss, which can explicitly extract the structure representation to allow preserva-
tion of scene structure consistency during the translation when appearance may

dramatically change.
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Spatially-Correlative Loss for

Various Image Translation Tasks

The previous wide-spectrum translation network works well only when translation
and task networks are jointly optimized, in which the task network can provide
a geometry loss to support synthesis with depth consistency. However, it is not
scalable to many I2I translation scenarios, where only unpaired images in the two
domains are available. As the goal in I2I translation is to modify the input image
to fit the style / appearance of the target domain, while preserving the original con-
tent / structure, learning to assess the content and style correctly is thus of central
importance. In this chapter, a novel spatially-correlative loss is proposed that is
simple, efficient, and yet effective for preserving scene structure consistency. Pre-
vious methods attempt this by using pixel-level cycle-consistency or feature-level
matching losses, but the domain-specific nature of these losses hinder translation
across large domain gaps. To address this, we exploit the spatial patterns of self-
similarity as a means of defining scene structure. The spatially-correlative loss is
geared towards only capturing spatial relationships within an image, rather than
domain appearance. A new self-supervised learning method is also introduced to
explicitly learn spatially-correlative maps for each specific translation task. We
show distinct improvement over baseline models in all three modes of unpaired 121
translation: single-modal, multi-modal, and even single-image translation.

We first introduce the motivation in Section 3.1 and review previous works in
Section 3.2. Section 3.3 explains how to calculate the spatially-correlative loss for
21 translation tasks and Section 3.4 demonstrates the superiority of the proposed

loss. We discuss the loss in Section 3.5.

29
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Input Structure Map Output Structure map

FIGURE 3.1: Our learned spatially-correlative representation encodes local scene
structure based on self-similarities. Despite vast appearance differences between the
horse and zebra, when the scene structures are identical (i.e. same poses), the spatial
patterns of self-similarities are as well.

3.1 Introduction

I21 translation refers to the task of modifying an input image to fit the style /
appearance of the target domain, while preserving the original content / struc-
ture (as shown in Figure 3.1: horse — zebra); learning to assess the content and
style correctly is thus of central importance. While GANs [65] have the ability to
generate images that adhere to the overall dataset distribution, it is still difficult
to preserve scene structure during translation when image-conditional GANs are
optimized with purely adversarial loss.

To mitigate the issue of scene structure discrepancies, a few loss functions for
comparing the content between input and output images have been proposed, in-
cluding (a) pizel-level image reconstruction loss [23, 87, 172] and cycle-consistency
loss [101, 209, 234]; (b) feature-level perceptual loss [43, 93] and PatchNCE loss [143].
However, these losses still have several limitations. First, pixel-level losses do not
explicitly decouple structure and appearance. Second, feature-level losses help but
continue to conflate domain-specific structure and appearance attributes. Finally,
most feature-level losses are calculated using a fixed ImageNet [35] pre-trained
network (e.g. VGG16 [174]), which will not correctly adapt to arbitrary domains.

In this chapter, we aim to design a domain-invariant representation to pre-
cisely express scene structure, rather than using original pixels or features that
couple both appearance and structure. To achieve this, we propose to revisit the
idea of self-similarity. Classically, low-level self-similarity has been used for match-
ing [169] and image segmentation [170], while feature-level self-similarity in deep
learning manifests as self-attention maps [200]. We propose to go further, to ad-
vance an assumption that all regions within same categories exhibit some form of
self-similarity. For instance, while the horse and zebra in Figure 3.1 appear very
different, there is obvious visual self-similarity in their own regions. We believe

a network can learn deeper representations of self-similarities (beyond just visual
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ones) that can encode intact object shapes, even when there are variations in ap-
pearances within an object. Then through estimating such co-occurrence signals
in self-similarity, we can explicitly represent the structure as multiple spatially-
correlative maps, visualized as heat maps in Figure 3.1. Based on this within-shape
self-similarity, we propose then that a structure-preserving image translation will
retain the patterns of self-similarity in both the source and translated images, even
if appearances themselves change dramatically.

Our basic spatially-correlative map, called FSeSim, is obtained by computing
the Fixed Self-Similarity of features extracted from a pre-trained network. While
this basic version achieved comparative or even better results than state-of-the-art
methods [52, 143, 234] on some tasks, the generality is limited because features
extracted from an ImageNet pre-trained network are biased towards photorealistic
imagery. Hence, this will not optimally work with images in non-realistic styles.

To obtain a more general spatially-correlative map, the Learned Self-Similarity,
called LSeSim, is presented by using a form of contrastive loss, in which we explic-
itly encourage homologous structures to be closer, regardless of their appearances,
and reciprocally dissociate dissimilar structures even they have similar appear-
ances. To do this, the model learns a domain-invariant spatially-correlative map,
where having the same scene structure leads to similar maps, even if the images
are from different domains.

There are several advantages of using the proposed F/LSeSim loss: (a) In con-
trast to the existing losses that directly compare the loss on pixels [234] or features
93], F/LSeSim captures the domain-invariant structure representation, regardless
of the absolute pixel values; (b) Through contrastive learning, the LSeSim learns
a spatially-correlative map for a specific image translation task, rather than fea-
tures extracted from a fixed pre-trained network, as in e.g. perceptual loss [93],
contextual loss [132]; (c¢) The translation model is more efficient and faster than
the widely used cycle-consistency architectures, because our F/LSeSim explicitly
encodes the structure, bypassing the expensive multi-cycle looping; (d) As we show
in Figure 3.5, our F/LSeSim correctly measures the structural distance even when
the two images are in completely different domains; (e) Finally, our F/LSeSim can
easily be integrated into various frameworks. In our experiments, we directly used
the generator and discriminator architectures of CycleGAN [234], MUNIT [84] and
StyleGAN [96, 97] for extensive I2I translation tasks. The experimental results
show that our model outperformed the existing both one-sided translation meth-
ods [2, 11, 52, 143] and two-sided translation methods [84, 209, 234].
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FIGURE 3.2: Comparison of unpaired I2I translation methods with various
content losses. (a) The cycle-consistency loss [101, 209, 234] in a two-sided framework.
(b) Pixel-level image reconstruction loss [172] and feature-level matching loss [93]. (c)
Various indirect relationships [11, 52] between the input and output. (d) Our spatially-
correlative loss based on a learned spatially-correlative map.

3.2 Background

Existing unpaired 121 translation either use cycle-consistency loss in a two-sided
framework [101, 209, 234], or other forms of pixel-level and feature-level losses in

a one-sided framework [2, 11, 52] for preserving content (Figure 3.2).

Two-Sided Unsupervised Image Translation Cycle-consistency has become
a de facto loss in most works, whether the cycles occur in the image domain [28,
79, 101, 111, 209, 234], or in latent space [84, 112, 235]. However, without explicit
constraints, the content in a translated image can be easily distorted [111]. Fur-
thermore, the cycle-based methods require auxiliary generators and discriminators

for the reverse mapping.

One-Sided Unsupervised Image Translation To avoid cycle-consistency ar-
tifacts, DistanceGAN [11] and GcGAN [52] pre-define an implicit distance in a
one-sided framework. In contrast, the feature-level losses [93, 132] evaluate the
content distance in a deep feature space, which have been applied in both style
transfer [56, 93, 132, 222] and image translation [23, 90, 144, 193]. However, the
underlying assumption that high-level semantic information is solely determined
in feature space does not always hold. Furthermore, these features are extracted
from a fixed pre-trained network (e.g. VGG16 [174]). While the latest CUT [143]
learns a PatchNCE loss for a specific task, the distance used is directly computed

from extracted features, and will still be affected by domain-specific peculiarities.

Contrastive Representation Learning Driven by the potential of discrimina-
tive thought, a series of self-supervised methods [4, 24, 71, 76, 78, 141, 199] have

emerged in recent years. These self-supervised methods learn robust features by
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associating “positive” pairs and dissociating “negative” pairs. CUT [143] first in-
troduced contrastive learning for unsupervised 121 translation. While we utilize
a patch-wise contrastive loss within an image in a similar manner to CUT, we
propose a systematic way to learn a structure map that excludes appearance at-
tributes. As described below, our LSeSim method learns a domain-independent

structure representation.

3.3 Approach

As shown in Figure 3.2, given a collection of images X C R¥*W*C from a particular
domain (e.g. horse), our main goal is to learn a model ® that receives the image
r € X as input and transfers it into the target domain Y € RT*W*C (¢ g, zebra),
in a manner that retains the original scene structure but converts the appearance
appropriately.

Here, we focus on designing a loss function that measures the structural sim-
ilarity between the input image = and the translated image y = ®(x). However,
unlike most existing approaches that directly attempt to evaluate the structural
similarity between input and translated images at some deep feature level, we will
instead compute the self-similarity of deep features within each image, and then
compare the self-similarity patterns between the images.

In subsequent sections, we investigate two losses, fized self-similarity (FSeSim)
and learned self-similarity (LSeSim). In the first instance, we directly compare
the self-similarity patterns of features extracted from a fixed pre-trained network
(e.g. VGG16 [174]). In the second instance, we additionally introduce a structure
representation model that learns to correctly compare the self-similarity patterns,
in which we use the contrastive infoNCE loss [141] to learn such a network without

label supervision.

3.3.1 Fixed Self-Similarity (FSeSim)

We first describe our fixed spatially-correlative loss. Given an image z in one
domain and its corresponding translated image ¢ in another, we extract the features
f» and f; using a simple network (e.g. VGG16 [174]). Instead of directly computing

the feature distance || f, — f;||,, we compute the self-similarity in the form of a map.
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FIGURE 3.3: An example of computing spatially-correlative loss from self-
similarity maps. The image x and corresponding translated image ¢ are first fed into
the feature extractor. We then compute the local self-similarity for each query point.
Here, we show one example for the red query point.

We call this a spatially-correlative map, formally:

vai = (fxz)T(fx*> (3'1)

where f € R is the feature of a query point z;, f,, € R“*"» contains corre-
sponding features in a patch of N, points, and S,, € R captures the feature
spatial correlation between the query point and other points in the patch. We
show one query example in Figure 3.3, where the spatially-correlative map for the
query patch is visualized as a heat map. Note that unlike the original features that
would still encode domain-specific attributes such as color, lighting and texture,
the self-similarity map only captures the spatially-correlative relationships.

Next, we represent the structure of the whole image as a collection of multi-
ple spatially-correlative maps S, = [Sz,;Suy; - - ;5. € RY*Ne where N, is the
numbers of sampled patches. This is a semi-sparse representation, but is more
computationally efficient. We then compare the multiple structure similarity maps

between the input x and the translated image g, as follows:
Ls=d(Sz,Sy) (3.2)

where S are corresponding spatially-correlative maps in the target domain. Here,
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; +
estm(v,v )/T

— log esim(v,v+)/r+zesim(v,v‘)/r

y Feature Sample positive
Image extractor + K negatives Contrastive loss

FIGURE 3.4: Patchwise contrastive learning for the learned self-similarity.
Three images are fed into the feature extractor, in which two images,  and 4,4, are
homologous with the same structure but varied appearances, and y is another randomly
sampled image. For each query patch in z, the “positive” sample is the corresponding
patch in 4,4, and all other patches are considered as “negative” samples.

we consider two forms for d( - ), the Ly distance ||.S; —S;||; and the cosine distance
|1 —cos(Sy,Sy)||. The former term strongly encourages the spatial similarity to be
consistent at all points in a patch, while the latter term supports pattern correlation

without concern for differences in magnitude.

3.3.2 Learned Self-Similarity (LSeSim)

Although our FSeSim provides strong supervision for structure consistency, it does
not explicitly learn a structure representation for a specific translation task. As
opposed to existing feature-level losses [93, 132] that only utilize the features from
a fixed pre-trained network, we propose to additionally learn a structure represen-
tation network for each task that expresses the learned self-similarity, or LSeSim.
In order to learn such a model without supervision, we consider the self-supervised
contrastive learning that associates similar features, while simultaneously dissoci-
ates different features. Following PatchNCE [143], we build our contrastive loss at
patch level, except here the pairs for comparison are our spatially-correlative maps,
rather than the original features in existing works [24, 71, 78, 143]. To help gener-
ate pairs of similar patch features for self-supervised learning, we create augmented

images by applying structure-preserving transformations.



36 3.3. Approach

Formally, let v = S,, € R denotes the spatially-correlative map of the
“query” patch. Let vt = S; € RPN and v= € REXM he “positive” and “nega-
tive” patch samples, respectively. The query patch is positively paired with a patch
in the same position ¢ within an augmented image 4,4, and negatively paired to
patches sampled from other positions in x4, or patches from other images y. The
number of negative patches used is K = 255.

Our LSeSim design is illustrated in Figure 3.4. The contrastive loss is given by:

; +
eszm('v,v )/ T

& estm(v,ot) /T + Zszl esim(v,o)/T

L.=—lo (3.3)
where sim (v, v") = vTvT/||v|||vT] is the cosine similarity between two spatially-
correlative maps, and 7 is a temperature parameter. To minimize this loss, our
network encourages the corresponding patches with the same structure to be close
even they have very different visual appearances, which fits in with the goal of
image translation. Note that, this contrastive loss is only used for optimizing the
structure representation network. The spatially-correlative loss for the generator

is always the loss in equation (3.2).

3.3.3 Full Objective

Overall, we train the networks by jointly minimizing the following losses:

Lp=—Eyp,log D(y)] — Ejp,[log(1 — D())]
Ls=0L, (3.4)
EG = Eiwpg [log(l — D(@))] + /\d(Sgc, S@)

where Lp is the adversarial loss for the discriminator D(-), g is the translated
image, and Lg is the contrastive loss for the structure representation network f(-).
L is the loss for the generation (translation) network G( - ), which consists of the
style loss term and the structure loss term. X is a hyper-parameter to trade off

between style and content.

3.3.4 Analysis

Readers may wonder why the proposed F/LSeSim losses would perform better than
existing feature-level losses [93, 132, 143]. An intuitive interpretation is that self-

similarity deals only with spatial relationships of co-occurring signals, rather than
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FIGURE 3.5: Error map visualization. Our LSeSim has small errors on the left where
ground truth paired data is provided, while having large errors on the right for obviously
unpaired data.

their original absolute values.

To provide further clarity, we consider a scenario where given a semantic map
x (Figure 3.5), the task is to translate it to a photorealistic image y. We consider
an ideal result (the paired ground truth ¥u;g, in the dataset) and a wrong result
(another image Yunalign), respectively. Under such a setting, a good structure loss
should penalize the wrong result, while supporting the ideal result. To visualize the
error maps, for each corresponding pair of query patches in x and y we computed
the error at that patch location for different losses. As can be seen, pixel-level
loss [172] is naturally unsuitable when there are large domain gaps, and while
Perceptual loss [93] will report significant errors for both aligned and unaligned
results. PatchNCE [143] mitigates the problem by calculating the cosine distance
of features, but it can be seen the loss map still retains high errors in many re-
gions within the aligned result, due to extracted features consisting of appearance
attributes, such as color and texture.

In contrast, appearance attributes are ignored in LSeSim by representing scene
structure as a spatially-correlative map. Figure 3.5 shows that our LSeSim leads
to low errors for the aligned image (left), even when they are in quite different
domains, but large errors for the non-aligned image (right). Even for yunaiign,
LSeSim differentiates between related structures (e.g. roads) and unrelated struc-
tures (trees vs windows), with lower errors for the former. Hence LSeSim can better
help preserve scene structure even across large domain gaps.

In Figure 3.6, we report a qualitative comparison of various losses that be ap-

plied to a same translation network architecture. All methods following the setting
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4.

Input LSeSim FSeSim GAN loss only [234] Cycle loss [234] Perceptual loss [93]PatchNCE loss [143]

FIcURE 3.6: Comparing results under different content losses. All results are
reported following the same setting of CycleGAN [234], except using different content
losses. Our model generates much better visual results with only loss modification.

in CycleGAN [235], except that the content loss is changed. Cycle-consistency is
achieved using the auxiliary generator and discriminator, and all other methods
are one-sided translation. We find that our method produces results with much

better visual quality.

Discussion Similar to conventional feature-level losses [93, 132], our F/LSeSim is
computed in a deep feature space. However, we represent the structure as multiple
spatially-correlative maps. So rather than directly at feature level which is not free
from domain-specific attributes, our comparison is done at a more abstract level
that is intended to transcend domain specificity.

While attention maps have been used in previous image translation works [1,
26], it is fundamentally different from our F/LSeSim in concept — their attention
maps effectively function as saliency maps to guide the translation, but content
preservation is primarily still dependent on cycle-consistency loss. In our case,
the multiple spatially-correlative maps are used to encode and determine invari-
ance in scene structure. Our F/LSeSim also differs from the content loss used
in [105], in which the self-similarity was calculated at random positions without
a clear purpose. Our F/LSeSim is on the other hand organized at a local patch
level to explicitly represent the scene structure. As shown in Section 3.4.2, our
local structure representation is better than just using random spatial relation-
ships. Furthermore, our LSeSim is a metric learned from the infoNCE loss, which
generalizes well robustly on various tasks. While PatchNCE loss [143] can also
learn feature similarity using contrastive loss, it directly compares features in two

domains.

3.4 Experiment

To demonstrate the generality of our method, we instantiated F /LSeSim in multiple

frameworks on various I2I translation tasks, including single-modal, multi-modal,
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and even single-image translation. For each task, we used a suitable baseline
architecture, but replaced their content losses with our F/LSeSim loss. In addition,
we are only interested in scenarios where scene structure is preserved during the
translation [87, 234, 235], rather investigating translations incorporating shape
modification [6, 28, 29, 100, 140].

3.4.1 Single-Modal Unpaired Image Translation

We first evaluated our loss on the classical single-modal unpaired 121 translation.

Implementation details In this task, we chose CycleGAN [234] as the reference
architecture, but only used half of their pipeline and replaced the cycle-consistency
loss with our F/LSeSim loss. Specifically, we used the ResNet-based generator with
PatchGAN discriminator [87]. Details can be found on their website.

Our FSeSim is based on the ImageNet-pretrained VGG16 [174], where we used
features from layers relu3_1 and relu4_1. While the LSeSim employs the same
structure as FSeSim, the weights are not fixed and additionally two convolution
layers, implemented as 1 x 1 kernels, are included to select better features. As
for the selection of patches to build the contrastive loss, we found that random
sampling the patch locations performed much better than uniform sampling on
a grid, leading to better convergence when training the structure representation
network. We set A = 10 in FSeSim and 7 = 0.07 in LSeSim.

Metrics Our evaluation protocols are adopted from previous work [77, 143, 144].
We first used the popular Fréchet Inception Distance (FID) [77]! to assess the visual
quality of generated images by comparing the distance between distributions of
generated and real images in a deep feature domain. For semantic image synthesis,
we further applied semantic segmentation to the generated images to estimate how
well the predicted masks match the ground truth segmentation masks as in [23,
143, 144, 193]. Following [90, 143], we used the pre-trained DRN [213].

Results In Table 3.1, we reported either published results or our reproductions

with publicly-available code, choosing the better. Our simple, inexpensive losses

LAs claimed in StyleGANv2 [97], ImageNet-pretrained classifiers tend to evaluate the distri-
bution on texture than shape, while humans focus on shape. The best FID score does not ensure
the best image quality for translated images. As such, for a fair comparison, we reported the best
FID score from all trained epochs for all methods, rather than the score in the last epoch.


https://github.com/junyanz/pytorch-CycleGAN-and-pix2pix
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Input LSeSim FSeSim CUT [143] CycleGAN [234] MUNIT [84] DRIT++ [112] DisGAN [11] GeGAN [52]

FIGURE 3.7: Qualitative comparison on single-modal image translation. Here,
we show results for horse—zebra and label— image.

Cityscapes Horse—Zebra
Method pixAcel  FIDJ FID,  Mem]|
CycleGAN [234] 57.2 76.3 7.2 4.81
MUNIT [84] 58.4 91.4 98.0 9.43
DRIT++ [112] 60.3 96.2 88.5 11.2
Distance [11] 47.2 75.9 67.2 2.72
GcGAN [52] 65.5 57.4 86.7 4.68
CUT [143] 68.8 56.4 45.5 3.33
FSeSim 69.4 53.6 40.4 2.65
LSeSim 73.2 49.7 38.0 2.92

TABLE 3.1: Quantitative comparison on single-modal image translation.
FID [77] measures the distance between distributions of generated images and real im-
ages. “Mem” denotes the memory cost during training.

substantially outperformed state-of-the-art methods, including two-sided frame-
works with multiple cycle-consistency losses [84, 112, 235], and one-sided frame-
works using self-distance [11], geometry consistency [52] and contrastive loss [143].

When compared to CycleGAN [234] and CUT [143], although we used the same
settings for the generator and discriminator, our method led to significant improve-
ment. Unlike CUT [143] that depends on an identity pass for good performance,
our results were achieved by training with only one pass using F/LSeSim and GAN
losses. This suggests that once we explicitly decouple scene structure and appear-
ance, it is easier for the model to modify the visual appearance correctly. As
our model belongs to one-sided image translation that does not require additional

generators and discriminators, our model is also memory-efficient.
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Qualitative results are shown in Figures 3.6 and 3.7. In Figure 3.6, despite
keeping the same settings and only comparing different content losses, our method
translated the zebra appearance more cleanly. We also compared results using the
same examples as [143] in Figure 3.7, where our method achieved better visual

results, even for some failure cases of [143].

3.4.2 Multi-Modal Unpaired Image Translation

Our F/LSeSim is also naturally suited for multi-modal image translation, since
the use of our spatial-correlative maps imposes only structural consistency and not
appearance constraints. We performed a thorough comparison of F/LSeSim to

state-of-the-art methods, along with comprehensive ablation experiments.

Implementation details Our multi-modal setting is based on MUNIT [84, 112],
except our model uses only one generator and one discriminator of MUNIT [84]
without requiring the auxiliary generators and discriminators for multiple cycle
training. Specifically, we used the ResNet-based generator with Instance Normal-
ization (IN) [185] in the encoder and Adaptive Instance Normalization (AdaIN) [83,
96] in the decoder, plus multi-scale discriminators [193]. The details of the archi-
tecture can be found on their website. The F/LSeSim used is identical to that used
in Section 3.4.1.

Metrics Besides using FID to measure quality, we also used the average LPIPS
distance [222] to evaluate the diversity of generated results. The LPIPS distance
is calculated by comparing the features of two images. Following [84, 235], we
computed the distances between 1900 pairs, sampling 100 images 19 times. We also
report the latest metrics of Density and Coverage (D&C) [137], which separately
evaluate the diversity and fidelity of generated results. Likewise, we used the 1900
sampled pairs to compute D&C scores. Higher scores here indicate larger diversity

and better coverage to the ground-truth domain, respectively.

Results We compared our F/LSeSim to state-of-the-art methods in multi-modal
image translation in Table 3.2. Our method outperformed the two baselines, MU-
NIT [84] and DRIT++ [112], although we deployed the same network architecture.
In Table 3.2, our method achieved larger diversity with higher LPIPS score and
better image quality with lower FID score. Besides, BicycleGAN [235] achieved


https://github.com/NVlabs/MUNIT
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Input LSeSim MUNIT [84]
FIGURE 3.8: Qualitative comparison on multi-modal image translation. Here,
we show the examples of winter— summer and night— day. Our model provides not only

better visual results, but also produces larger diversity.

Method Winter—Summer Night—Day
LPIPS 1 FID | D& CH LPIPS t FID | D&CHt

Real images 0.770 44.1 0.997 / 0.986 0.684 146.1 0.977 / 0.962
BicycleGAN [235]  0.285 992 +32 0.536 /0.667  0.349 2909 + 65 0.375 / 0.515
MUNIT [84] 0.160 97.4 + 2.2 0.439 / 0.707 0.152 267.1 £ 2.7 0.271 / 0.548
DRITH++ [112] 0.186 93.1 £ 2.0 0.494 / 0.753 0.167 258.5 + 2.3 0.298 / 0.631
FSeSim 0216  905+1.9 0501 /0779 0203 2343 +28  0.332/0.638
LSeSim 0.232 89.4 + 1.9 0.516 / 0.793 0.215 224.9 + 2.0 0.347 / 0.652

TABLE 3.2: Quantitative evaluation on multi-modal image translation task.
LPIPS distance [222] measures the diversity of generated images by comparing the fea-
tures of two images, while (D&C) [137] evaluates the diversity and fidelity by matching
whole features in the generated and real datasets.

larger diversity (higher LPIPS score) on all tasks by adding noise to all decoders
through the U_Net [160], but the tradeoffs are worse visual results (the highest FID
score), due to the larger noise being directly added to the last generative layer. In
contrast, we only added noise to the middle layers of generation, through AdaIN.

In Figure 3.8, we show qualitative comparisons of our method to MUNIT [84]
on winter — summer, and night — day tasks. As can be seen, our model not
only generated higher quality translated results, but also produced more diverse
solutions for these multi-modal tasks. We believe this is because the formulation of
our F/LSeSim will only maintain structural fidelity, and does not impose penalties

on appropriate appearance modifications in the target domain.

Ablation Experiments To understand the influence of different components for
the proposed spatially-correlative loss, we ran a number of ablations. The quantita-
tive results are reported in Table 3.3 for both single- and multi-modal image trans-
lation. In this table, row A shows the performance of the baseline method [105]

which utilizes self-similarity as content loss. However, it calculates the similarity
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. Horse — Zebra Night — Day
Configuration
FID | Mem(GB) | FID | LPIPSt D&C1
A STROTSS [105] (random SeSim) 70.1 2.68 262.7 £ 3.6  0.162  0.289 / 0.554
B Baseline (global SeSim on single layer)  53.7 2.97 173.2 £ 2.2 0.168  0.303 / 0.664
C (B): Global — Patch (32 x32) - 458 2061  231.3+25 081 0317 /0.634
D (C): Single — Multi (relu3_1, relud_1) 43.3 2.65 2204 + 2.1 0.177 0.311 / 0.646
E (D): llloss — 1 - consine 40.4 2.65 234.3 + 2.8 0.203 0.332 / 0.638
F Ous LSeSim & 38.0 292 2249420 0215 0.347 / 0.652

TABLE 3.3: Ablation study on both single- and multi-modal image translation.
Refer to ablation experiments in main text for details.

Input A: Random [105] B: Global D: FSeSim F: LSeSim

FicURE 3.9: Ablation study on self-similarity maps. A, B, D and F correspond to
the settings in Table 3.3, respectively.

using random sampled features and does not have an explicit connection to spatial
structure. Row B is a global attention map. While this version performed well
and ran faster by avoiding sampling, it has two main limitations. First, the origi-
nal global attention module is memory intensive and cannot be applied to multiple
scales nor to large feature spaces. Second, as evident from Figure 3.9, the spatially
distant correlation is essentially noise (as is also the case for the Random baseline
of [105]), which is detrimental to the results. Compared to the global version, row
C largely improved the performance as clearer shapes are captured in the local
patches. In row D, we applied local attention to multiple layers with a fixed path
size. This results in the spatially-correlative maps having different receptive fields,
which further improves the performance. Row E replaces the [; distance with co-
sine distance. While the improvement in image quality is not obvious, the diversity
scores increased substantially. This is due to the cosine similarity supporting only
the correlation between the two spatially-correlative maps without encouraging the
maps to be fully same. Row E shows the performance of the full model (same as
in Tables 3.1 and 3.2), where LSeSim of row F improved on many metrics, and

had better visual results.
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Input Target FSeSim CUT [143] Gatys et al. [56] WCT? [210] STRORSS [105]

FIiGURE 3.10: High-resolution painting to photorealisitc image on single-image
translation.

3.4.3 Single-Image Unpaired Image Translation

To further test the generalization ability, we applied the FSeSim to a high-resolution
single-image translation task. Here, only one source and one target image are
provided for training, but they are unpaired. This task is conceptually similar to
the style transfer [56, 93, 128], except that here we trained a SinGAN-like [168, 171]
model that captures the distribution of a single image through the adversarial

learning, rather than using a fixed style loss [93].

Implementation details The single-image translation setting is based on the
CUT [143] method, except that the PatchNCE loss is replaced by our FSeSim
loss. In detail, the StyleGAN2-based generator and discriminator [97] with the
gradient penalty [96, 134] are used. To further increase simplicity, we removed
the identity loss in CUT [143], and only used a GAN loss in conjunction with the
proposed FSeSim loss to assess the appearance and structure separately. As these
64 x 64 cropped patches have to be taken from a high-resolution image for training
here, it becomes less useful to further subsample “positive” and “negative” patches.
Therefore, we only use our FSeSim to train the model, without using LSeSim with

contrastive loss.

Results In Figure 3.10, we show qualitative results from the CUT [143] paper
on the painting—photo task. As evident in the highlighted regions, our model
generated not only higher quality results, but they were also closer to the target
image style than existing methods, including classical style transfer models, such
as WCT? [210] and STRORSS [105], as well as the latest single-image translation
CUT [143] model.
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3.5 Limitations and Discussion

In this chapter, we introduced F/LSeSim, a new structure consistency loss that
focuses only on spatially-correlative relationships, without regard to visual appear-
ances. The proposed F/LSeSim is naturally suitable for tasks that require structure
consistency, and can be easily applied to existing architectures. We demonstrated
its generality to various unpaired 121 translation tasks, where a simple replacement
of the existing content losses with F/LSeSim led to solid performance improve-
ments.

As demonstrated in experiments 3.4, the proposed spatially-correlative loss can
easily be integrated into existing network architectures and thus allows wide appli-
cability. However, the proposed structure loss only models the content / structure
representation in this work, leaving the style / appearance to be judged by an aux-
iliary discriminator, which is not always stable in some situations. A future step is
to better model the style, and to effectively incorporate content and style losses in
translation.

So far, in the last two chapters, I have investigated the specific problem of un-
paired I2I translation. In Chapter 2, a system for synthetic-to-realistic translation
was proposed that solves for single image depth estimation. In this chapter, a
general spatially-correlative loss was introduced for various 121 translation tasks,
where the structure representation was explicitly modeled. These works mainly
focus on modifying the appearance, which is a basic operation in visual synthesis.
Next, in Part II, we go further to explore the content modification in visual syn-
thesis, which requires a high-level semantic perception of a scene, instead of purely

changing low-level appearance.
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Chapter 4
Pluralistic Image Completion

This chapter covers a classic generative task: image inpainting / completion [13].
At the time of publication®, the previous approaches produced only one result for
a given masked image, although there may be many reasonable possibilities. In
this chapter, a new perspective is presented, pluralistic image completion —
the task of generating multiple and diverse plausible solutions. Although there
had been some earlier works on multiple solutions in image generation and trans-
lation, it is significantly harder for image completion as all the multiple solutions
need to seamlessly fit with the unmasked regions of the input image. A novel and
probabilistically principled framework with two parallel paths is proposed. One is
a reconstructive path that utilizes the only one ground truth to get a prior distribu-
tion of missing patches and rebuild the original image from this distribution. The
other is a generative path for which the conditional prior is coupled to the distribu-
tion obtained in the reconstructive path. Experiments show that our method not
only yields better results in various datasets than existing state-of-the-art methods,
but also provides multiple and diverse outputs. This work was followed by many
researchers [36, 147, 190, 224] to explore the multiple and diverse results for this
highly subjective task.

The rest of this chapter is organized as follows: We introduce and discuss
the motivation and previous works in Sections 4.1 and 4.2. Next, we describe
the proposed probabilistically principled framework and the improved attention
module in Section 4.3. Section 4.4 presents the interface for users to freely edit
images. We then describe and discuss the experiments in Section 4.5, and conclude

in Section 4.6.

!This work was published as Pluralistic Image Completion in CVPR, 2019 [227].
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FIGURE 4.1: Example completion results of our method on images of a face, a
building, and natural scenery with various masks (masks shown in white only for visual
purpose). For each group, the masked input image is shown left, followed by sampled
multiple results from our model without any post-processing.

4.1 Introduction

Image completion involves filling alternative content into the missing parts of
images. It can be used for restoring damaged paintings, removing unwanted
objects, and generating new content for incomplete scenes. Many approaches
have been proposed for this non-trivial task, including diffusion-based methods
8, 13, 14, 113], patch-based methods [10, 32, 33, 89]) and learning-based methods
86, 123, 139, 146, 208, 214]. While these approaches rapidly improve the comple-
tion results, they produce only one “optimal” result for a given masked image and
do not have the capacity to generate a variety of semantically meaningful results.
It remains a challenging problem to provide multiple and diverse plausible results
for this highly subjective problem.

Supposing you were shown the images with various missing regions in Fig-
ure 4.1, what would you imagine to be occupying these holes? Bertalmio et al.
[13] related how expert conservators would restore damaged art by: 1) imagining
the semantic content to be filled based on the overall scene; 2) ensuring structural
continuity between the masked and unmasked regions; and 3) filling in visually
realistic content for missing regions. Nonetheless, each expert will independently
end up creating substantially different details, such as various shapes and colors of
eyes, even if they may universally agree on high-level semantics, such as general
placement of eyes and mouth on a damaged portrait.

Based on this observation, the main research goal in this chapter is thus to gen-
erate multiple and diverse plausible results when presented with a masked image.
We refer to this task as pluralistic image completion (depicted in Figure 4.1).
This is as opposed to existing works that attempt to generate only a single “guess”

for this ill-posed problem.
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To obtain a diverse set of results for a given input, some methods utilize condi-
tional variational auto-encoders (CVAE) [9, 47, 176, 189], a conditional extension of
variational auto-encoders (VAE) [103], which explicitly code for a distribution that
can be sampled. However, specifically for an image completion scenario, the stan-
dard single-path formulation usually leads to grossly underestimating variances.
This is because when the condition label is itself a masked image, the number of
ground truth instances in the training data that match the label is typically only
one — the original complement of the masked image. Hence, the estimated original
conditional distributions tend to have very limited variation since they were trained
to reconstruct the single original image.

An important insight we will use is that partial images (patches), as a superset
of full images, may also be considered as generated from a latent space with smooth
prior distributions [168]. This provides a mechanism for alleviating the problem
of having scarce samples per conditional masked image. To do so, we introduce
a Pluralistic Image Completion Network, called PICNet, with two parallel but
linked training pipelines. The first pipeline is a VAE-based reconstructive path that
not only utilizes the full instance ground truth, but also imposes smooth priors for
the latent space of missing partial image. The second pipeline is a generative
path that learns to predict the latent prior distribution for the missing regions
only based on the visible pixels, from which can be sampled to generate diverse
results. The training process for the latter path does not attempt to steer the
output towards reconstructing the instance-specific results at all, instead allowing
the reasonableness of results being driven by an auxiliary discriminator network
[65]. This leads to substantially great variability in generation. To further utilize
the information from the visible partial images as much as possible [10, 214], we also
introduce an enhanced short+long term patch attention layer, a generic attention
mechanism that allows information flowing from visible regions to missing holes.

We comprehensively evaluate and compare our approach with existing state-of-
the-art methods on a large variety of scenes (Section 4.5.2), where various masks,
including regular and free-form irregular masks, are used to erode the images. We
additionally present many interesting applications of our model on free-form image
editing (Section 4.5.3), e.g. object removal, face editing, and scene content-aware
move. The extensive experimental results demonstrate that our proposed PICNet
not only generates higher-quality completion results, but also produces multiple

diverse solutions for this subjective processing task.
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4.2 Background

Existing work on image completion either uses information from within the image
[13, 14], or information from a large image dataset [70, 146]. Most approaches
generate only one result per masked image, which is precisely the downside we

want to address in this chapter.

4.2.1 Intra-Image Completion

Traditional intra-image completion works (also known as “inpainting” [13]) mainly
propagate, copy and realign the background regions to missing regions, focusing
only on the steps 2 and 3 mentioned above, by assuming that the holes should
be filled with similar appearance to that of the visible regions. One category
of intra-image completion methods are diffusion-based image synthesis [8, 13, 14,
113]. These methods fill the surrounded backgrounds to the missing regions by
propagating the local colors. They only work well on the small and narrow holes.
Another category of intra-image completion methods are patch-based approaches
[10, 32, 33, 89]. They fill the holes by copying information from similar visible
regions, which produce high-quality texture-consistent result. However, these intra-
image methods cannot capture global semantics to hallucinate new content for large

holes (as in step 1), which is significant for real image completion.

4.2.2 Inter-Image Completion

To hallucinate semantically new content, inter-image completion borrows informa-
tion from a large dataset. Hays and Efros [70] first present an image completion
method using millions of images. Recently, learning-based approaches are pro-
posed. Initial works [104, 158] focus on small and thin holes. Then, Pathak et
al. [146] proposed the Context Encoders (CE) to handle 64 x64-sized holes. Tizuka
et al. [86] built upon [146] by combining global and local discriminators (GL) as
adversarial loss. Wang et al. [195] designed Multi-column CNNs and a cosine sim-
ilarity based loss for high-quality image inpainting. More recent, Liu et al. [123]
introduced “partial convolution” for free-form irregular mask image completion.
Some work has also explored additional information for semantically image
completion. In [207], the “closest” features in the latent space for the masked image
are searched to generate an image. Li et al. [115] introduced additional face parsing

loss to ensure the semantic consistency of completed images. Song et al. [179]
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proposed SPG-Net that simultaneously does semantic map and RGB appearance
completion. Moreover, sketches and color are used in the latest Faceshape [150],
DeepFillv2 [215], EdgeConnect [139] and SC-FEGAN [92]. A common drawback
of these methods is that they utilize the visible information only through local
convolutional operations, which creates distorted structures and blurry textures

inconsistent with the visible regions, especially for large holes.

4.2.3 Combing Intra- and Inter-Image Completion

To mitigate the blurry problems, Yang et al. [204] proposed multi-scale neural
patch synthesis, which generates high-frequency details by copying patches from
mid-layer features. More recently, several works [178, 202, 208, 214] exploit spa-
tial attention [88, 233] to get high-frequency details. Yu et al. [214] proposed a
contextual attention layer to produce high-frequency details by copying similar
features from visible regions to missing regions. Yan et al. [202] and Song et al.
[178] proposed PatchMatch-like ideas on feature domain. Yi et al. [208] proposed
contextual residual aggregation for very high resolution (8K) image inpainting.
However, these methods identify similar features by comparing features of holes
and visible regions, which is somewhat contradictory as feature transfer is unnec-
essary when two features are very similar, but when needed the features are too
different to be matched easily. Furthermore, distant information is not used for
new content that differs from visible regions. Our model solves it by extending

self-attention to harness abundant context.

4.2.4 Image Generation

Image generation has progressed significantly using methods such as VAE [103] and
GANSs [65]. These have been applied to conditional image generation tasks, such
as image translation [87, 234], synthetic to realistic [172, 226], future prediction
[131], and 3D models [142]. Perhaps most relevant in spirit to us are conditional
VAEs (CVAE) [176, 189] and CVAE-GAN [9], but these are not specially targeted
for image completion. CVAE-based methods are most useful when the conditional
labels are few and discrete, and there are sufficient training instances per label.
Some recent work utilizing these in image translation can produce diverse out-
put [111, 235], but in such situations the condition-to-sample mappings are more
local (e.g. pixel-to-pixel), and only change the visual appearance without generat-

ing new content. This is untrue for image completion, where the conditional label
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FIGURE 4.2: Examples of different degraded images. (a) Ground truth image
I,. (b) Masked image I,. (c) The corresponding complement image I. to each top
masked image I,. It is often not reasonable to strongly enforce the completed masked
regions to be identical to the ground truth, especially in cases when large variations in
the completed content can still be perfectly consistent to the visible regions, e.g. when
the entire mouth or both eyes are masked.

is the masked image itself, with only one training instance of the original holes.
In [27], different outputs were obtained for face completion by specifying facial
attributes (e.g. smile), but this method is very domain specific, requiring targeted
attributes. In contrast, our proposed probabilistically principled framework pro-
duces multiple and diverse plausible in various datasets, which does not need any

label information for training.

4.3 Approach

Suppose we have an image, originally ground truth I, (Figure 4.2 (a)), but degraded
by a number of missing pixels to become I, (Figure 4.2 (b)), masked partial image
comprising the visible pixels. We also define I. (Figure 4.2 (c)) as its complement

partial image comprising the missing pixels.



Chapter 4. PICNet 95

| | |

Target Ig | | | L, Iq
Output Igen | | |
Decoder + I I I
| I I
Concat/Add | | I
Sample I I I
I I I
Inference I I I
Encoder £ | | I
I I I

Input Im I Im Ic I Im I Im ’710—‘

Deterministic CVAE 1 Instance Blind , Ours

FIGURE 4.3: Completion strategies given masked image. (Deterministic) structure
directly predicts the ground truth instance. (CVAE [189]) adds in random sampling to
diversify the output, but is still trained on the single ground truth. (Instance Blind) only
matches the masked instance, but training is unstable. (Ours) uses a generative path
during testing, but is guided by a parallel reconstructive path during training. Note that,
yellow path is only used for training.

Prior image completion methods [86, 139, 146, 214] attempt to reconstruct
the original unmasked image I, in a deterministic fashion from I,, (see Figure 4.3
“Deterministic”). However, this rigid approach has several limitations. First, while
it is fine to rebuild the original image I, when visible regions tightly constrain the
completed content, e.g. when only the left half of a face is masked in Figure 4.2,
it is unnecessarily limiting when visible regions allow a much greater range of
perceptually consistent completion, e.g. with many different mouth expressions or
building door appearances equally acceptable in Figure 4.2. Second, deterministic
methods can only generate a single solution and are not able to recover a richer
distribution of reasonable possibilities. Instead, our goal is to sample from p(I.|1,,)
and we reconstruct the original image only when the corresponding complement

partial images I. are provided during the training.

4.3.1 Pluralistic Image Completion Network
4.3.1.1 Probabilistic Framework

In order to have a distribution to sample from, an approach is to employ the CVAE
[176] which estimates a parametric distribution over a latent space, from which

sampling is possible. This involves a variational lower bound of the conditional
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log-likelihood:

log p(Ic|L,,) > —KL(Qw(Zch Im)||p¢(ZC|Im)) + ]Eqw(zcllmlm)[1ng9(IC|ZC7Im)] (4.1)

where z. is the latent vector of missing patches, g, (z.|1., L) is the recognition net-
work, pe(2z.|L,,) is the conditional prior, and py(I.|z., I,,) is the likelihood, with 1,
¢ and 6 being the deep network parameters of their corresponding functions. This
lower bound is maximized w.r.t. all parameters. The detail proofs are provided in
Appendix A.

For our purposes, the chief difficulty of using CVAE [176] directly is that
the high DoF of recognition network gy (z.|I.,1,) and conditional prior network
ps(zc|Ly) are not easily separable in equation (4.1). Besides, since the conditional
prior network py(z.|1,,) is sufficiently unconstrained in equation (4.1), it will lean
a narrow delta-like prior distribution of py(z.|L,) — 0(z. — z}), where z} is the
maximum latent likelihood point of py(I.|z., I,,). In this way, the variance o2 of the
learned latent distribution is easily driven towards zero. Then it is approximately
equivalent to maximizing E,, (,1,,)10g po(L|Zc, I,)], the “GSNN” variant in [176],
in which they directly set the recognition network the same as the prior network,
i.e., qp(2c|Ie, Im) = py(zc|Ly). While this low variance prior may be useful in esti-
mating a single solution, sampling from it will lead to negligible diversity in image
completion results. When the CVAE variant of [189], which assumes conditional
prior py(z.|L,) = N(0,I), is used instead, the network learns to ignore the latent
sampling and directly estimates I. from I,, for a fixed ground truth, also result-
ing in similar solutions. A possible way to diversify the output is simply to not
incentivize the output to reconstruct the instance-specific I, during training, only
needing it to fit in with the training set distribution as deemed by a learned ad-
versarial discriminator (see Figure 4.3 “Instance Blind”). However, this approach
is unstable, especially for large and complex scenes [178]. A detail analysis is

presented in Section 4.3.1.3.

Latent Priors of Holes In our approach, we require that missing partial images
(patches), as a superset of full images, to also arise from a latent space distribution

[168], with a smooth prior of p(z.). The variational lower bound is:

logp(Le) > —KL(gy(zc[1e)[[p(2c)) + By, (a1 [l0g po (Le|2c)] (4.2)
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where in [103] the prior is set as p(z.) = N(0,I). However, we can be more
discerning when it comes to partial images (patches) since they have different
numbers of pixels. In particular, a complement image 1. with more pizels (large
holes for the masked image 1,,, as shown in the last column in Figure 4.2) should
have greater prior variance than a complement image 1. with fewer pizels (small
holes) and in fact a masked partial image I,, with no pixels missing should be
completely deterministic! Hence we generalize the prior p(z.) = N,,(0,02(n)I) to

adapt to the number of missing pixels n, where 0?(n) = 72 <€(0,1].

Prior-Conditional Coupling Next, we combine the latent priors into the con-
ditional lower bound of (4.1). Since z. represents the distributions of target missing
partial image I., z. can be naturally inferred using the target missing image I,

that ¢y (z.|1., L) ~ qy(2.|I.) when I. is available in the training. Updating (4.1):

log p(Le[Ty) = —KL(qy (2 [1e)[|Ps (2e[Lm)) + Egy zeir l0g po(Le|ze, L)l (4.3)

However, unlike in (4.1), notice that qu(z.|I.) is no longer freely learned during
training, yet is tied to its presence in (4.2). Intuitively, the learning of g, (z.|1.) is
regularized by the prior p(z.) in (4.2), while the learning of the conditional prior
Do(2zc|Ly) is in turn regularized by qy(z.|I.) in (4.3).

Reconstruction vs Creative Generation One issue with (4.3) is that the
sampling is taken from ¢, (z.|I.) during training, but is not available during test-
ing, whereupon sampling must come from py(z.|I,,) which may not be adequately
learned for this role. In order to mitigate this problem, we modify (4.3) to have a
blend of formulations with and without importance sampling.

As is typically the case for image completion, there is only one training in-
stance of I, for each unique I,,. This means that for function ¢y(z.|I., 1), L.
can be learned into the network as a hard-coded dependency of the input I,,, so
Qp (2| Le, L) =2 Gy(2c|1,,). Assuming that the network for py(z.|I,,) has similar or
higher modeling power and there are no other explicit constraints imposed on it,
then in training py(z.|L,) — Gy(2c|Ln), and the KL divergence in (4.1) goes to

zero. Then we get the following function:

log p(I.|L,,) > Ep¢(zc|1m)[logp9(16|zw L) (4.4)
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the “GSNN” version in [176]. However, unlike [176], the variance o2 of the learned
distribution pg(z.|L,) in our method will not be zero as mentioned above. This
z. for missing regions is sampling from the visible regions I,,, we call this with-
out importance sampling, contrary to the importance sampling gy (z.|I.). Finally,
we combine (4.3) and (4.4) to obtain the reconstruction and creative generation

function:

log p(Ic|Ln) > A {Eqw [log py(Le|ze, In)] — KL(q¢]|p¢)} +(1-N) E,, [log pj (Ie|zc, Ln)]
(4.5)
where A € [0,1] is implicitly set by training loss coefficients in Section 4.3.1.2 (see
details in Appendix A). When sampling from the importance function gy (z.|I.), the
missing instance information is available and we formulate the likelihood pj(I.|z., I,,,)
to be focused on reconstructing I.. Conversely, when sampling from the learned
distribution py(2z.|L,) which does not contain I., we will facilitate creative gener-
ation by having the likelihood model p§(I.|z.,1,,) = ¢§(z.,L,) be independent of
the original instance of I.. Instead it only encourages generated samples to fit in

with the overall training distribution.

Joint Unconditional and Conditional Variational Lower Bounds Our
overall training objective may then be expressed as jointly maximizing the lower
bounds in (4.2) and (4.5). This can be done by unifying the likelihood in (4.2) to
that in (4.5) as py(I.|z.) = py(I.|2e, I,), in which the z. is sampling from the im-
portant sampling q,(z.|I.) that can be used for rebuild the original missing regions

I.. We can then define a combine function as our maximization goal:

B =8B+ B,
= — [BKL(gy||p=.) + AKL(gy|p)] + (B + N)Ey, log pp 4 (1 — A)E,, logpj (4.6)

where B; is the lower bound related to the unconditional log likelihood of missing
partial image I., and B, relates to the log likelihood of missing regions I, condi-
tioned on I,,. Note that this function holds a key different with hybrid objective
function in [176] that the conditional prior network py(z.|L,,) and the recognition
network qy(z.|1.) are no longer freely learned, but are constrained by a mask related
prior p(z.) = N, (0,0%(n)I). Furthermore, our without importance sampling, also
the testing sampling, does not learn to predict a fixed instance during the training,

which encourages larger diversity.
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FIGURE 4.4: Overview of our architecture with two parallel pipelines. The top
reconstructive pipeline (yellow line) combines information from I,,, and I, which is used
only for training. The bottom generative pipeline (blue line) infers the conditional dis-
tribution of hidden regions, that can be sampled during testing. The two representation
networks and generation networks in top and bottom share identical weights.

4.3.1.2 Network Structure and Training Loss

The formula in (4.6) is implemented as our dual pipeline, illustrated in Figure 4.4.
This consists of representation, inference, generation, and auxiliary discriminator
networks in two paths. The upper pipeline is the reconstruction path used in
training that corresponds to the lower bound B, in which z. contains information
of missing image I.. Hence when combined with the conditional feature f,,,, we can
easily train this path to rebuild the original image I,. In contrast, the lower path,
used in both training and testing, is responsible for the lower bound B,, where the
missing information is inferred only from the masked image I,,, resulting in a less
restrictive prediction.

We transfer the lower bound terms in (4.6) as the corresponding loss function.
During training, jointly maximizing the lower bounds is then minimizing a total

loss £, which consists of three groups of component losses:

L =axy,(Lxy, + L) + app(LL + L2

app app

) + aa(Lig + L34) (4.7)

where the Lki, group regularizes consistency between pairs of distributions in terms
of KL divergences, the L,,, group encourages appearance matching fidelity, and
the L,q group forces sampled images to fit in with the training set distribution.

Each of the groups has a separate term for the reconstructive and generative paths.
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Distributive Regularization The typical interpretation of the KL divergence
term in a VAE is that it regularizes the learned importance sampling function

qy(2z.|1.) to a latent prior p(z.). Defining both as Gaussians, we get:
L3 = KL(au(2 1) [|NG (0, 0> (n)D)). (48)

For the generative path, the appropriate interpretation is reversed: the learned

conditional prior py(z.|L,), also a Gaussian, is regularized to gy (z.|1L.).

L4 = KL(gy (2] 19))|Ips (2] 1)) (4.9)

Note that the conditional prior uses I,,, while the importance function has access

to the missing regions I..

Appearance Matching Loss The likelihood term pj(I.|z.) is interpreted as
probabilistically encouraging appearance matching to the missing regions I.. How-
ever, our framework also auto-encodes the masked image I, (via f,,) determinis-
tically, and the loss function needs to cater for this reconstruction. As such, the
per-instance loss here is:

10 — 19|, (4.10)

L) =112
where I =G (2¢, frn) and Ig(i) are the reconstructed and original full images, re-
spectively. The purpose of this loss is to bias the representation towards the actual
visible information. In contrast, for the generative path, the latent distribution N
of the missing regions I. is inferred based only on the visible I,,. This would be
significantly less accurate than the inference in the upper path. Thus, we ignore
instance-specific appearance matching for I., and only focus on reconstructing I,,:

L£39) — ||M * (I¢

app

gen ( )“1 (411)

where Ig(r?n:G (Z¢, fm) is the generated image, and M is the binary mask selecting

visible pixels.

Adversarial Loss The formulation of pj(1.|z., I,,) and the instance-blind pj(1.|Z., L)
also incorporates the use of adversarially learned discriminators D; and D5 to judge

whether the generated images fit into the training set distribution. Inspired by [9],
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Diversity (LPIPS) Image Quality (Ioy:)

Lowt T Toutm) T l1loss] SSIMtT PSNR1 FID|
CA [214] - - 0.031 0.820 23.57 9.53
EC [139] - - 0.030 0.819 23.47 8.01
MEDFE [81] - - 0.028 0.830 24.38 7.85
CVAE [176] 0.004 0014 0.023  0.847 2402  9.96
Instance Blind 0.015 0.049 0.025 0.852 23.77 9.48
BicycleGAN [235]  0.020 0.060 0.026 0.845 23.71 11.56
PICNet 0.024 0.071 0.021 0.867 24.69 6.43

TABLE 4.1: Quantitative comparisons of different network structures on CelebA-
HQ testing set [95, 126] with center masks. | = lower is better, T = higher is better. Ly,
is the completed output image and Ly,y(m) = (1 — M) x Loy is extracted for the missing
regions.

we use a mean feature match loss in the reconstructive path for the generator,
£00 = {1 fp, (1) = fo,(1D)]]2 (4.12)

where fp,(-) is the feature output of the final layer of D;. This encourages the
original and reconstructed features in the discriminator to be close together. Con-
versely, the adversarial loss in the generative path for the generator is:

Lo = [Dy(I15)) - 1J2. (4.13)
This is based on the generator loss in LSGAN [130], which performs better than

the original GAN loss [65] in our scenario. The discriminator loss for both D; and
D, is also based on LSGAN.

4.3.1.3 Analysis

Effect of Network Structure We first investigated the influence of using our
two-path training structure in comparison to other variants such as the CVAE
of [189] and the “Instance Blind” structures in Figure 4.3. We also trained the
state-of-the-art multi-model BicycleGAN [235] on Celeba-HQ dataset [95, 126] by
setting A =1,,, B = 1. with center mask.

We first computed the diversity score using the Learned Perceptual Image Patch
Similarity (LPIPS) metric reported in [235]. LPIPS metric [222] calculates the
average distance of samples in a deep feature domain. For each random pairs,

a pre-trained deep network (e.g. VGG [174]) is used to extract the features of
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BicycleGAN [235] Instance-Blind CVAE [189]

PICNet

FIGURE 4.5: Qualitative comparison results of different training strategies.
First Column: Original and Masked image. Others: the completed results of differ-
ent methods. Our method provides diverse results, i.e. different hairstyles and mouth
expressions, with realistic appearance.

images. Then, the distance of two vectors is calculated using ¢; distance. The
larger distance indicates the results are much more diverse, as the generated pairs
far from each other. For each method, we sampled 50K pairs of randomly generated
images from 1K center masked images. I,,; and I, ) are the full output and the
masked-regions’ output, respectively. Furthermore, we used the popular Fréchet
Inception Distance (FID) [77] to assess the visual quality of completed images
by comparing the distance between distributions of completed and real images in
a deep feature domain. As for the traditional pixel-level and patch-level image
quality metrics, including the mean ¢; loss, structural similarity (SSIM), and peak
signal-to-noise ratio (PSNR), we select the closest generated image to the ground
truth image for calculation, as these metrics are based on one-to-one pairing.
Table 4.1 shows diversity and image quality analysis for different network struc-
tures. We note that our method not only improved the image quality significantly
(relative 18% improvement for FID), but also generated multiple and diverse com-

pletion results. Here, BicycleGAN obtained relatively higher diversity scores than
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FIGURE 4.6: Our short+long term patch attention layer. The attention map is
directly computed on the decoder features to estimate the content similarity in the same
domain. After obtaining the self-attention scores, we use these to compute self-attention
on decoder features, as well as contextual flow on encoder features.

our baseline framework by using cycle loss instead of reconstruction loss. However,
the completed images are of low quality (as shown in Figure 4.5), which suggests
that despite increased diversity, its network structure is not directly suitable for
image completion.

Figure 4.5 shows some sampled examples of each structure. We observe that
CVAE [189] obtains reasonable results, yet with little variation. The framework
has likely learned to ignore the sampling and predicted a deterministic outcome as
it always tries to rebuild the original ground truth during the training no matter
what masks are used to degrade the input. As for “Instance Blind”, If we enforced
the generated image back to the original “ground truth” I,, the experience will
be similar to the CVAE [189]. The visual results of BicycleGAN are much worse
than other methods. In their model, the latent code z to the encoder is replicated
from1x1x Z to Hx W x Z, where the different spatial position holds the same
random value that does not represent any semantic meaning. On the contrary, our
latent code z is inferred from the visible pixels during the testing, which includes

the predicted semantic information from the visible pixels.

4.3.2 Short+Long Term Patch Attention

A weakness of purely convolutional operations is that they have limited spatial
ranges, and cannot efficiently exploit distant correlation. Extending beyond the
Self-Attention in SAGAN [220], we propose a novel short + long term patch atten-

tion layer that not only to use the self-attention within a decoder layer to harness
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distant spatial context, but also to further capture feature-feature context between
encoder and decoder layers. Our key novel insight is: doing so would allow the net-
work a choice of attending to the finer-grained visible features in the encoder or the
more semantically generative features in the decoder, depending on circumstances.

Our proposed structure is shown in Figure 4.6.

4.3.2.1 Self-Patch-Attention Map

Feature attention has been widely used in image completion task [178, 202, 208,
214]. They calculate the attention map by comparing low-frequency decoder fea-
tures of holes and high-frequency encoder feature of visible regions. Then, the
high-frequency features are copied from visible regions to the missing holes based
on the similarity score. However, this is a little contradictory as feature transfer is
unnecessary when two features are very similar, but when needed the features are
too difficult to be matched easily.

To address this, we calculate the content similarity in itself feature domain,
the decoder feature. Our attention map calculates the response at a position in a
sequence by paying attention to other position in the same sequence. Given the
features f; from the previous decoder layer, we first calculate the point attention
score of:

exp(s;;)

Aj,i = N—,Where Sij = e(fdi)Te(fdj)> (4-14)
> i1 exD(si )

where A ;; represents the similarity of i*" location to the j™ location. N = H x W
is the number of pixels, while 6 is a 1x1 convolution filter for refining the feature.
Inspired by PatchMatch [10], we further ensure the consistency of attention

maps by fusing the similarity score in a square patch:

Aj,i = Z Aj’,i’ (415)

j'eU;,i'el;

where U; and U; are the neighborhood patch sets at j and i*" locations separately.

We fixed the square size as 3 x 3 throughout this chapter.

4.3.2.2 Short-Term Attention from Decoder Full Regions

After we obtain the attention map, the non-local information is fused in the decoder

features. This leads to the short-term intra-layer attention feature (Short-Term
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(a) Input (bl) Output (cl) Attention Map (b2) Output (c2) Attention Map (b3) Output (c3) Attention Map

FIGURE 4.7: Texture flow (white arrow) for diversely generated contents with
the same mask. (a) Masked input image. (b*) Multiple and diverse results as well as one
query point (red dot). (c¢*) The corresponding attention maps (unsampled to original
image size for visualization) for the query points in the output. The high-quality textures
are copied from different visible regions (blue rectangles) to the generated regions (white
rectangles), depending on what content has been generated.

Attention in Figure 4.6) and the output y,:

N
Caj = Z Aj,z‘fdi ;Y4 ="acq + fy (4.16)
i—1

where, we use a scale parameter v, to balance the weights between attention feature

¢y and decoder feature f;. The initial value of v, is set to zero.

4.3.2.3 Long-Term Attention from Encoder Visible Regions

In addition, specifically for image completion task, we not only need the high-
quality results for missing holes, but also need to ensure the appearance consis-
tency of the generated patches of missing parts and the original patches of visible
parts. Then, we introduce a long-term inter-layer attention feature (Long-Term
Attention in Figure 4.6), in which the response attends to visible encoded features

f.. Therefore, the output y, is given by:

N
Cej = Z A]',ifei ) Ye = 7@(1 - M)Ce + Mf.. <417)
i=1

As before, a scale parameter 7, is used to combine the encoder feature f. and the
attention feature c.,. However, unlike the decoder feature f; which has information
for generating a full image, the encoder feature f, only represents visible parts 1,,.
Hence, a binary mask M (1 denotes visible regions, and 0 represents the holes) is
used. In this way, the high-quality visible features are flowed to the holes based
on the content similarity. Finally, both the short- and long-term attention features

are aggregated and fed into further decoder layers.
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(b3) Input  (c3) Output (d3) Attention Map (b4) Input (c4) Output (d4) Attention Map

FIGURE 4.8: Texture flow (white arrow) for different masked regions. (a)
Original image. (b*) Masked input images with different degraded regions. (c*) The
completed results as well as query points (denoted by color dots). (d*) The corresponding
attention maps for the query points in the output. The results attend to different visible
regions (blue rectangles) based on the different visible content.

4.3.2.4 Analysis

Readers may wonder why the proposed short-long term attention layer would
achieve better performance than existing contextual attention layers [208, 214].
Here, we show that the proposed module is able to exploit non-local information
from both visible and generated regions for the holes, instead of purely copying
high-frequency information from visible regions.

In Figures 4.7 and 4.8, completed results, along with corresponding attention
maps for query points, are presented. Here, only points with the highest attention
scores are highlighted. We use white arrows to explicitly show the texture flow, or
how the attention layer copies information from high-quality visible features (blue
rectangles) to the originally masked regions (white rectangles). In Figure 4.7, we
find that the proposed attention layer attends to different visible regions for differ-
ently generated content, as sampled from our model. In this way, the model ensures
appearance consistency between the diversely generated appearance and the vis-
ible pixels. Figure 4.8 shows other examples of texture flow from visible regions
to masked regions. When we mask different regions of the window, the proposed
attention layer learns to copy high-quality pixels from corresponding visible regions
(blue rectangles) to the missing holes (white rectangles).

We also compare the proposed attention layer to previous methods, including
contextual attention (CA) [214] and self-attention (SA ) [220] for image completion.
As shown in Figure 4.9, our proposed attention layer borrows features from different

positions, rather than directly copying similar features from one visible position like
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(a) Original (b) Input (c) CA (d) SA (e) Short-Long Term Attention (f) Attention Map

FIGURE 4.9: Comparison of various attention modules. (a) Original Image. (b)
Masked input image. (c) Results of contextual attention [214]. (d) Results of self-
attention [220]. (e) Multiple results of our method with short-long term patch attention.
(f) The corresponding attention maps for the query points, e.g. hair (red), skin (green),
eye (yellow) and teeth (blue) on the face.

CA. In the building scene, CA’s result is of similar high quality to our method, due
to the presence of repeated structures. However, in the case of faces, if the mask
regions are large, both CA and SA are unable to generate high-quality results. It is
worth mentioning that CA can copy high-quality pixels for skin (purple rectangle)
from the visible skin, yet obtaining unrealistic eyes (blue rectangle). This is because
when two eyes are masked, they cannot copy non-local similar patches from other
visible parts. Conversely, SA only copies features in the decoder network, ignoring
high-quality visible features. While it generates plausible appearances for skin and
eyes, the generated skin is inconsistent to the visible skin. Our attention module is
able to utilize both decoder features (which do not have masked parts) and encoder
features appropriately. In completing the left eye, information is distantly shared
from the decoded right eye. When it comes to completing a point in a masked hair

region, it will focus on encoded features from visible hairs.

4.4 User Interface

We designed a real-time interactive system? that allows the user to easily explore
and edit the image by creating free-form or regular masks.

As shown in Figures 4.10 and 4.11, the interface is composed of a button (“Ran-
dom”) to load in an input image, a button (“Mask Type”) to select the mask type

(free-from or regular), a button (“Fill”) to fill into reasonable content as well as

2The local version is available on https://github.com/lyndonzheng/Pluralistic-Inpainting,
while the online real-time system is available on http://www.chuanxiaz.com/project/pluralistic/.
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FIGURE 4.10: Local interface for free-form image editing. We produce a local
interface on the GitHub.

Pluralistic Online Demo

Input Original Pluralistic Result

FIGURE 4.11: Online interface for free-form image editing. We produce an online
interface on the Website that can be used to edit the image for diverse outputs.

visually realistic appearance. After the user makes an edit, the interface delivers
the corresponding output. If the user hits the “Fill” button many times, it will
randomly output a different result each time. Some of our results are presented in

Section 4.5 by using this user interface.


https://github.com/lyndonzheng/Pluralistic-Inpainting
http://www.chuanxiaz.com/project/pluralistic/
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4.5 Results and Applications

4.5.1 Experimental Details

Datasets We evaluated the proposed PICNet with arbitrary mask types on
various datasets, including Paris [41], CelebA-HQ [95, 126], ImageNet [162] and
Places2 [232]. Here, we only train one model to evaluate both the general free-

form irregular masks and the center regular mask.

Metrics Quantitative evaluation is tricky for the pluralistic image completion
task, as our goal is to get diverse but reasonable solutions for a given masked image.
The original image is only one solution of many, and comparisons should not be
made only based on this image. Therefore, we first used the Fréchet Inception
Distance (FID) [77] and Inception Score (IS) [163] to assess the quality of the
completed image, as they are measured on learned features over the whole test
set. Following [123, 139], we then reported the traditional pixel- and patch-level
image quality metrics, including ¢; loss, structure similarity index (SSIM) and peak
signal-to-noise ratio (PSNR). We additionally compared the visual realism of all
results using human judgment, as previously proposed [221] and widely adopted
for image generation [87, 139, 144, 234, 235].

Training PICNet is implemented in PyTorch v1.4. The missing regions take
value 0 in the input. We highlight the missing regions as white in the figures only
for visual purposes. Each mini-batch has 16 images per NVIDIA V100 GPU and
each input has 1 reconstructive and 1 generative output. For the binary masks, we
used randomly regular and irregular holes. However, allowing unrestricted mask
sizes is more difficult than keeping to center masks as in our prior work [227]. In
order to train the networks to convergence, two training steps were used: first, the
completion network was trained using only the losses for the top reconstructive
path, which has full information from both visible and missing regions. To do this,
we estimated the missing regions’ distributions that relate to different mask sizes.
After we obtained the distribution of missing regions through the reconstructive
path, the bottom generative path was trained to infer the distribution of missing

holes based on the visible parts, from which we can generate multiple results.

Inference At test time, only the bottom generation path will be applied to gen-

erate multiple and diverse results based on the visible information. We sampled
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50 images for each masked input image I,,,. Note that the distribution we sampled
from is also learned from the visible regions, rather than a fixed distribution used
in previous works [176, 189]. The visual results were automatically selected based

on the higher discriminator scores.

4.5.2 Comparison with Existing Work

We mainly compare our method with 6 methods:

e PM: PatchMatch [10], the state-of-the-art non-learning based approach.
e CE?: Context Encoder [146], the first learning-based method for large holes.

e GL*: Globally and Locally [86], the first learning-based method for arbitrary

regions.

e CA®: Contextual Attention [214], the first method combining learning- and
patch-based methods.

e PConv®: Partial Convolution [123], the first learning-based method for free-

form irregular holes.

e EC": EdgeConnect [139], the latest works using auxiliary edge information.

Compared to these approaches, our PICNet is the first work considering mul-
tiple solutions on various datasets for this ill-posed problem. For fair comparison
among learning-based methods, we mainly reported the results with each model
trained on the corresponding dataset. We consider the released models on the re-

spective authors’ websites to be their best performing models.

4.5.2.1 Center Region Completion

Qualitative Results In Figure 4.12, we first show the visual results on the Paris
dataset [41]. PM works by coping similar patches from visible regions and obtains
good results on this dataset with repetitive structures. CE generates reasonable

structures with blurry textures. Shift-Net produces better results by copying

3https://github.com/pathak22/context-encoder
4https://github.com /satoshiiizuka/siggraph2017_inpainting
Shttps://github.com/JiahuiYu/generative_inpainting
Shttps://github.com /NVIDIA /partialconv
"https://github.com /knazeri/edge-connect
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https://github.com/knazeri/edge-connect
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(a) Input | (b) PM (¢c) CE (d) Shift-Net (e) EC (f) PICNet

FIGURE 4.12: Qualitative results on Paris val set [41] for center region completion.
Here, we compare with PM [10], CE [146], Shift-Net [202] and EC [139]. Note that,
our PICNet generates different numbers of windows and varying door size.

(a) Input | () PM C) CE d) GL (e) CA (f) PICNet

FIGURE 4.13: Qualitative results and comparisons with the PM [10], CE [146],
GL [86] and CA [214] on the ImageNet [162]. Our PICNet tries to generate some
semantic result for the animals, when the significant semantic information is missing.

feature from visible regions to holes, which is similar to CA (CA did not release
model for Paris). EC provides a single reasonable solution. Compared to these,
our PICNet model not only generates more natural images with high-quality, but
also provides multiple results, e.g. different numbers of windows and varying door
sizes.

Next, we report the performance on the more challenging ImageNet dataset [162].
For a fair comparison, we also used a subset of 100K training images of ImageNet
to train our model as previous works [86]. Visual results on a variety of objects
from the validation set are shown in Figure 4.13. These visual test images are
those chosen in [86]. We note that, while learning-based methods CE, GL and
CA provide correctly semantic results, our model is able to infer the content quite

effectively. We observe that our model tries to generate full body for the first dog,
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Size GL [86] CA [214] PConv [123] EC [139] PICNet
[0.01, 0.1] 10.40 12.63 11.59 8.78 9.33
(0.1, 0.2] 26.42 24.63 26.46 16.75 15.93
A (0.2, 0.3] 50.37 39.87 47.32 28.37 22.74
= | (03,04 | 79.01 57.44 77.16 43.74 36.23
(04,05 | 10837  76.10 91.29 63.15 53.14
(0.5, 0.6] 125.41 93.55 113.62 93.43 78.53
[0.01, 0.1] 34.66 37.33 38.62 38.57 38.18
(0.1, 0.2] 31.94 34.95 31.97 35.59 35.36
% (0.2, 0.3] 24.26 28.79 25.53 31.06 32.95
A (0.3, 0.4] 17.00 22.52 18.43 26.27 28.73
a (0.4, 0.5] 12.13 18.35 12.43 18.94 21.20
(0.5,0.6] | 8.12 13.37 10.2 12.84 16.99

TABLE 4.2: Quantitative comparisons on ImageNet [162] with free-form masks
provided in [123]. T = lower is better. * = higher is better. Here, we used the top 10
samples (ranked by the discriminator score) in our models for the latest learning-based
feature-level image quality evaluation.

and the mouth for the second dog. Meanwhile, our PICNet provides multiple and

diverse results, from which we can choose different realistic results.

4.5.2.2 Free-form Region Completion

We further evaluate our model on various datasets with irregular holes as proposed
by Liu et al. [123]. In this testing dataset, they generated 6 categories of free-
form masks with different hole-to-image area ratios: [0.01, 0.1], (0.1, 0.2], (0.2,
0.3], (0.3, 0.4], (0.4, 0.5], (0.5, 0.6]. Each has 2,000 irregular masks. Results
are compared against the current state-of-the-art approaches both qualitatively
and quantitatively. Results of GL and CA were obtained from their released
models, which were trained only on regular random masks. Results of EC were
also generated from their released model, which was trained on the same images
and masks as ours. As PConv only provided the partial convolutional operation,

we reproduced the model with the same masks.

Quantitative Results In Table 4.2, we first report the FID and IS results on
the ImageNet test set [162]. In this setting, we used our top 10 samples of the 50
generated images for the evaluation (automatically voted using the discriminator
score). As can be seen, while our multiple results are slight worse than EC on

small mask sizes, we improve FID and IS significantly on large mask ratios, e.g.
“78.53” ws “93.43” (16% relative improvement) FID for mask ratio (0.5, 0.6]. This
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Size GL [86] CA [214] PConv [123] EC [139] PICNet
[0.01, 0.1] 0.023 0.024 0.021 0.020 0.010
(0.1, 0.2] 0.035 0.034 0.030 0.025 0.016
? (0.2, 0.3] 0.050 0.047 0.042 0.033 0.025
= | (03,04 | 0066  0.061 0.057 0.042  0.035
(0.4, 0.5] 0.081 0.075 0.073 0.051 0.046
(0.5, 0.6] 0.095 0.093 0.099 0.068 0.064
[0.01, 0.1] 0.915 0.908 0.917 0.923 0.963
(0.1, 0.2] 0.853 0.845 0.859 0.878 0.914
% (0.2, 0.3] 0.767 0.765 0.782 0.820 0.852
% (0.3, 0.4] 0.682 0.691 0.704 0.760 0.785
(0.4, 0.5] 0.600 0.613 0.622 0.693 0.712
(0.5, 0.6] 0.529 0.532 0.513 0.599 0.618
[0.01, 0.1] 28.42 26.85 28.79 29.47 32.26
(0.1, 0.2] 24.41 23.18 24.67 26.25 27.33
EZ: (0.2, 0.3] 21.33 20.44 21.63 23.82 24.44
E (0.3, 0.4] 19.11 18.63 19.39 21.95 22.32
(0.4, 0.5] 17.56 17.30 17.75 20.44 20.71
(0.5, 0.6] 16.48 16.08 15.68 18.53 18.72

TABLE 4.3: Quantitative comparisons over Places2 [232] on free-form masks pro-
vided in [123]. T = lower is better. * = higher is better. Here, the closest to the original
ground truth samples in our method are selected for the traditional pixel- and patch-level
image quality evaluation.

suggests that when the mask ratios are small, it is sufficient to predict a single
best result based on the neighboring visible pixels, yet it is not reasonable when
the mask ratios are large. The latter requires our approach of generating multiple
and diverse results that match the testing set distribution.

Traditional pixel- and patch-level comparison results are reported on the Places2
test set [232] in Table 4.3. As these metrics require one-to-one matched images for
the evaluation, we selected one sample from our multiple results, with the best
balance of quantitative measures for comparison. Without bells and whistles, all
instantiations of our model outperform the existing state-of-the-art models, indi-
cating that our random samples include the close example to the original image.
While the prior works [86, 123, 139, 214] strongly enforce the generated images to
be the same as the original images via a reconstruction loss, the testing images are

not in the training set.

Qualitative Results. Qualitative comparison results are visualized in Figures 4.14,

4.15 and 4.16. Our PICNet is able to achieve good results for multiple solutions
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(a) Original (b) Input | (¢) PM (d) PConv (e) EC ] (f) PICNet

FIGURE 4.14: Comparison of qualitative results on Paris val set [41] with free-
form masks from PConv [123]. (a) Original image. (b) Masked input. (c) Results of
PM [10]. (d) Results of PConv [123]. (e) Results of EC [139]. (f). Our multiple and
diverse results.

(a) Original (b) Input | c) PM (d) CA  (e) EC o (f) PICNet

FIGURE 4.15: Qualitative results on CelebA-HQ testing set [95, 126] with free-
form masks from PConv [123]. (a) Original image. (b) Masked input. (c) Results
of PM [10]. (d) Results of CA [214]. (e) Results of EC [139]. (f). Our multiple and
diverse results.

even under challenging conditions.

In Figure 4.14, we show some results on Paris dataset. We can see that PM
and PConv fail to synthesize semantic structure for large holes. The EC works
well on the obvious structure by utilizing the auxiliary edge. Our method was
explicitly trained to copy information from visible parts, leading to better visual
results on repetitive structures, e.¢g. the window in the first row. Furthermore,
our model provides multiple and diverse results for one given masked image. More
results are available online®.

Figure 4.15 shows some results on the Celeba-HQ) dataset. We can see that the
non-learning-based method PM is unable to generate reasonable semantic content
in the images. While the CA is able to generate novel content on the face, it is
not as suitable for large holes. EC results in reasonable semantic structure but

blurry and inconsistent images. Our approach was explicitly trained for variable

8https://github.com/lyndonzheng/Pluralistic-Inpainting
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Wz

(a) vIr;lput | (b) PM (c) CA (d) ‘P’C‘onv (e‘)uEAC (f) PICNet

FIGURE 4.16: Qualitative results on Place2 testing set [232] with various
masks. (a) Masked input. (b) Results of PM [10]. (c) Results of CA [214]. (d)
Results of PConv [123]. (e) Results of EC [139]. (f). Our multiple and diverse results.

results, rather than strongly enforcing the completed image to be close to the
original. Hence, our PICNet can provide multiple plausible results with different
expressions. The online demo is also provided on our project page”.

In Figure 4.16, we further show results on the more challenging Places2 dataset.
The non-learning-based PM fills in reasonable pixels for natural scenes by copying
similar patches from visible parts to missing holes. The CA only works well on reg-
ular masks as their released model was only trained on random regular masks. EC
results are not as realistic. Instead, we can select plausible images from PICNet’s
multiple sampled results. Furthermore, it is hard to identify the filled-in areas
in our completed images, as our short-long term patch attention copies non-local

information from visible regions based on correctly predicted content.

4.5.2.3 Visual Turing Tests

We additionally compared the perceived visual fidelity of our model against existing
approaches using human perceptual metrics, as proposed in [221]. We conducted
two types of user surveys: 2 alternative forced choice (2AFCs) and visual fidelity
and perceived quality (VFPQ). In particular, for 2AFCs, we randomly presented
a generated image from an undisclosed method to the participants, and asked
them to decide whether the presented image was real or fake. For quality control,
we also inserted a number of real images to avoid negative testing. For VFPQ),

we gave the participants a masked input and the corresponding results from all

9http:/ /www.chuanxiaz.com/project/pluralistic/
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GL [86)] CA [214] EC [139] PICNet  Real
2AFC(%) | 15.141.8 17.842.0 44.2437 57.044.5 90.44+15

TABLE 4.4: 2-alternative-forced-choice (2AFCs) score on CelebA-HQ [95, 126]
testing set. All testing images were degraded by center masks. Here, the participants
were required to judge whether a randomly displayed image was real or fake. The
reported values are the percentages of images generated by each method that were judged
“real”.

VEPQ(%)

0.01,01] (0.1,02] (0.2,0.3]  (0.3,0.4]
GL [36] 233+43 98+16 64+10 41+04
CA [214] 114421 97+13 76409 86«09
PConv [123] 27.8+4.0 135+ 1.6 11.0+14 53+0.7
EC [139] 423 +6.0 388 +49 33.6+32 267433
PICNet 575+ 3.6 63.0+40 69.9+38 714+34

TABLE 4.5: Visual fidelity and perceived quality (VFPQ) score on Places2
[232] test set. All testing images were degraded by free-form masks provided in PConv
[123]. Participants selected the most realistic image from among blinded methods for the
same masked input, with multiple selections allowed. Headers are ranges of mask sizes
(as fraction of image). For each method, we report the percentage of trials for which it
was selected, and the 95% margin of error.

methods (blinded), and asked the participants to choose the image that was the
most visually realistic. The participants were allowed to vote for multiple images
simultaneously, if they felt the images were equally realistic. For each participant,
we randomly presented 100 questions, consisting of 60 2AFCs examples and 40
VFPQ questions. We collected 47 valid surveys with 4,700 answers.

We first show the 2FACs evaluation results in Table 4.4. Most participants
correctly identified the real image during the evaluation, showing that they made
conscientious discerning judgement. Our model achieved better realism scores than
existing state-of-the-art methods. Table 4.5 shows the VFPQ evaluation results.
We found that the participants strongly favored our completed results for all mask
ratios, and especially so on the challenging large mask ratios. This suggests that
once the visible regions do not impose strong constraints, our multiple and diverse

results were naturally varied but mostly realistic and reasonable.

4.5.3 Additional Results

We show additional results of our proposed PICNet in Figures 4.17, 4.18 and 4.19.

Our approach is suitable for a wide range of applications, e.g. face editing, scene
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(b) Input (a) Original

(c) Output

FIGURE 4.17: Additional results of our PICNet on the CelebA-HQ test set
[95, 126] for free-form image editing. (a) Original image. (b) Masked input image.
(c) Output of our PICNet. In the first two columns, we erased eyeglasses. Wrinkles
and facial hair were removed in the next two columns. Finally, we freely changed mouth
expressions. Note that due to the provision of multiple and diverse results, the users can
easily select their favorite result. We refer readers to our online demo for testing.

recomposition, object removal and outpainting.

Face Editing We first show free-form image editing on face images in Figure 4.17.
Our model works well for conventional object removal, e.g. removing eyeglasses in
the first two columns. Next, we smoothed faces by removing wrinkles and facial
hair. Finally, we changed mouth expressions by selecting an example among our

multiple and diverse completed results.

High-Resolution Natural Image Editing The basic PICNet did not handle
high resolution (HR) image completion, because the generation from a random
vector z only works for a fixed feature size [97]. However, following the two-stage
image completion approaches [139, 178, 204, 208, 214, 215, 218], we trained another
encoder-decoder framework to refine the fixed resolution output of our PICNet.
Since this work does not focus on HR images, we used a simple design for the
refinement network by directly reapplying the PICNet framework in the second
refinement stage, but without the sampling process. Note that the multiple and
diverse solutions were seeded by the first content generation stage.

As can be seen in Figure 4.18, our approach produces diverse results as well

as visually realistic appearance for HR natural image editing, e.g. reshaping the
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(a) Original (b) Input (¢) Outputs

FIGURE 4.18: Additional results of PICNet on the Places2 test set [232] for
free-form image editing. (a) Original image. (b) Input masked image. (c) Multiple
and diverse outputs of our PICNet. Here, we show examples of reshaping the mountain
ridge and subject removal, but, unlike conventional inpainting, we can provide multiple
and diverse choices and on high-resolution images.

(a) Original

(b) Input

(¢) Outputs

FIGURE 4.19: Outpainting examples of our models. (a) Original image. (b) Masked
input. (c¢) Multiple and diverse results of our PICNet. Note that, it provides different
hairstyles for the users.

mountain ridge and generating various mountain streams. This demonstrates that

our model works well for HR images.

Outpainting In our dual pipeline framework, the masked image I,,, and its cor-
responding complement image I. can be easily swapped. Therefore, we randomly
reversed the input mask during training on Celeba-HQ. Figure 4.19 shows examples
where information is missing from the image border regions. This “outpainting”

is a challenging task as these regions have much larger uncertainty [86]. Note that
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(a) Original (b) Input (¢) Failure Outputs

FIGURE 4.20: Failure cases of our PICNet. (a) Original image. (b) Masked input.
(c) Failure results of our PICNet, where the semantic information is heavily masked,
e.g. only four legs are visible of the dogs.

the subject’s hair can be significantly varied during completion, suggesting that
our model is applicable to style editing. Our structure has been extended to other

related tasks, such as spherical image generation [69].

4.6 Limitations and Discussion

In this chapter, a novel solution is presented for the image completion task. Un-
like existing methods [86, 139, 146, 208, 214, 215], our probabilistically principled
framework can generate multiple and diverse solutions with plausible content for
a given masked image. The resulting PICNet shows that prior-conditional lower
bound coupling is significant for conditional image generation, leading to a more
reasonable two-branch training than the current deterministic structure. We also
introduce an enhanced short+long term patch attention layer, which improves
realism by automatically attending to both high quality visible features and se-
mantically correct generated features.

Experiments on a variety of datasets demonstrated that the multiple solutions
were diverse and of high quality. On the latest learning based feature-level met-
rics and traditional pixel- and patch-level metrics, we demonstrated that PIC-
Net outperformed the single-solution approaches [86, 123, 139, 214], especially for

large mask ratios with large uncertainty. We further showed in studies that users
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strongly favored our completed results when compared to the results in existing
approaches. We additionally demonstrated that our PICNet is suitable for many
interesting free-form image editing, e.g. object removal, expression changing, and
scene recomposition. These multiple and diverse results can also be easily extended
to HR image editing.

Although the proposed model achieved better results than prior methods on
various datasets by selecting images from the number of diverse sampling results,
the model does not cope well with heavily structured objects with important in-
formation missing, as shown in Figure 4.20. As semantic image completion is as
yet an immature task that builds upon conventional image inpainting, a full un-
derstanding of semantic image content remains a challenge. In Figure 4.20(top),
we can see that although the four legs of the dog are visible, the model cannot
generate a complete dog even after multiple sampling. This is a significant issue
in current image completion task. When the important semantic regions, such as
head or body of human, are missing heavily, the current deep learning models can-
not correctly imagine these missed contents. In the bottom image, if the content
is not correctly generated, our attention model fails to provide high-quality visual

results. In Chapter 5, I aim to address these issues.



Chapter 5

Image Completion via

Transformer

The previous chapter introduces multiple and diverse results for the high subjective
image completion task, but it has some failed cases, especially when the mask is
very large. Bridging distant context interactions is important for high-quality im-
age completion with large masks. However, previous methods that attempt this via
deep or large receptive field (RF) convolutions cannot escape from the dominance
of nearby interactions, which may tend to inferior results. In this chapter, I propose
treating image completion as a directionless sequence-to-sequence prediction task,
and deploy a transformer to directly capture long-range dependence in the encoder
in a first phase. Crucially, a restrictive CNN with small and non-overlapping RF
is employed for token representation, which allows the transformer to explicitly
model the long-range context relations with equal importance in all layers, without
implicitly confounding neighboring tokens when larger RFs are used. In a second
phase, to improve appearance consistency between visible and generated regions, a
novel attention-aware layer (AAL) is introduced to better exploit distantly related
features and also avoid the insular effect of standard attention.

This chapter is organized as follows: I first introduce the motivation in Section
5.1 and then discuss the related works in Section 5.2. Next, I describe the proposed
transformer-based completion framework in Section 5.3. Section 5.5 demonstrates
how models with a transformer can be used to improve the completion performance.

Finally, I will discuss the limitations and further directions in Section 5.6.

81
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(a) Masked Input (b) HiFill [208] (¢) Ours-TFill

FIGURE 5.1: An example of information flow in image completion with free-
form masks. The position x;’s response (flow) is calculated by inferring the Jacobian
matrix between it to all pixels in the given masked input. Here, only the highest flows
are shown. Our TFill correctly captures long-range visible context flow, even with a large
mask splitting two semantically important zones.

5.1 Motivation

In Section 4.1, we introduce how expert conservators would restore damaged art,
where the first and most important step is to imagine the semantic content to be
filled based on the overall visible scene. However, bridging and exploiting visible
information globally, after it had been degraded by arbitrary masks remains a main
challenge in this task. As depicted in Figure 4.1 top row, when the entire dog is
masked, the natural expectation is to complete the masked area based on the visible
background context. In contrast, in the bottom row, when the free-form regular
mask covers the bulk of the dog but leaves the head and tail visible, it is necessary
but highly challenging to globally capture long-range dependencies between the
two separated foreground regions, so that the masked area can be completed in
not just a photorealistic, but also semantically correct, manner.

To achieve this goal, many two-stage approaches [139, 208, 214, 217] have been
proposed, consisting of a content inference network and an appearance refinement
network. They typically infer a coarse image or edge/semantic map based on glob-
ally visible information in a first phase, and then fill in visually realistic appearance
in a second phase. However, this global perception is achieved by repeated local

convolutional operations, which have several limitations. First, due to translation
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equivariance in convolutions, the information flow tends to be predominantly lo-
cal, with global information only shared gradually through heat-like propagation
across multiple layers. Second, during inference, the elements between adjacent
layers are connected via learned but fixed weights, rather than input-dependent
adaptive weightings. These issues mean long-distance messages are only delivered
inefficiently in a very deep layer, resulting in a strong inclination for the network
to fill holes based on nearby rather than distant visible pixels (Figure 5.1 (b)).

In this chapter, we propose an alternative perspective by treating image comple-
tion as a directionless sequence-to-sequence prediction task. In particular, instead
of modeling the global context using deeply stacked convolutional layers, we de-
sign a new content inference model, called TFill, that uses a Transformer-based
architecture to Fill reasonable content into the missing holes. An important in-
sight here is that a transformer directly exploits long-range dependencies at every
encoder layer through the attention mechanism, which creates an equal flowing
opportunity for all visible pixels, regardless of their relative spatial positions. This
reduces the proximity-dominant influence that can lead to semantically incoherent
results.

Our design is motivated by the transformer literature in natural language pro-
cessing (NLP) [37, 154, 155, 188]. However, it remains a challenge to directly apply
these transformer models to visual generation tasks. Particularly, unlike the NLP
that naturally treats each word as a vector for token embedding, it is unclear what
a good token representation should be for the visual task. If we use every pixel as a
token, the memory cost will make this infeasible except for very small images [22].
To mitigate this issue, our model embeds the masked image into an intermediate
latent space for token representation, an approach also broadly taken by recent
vision transformer models [18, 48, 231, 236]. However, unlike these models that
use traditional CNN-based encoders to embed the tokens, we propose a restrictive
CNN for token representation, which has a profound influence on how the visible
information is connected in the network. To do so, we ensure the individual tokens
represent visible information independently, each with a small and non-overlapping
receptive field (RF). This forces the long-range context relationships between tokens
to be explicitly and co-equally perceived in every transformer encoder layer, with-
out neighboring tokens being entangled by implicit correlation through overlapping
RF. As a result, each token will not be gradually affected by neighboring regions,

retaining equal probability of being captured in every layer.
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While the proposed transformer-based architecture can achieve better results
than state-of-the-art methods [48, 208, 214, 227], by itself it only works for a fixed
sequence length because of the position embedding (Figure 5.2(a)). To allow our
approach to flexibly scale to images of different sizes, a fully convolutional encoder-
decoder network (Figure 5.2(b))) is subsequently applied to refine the visual ap-
pearance built upon the coarse content previously inferred. We also design a novel
Attention-Aware Layer (AAL) between the encoder and decoder that adaptively
balances the attention paid to visible and generated content, leading to semanti-

cally superior feature transfer.

5.2 Background

5.2.1 Image Completion

As this related research has been discussed above, we refer readers to Section 4.2.

5.2.2 The Transformer Family

The transformer architecture is first proposed by Vaswani et al. [188], and has later
become the de facto standard backbone in NLP tasks [37, 154, 155]. It merges the
information between the inputs solely through attention [7], which directly models
the long-range dependence by calculating the similarity of two points, regardless
of their spatially relative position.

The early application of attention in computer vision is only in one deep layer
to learn the long-range dependence, such as the attention in Non-local Neural
Networks [194] and self-attention GAN [220]. This is because the 2D image has a
quadratic cost in the number of pixels than the 1D sequence sentence with words.
It will require complex engineering and high GPU memory to implement the vision
transformer efficiently on hardware accelerators.

To mitigate this issue, recent works have explored different visual token repre-
sentation methods to directly apply a standard transformer for visual tasks, such
as image classification [22, 42], object detection [18, 236], semantic segmentation
[198, 231], image generation and translation [19, 48, 85, 91]. As illuminated in
Section 5.3, compared to these general token representations, our restrictive CNN
is particularly well suited due to its compact representation that limits implicit

correlation.
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FIGURE 5.2: The overall pipeline of the proposed method. (a) Masked input is
resized to a fixed low resolution (256%) and it is then fed into the transformer to generate
semantically correct content. (b) The inferred content is merged with the original high-
resolution image and passed to a refinement network with an Attention-Aware Layer
(AAL) to transfer high-quality information from both visible and masked regions. Note
the recomposed input has repeating artifacts, which are resolved in our refined network.
Zoom in to see the details.

Up and Recompose

(b) Refine

I : A
Original Recomposed Input Refined Output

5.3 Approach

Given a masked image I,,, degraded from a real image I by a free-form mask,
our goal is to learn a model ® to infer the content for missing regions, as well as
filling in with visually realistic appearance. To achieve this, our image completion
framework, illustrated in Figure 5.2, consists of a content inference network and an
appearance refinement network. The former is responsible for capturing the global
context through a transformer encoder at a fixed scale. The embedded tokens have
small receptive fields (RF) and limited capacity, preventing their states from being
implicitly dominated by visible pixels nearby than far. While similar transformer-
based architectures have recently been explored for visual tasks [18, 19, 22, 42, 48,
198, 231, 236], we believe our work is the first to explore this for free-form image
completion, where we discover how the token representation has a profound effect
on the flow of visible information in the network, in spite of the supposedly global
reach of transformers. The latter network is designed to refine visual appearance
by utilizing high-resolution visible features, and also frees the limitation to fixed

image sizes.

5.3.1 Transformer-based Architecture

Background We begin by briefly reviewing the transformer [188]. As depicted on

Figure 5.2 (right), a transformer encoder layer consists of multihead self-attention
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(MSA) and Multi layer Perception (MLP) blocks (see Appendix B.2.1). The
MSA is responsible for capturing long-range dependencies, while the MLP is applied
to further transform merged features. The LayerNorm (LN) is used for non-linear

projection. These are expressed by:

7o =[x x% . xXN] + Epos (5.1)
ZZ = MSA(LN(Z571>> + Zy_1 (52)
2¢ = MLP(LN(2))) + 2, (5.3)

where z € RV*Y is the 1D sequence of N tokens x with C' channels, and E,.; €

RN*C is the position embedding.

Transformer-Encoder In order to feed a 2D masked image I,, into the trans-
former, we first downsample the high-resolution image to a fixed size, e.g. 2562.
However, it is not feasible to run the transformer model if we directly flatten image
pixels into a 1D sequence with 196,608 tokens. To achieve independent token rep-
resentation and reduce its length, a projection is implemented using our proposed
restrictive CNN, a decision we will analyze in Section 5.5.2. After that, we obtain

256 ., 256

a 2D feature map with size 52 x 5%

256 x C', where 256 is the sequence length and C=512 is the feature dimension. As

x (', and then flatten it to a 1D sequence of

shown in Figure 5.2 (a), once we embed the image to a 1D sequence, a transformer
encoder distills long-range relationships between all tokens in every layer.

To encourage the model to bias to the important visible values, we replace the
self-attention layer with the masked self-attention layer, in which a weight is applied
to scale the attention scores. The initial weight wy., € (0.02,1.0] is obtained by
calculating the fraction of visible pixels in a small RF, e.g. 192/16? means 3/4 of
the region in the 16 RF contains visible pixels. It will then be gradually amplified
by updating wye,—/Wkey after every encoder layer, to reflect visible information
flow. This initial ratio for each token is efficiently implemented in our restrictive
CNN encoder using a modified partial convolution layer [123]. The implementation

details can be found in Appendix B.2.

CNN-based Decoder While a one-layer non-linear projection may be used to
directly map the output features back to a completed image, the visual appear-

ance is slightly worse than using a stacked decoder. Therefore, following existing
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(a) Ground Truth (b) Input (¢) TFill-Coarse (d) TFill-Refined

FIGURE 5.3: Coarse and Refined results. (a) Ground truth. (b) Masked input
degraded by free-form masks. (c) Coarse output. (d) Refined output. We can see that
the refinement network not only increased image quality to a high resolution (2562 wvs
512%), but also encourages the left eyeball to be consistent with the visible right eyeball
using our attention-aware layer.

works [208, 214, 227|, a gradual upsampling decoder is implemented to generate

photorealistic images.

5.3.2 Attention-Aware Layer (AAL)

Although our TFill-Coarse model correctly infers reasonable content by equally uti-
lizing the global visible information in every layer, two limitations remain. First,
it is not suitable for high-resolution input due to the fixed length position em-
bedding. One solution is to follow the directional sequence-to-sequence methods
[22, 48] that only use the top-left context to predict the next token, in an auto-
regressive manner. However, this will not adequately capture the global visible
information needed for image completion. Second, the realistic completed results
may not be fully consistent with the original visible appearances, e.g. the generated
left eye having a different shape and color to the visible right eye in Figure 5.3 (c).
This is because the embedded tokens are extracted from a 162 resolution feature
map, where important high-frequency details may be lost.

To mitigate these issues, a CNN-based encoder-decoder refinement network,
trained on high-resolution images, is proposed (Figure 5.2 (b)). In particular, to
further utilize the visible high-frequency details, an Attention-Aware Layer (AAL)
is designed to capture long-range dependencies.

As depicted in Figure 5.4, given a decoded feature x4, we first calculate the

attention score of:
A = d)(Xd)Tlg(Xd) (54)
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FIGURE 5.4: Attention-aware layer. The feature maps are shown as tensors. “)”
denotes matrix multiplication, “()” denotes element-wise multiplication and “@” is
element-wise sum. The blue boxes denote 1 x 1 convolution filters that are learned.

where A;; represents the similarity of the i patch to the j™ patch, and ¢, 6 are
1x1 convolution filters.

Interestingly, we discover that using A directly in a standard self-attention layer
is suboptimal, because the x, features for visible regions are generally distinct from
those generated for masked regions. Consequently, the attention tends to be insular,
with masked regions preferentially attending to masked regions, and vice versa. To
avoid this problem, we explicitly handled the attention to visible regions separately
from masked regions. So before softmax normalization, A is split into two parts:
A, — similarity to visible regions, and A,, — similarity to generated masked

regions. Next, we get long-range dependencies via:
z, = softmax(A,)X. , Z;, = softmax(A,, )Xy (5.5)

where z, contains features of contextual flow [214] for copying high-frequency de-
tails from the encoded high-resolution features x. to masked regions, while z,, has
features from the self-attention that is used in SAGAN [220] for high-quality image
generation.

Instead of learning fixed weights [227] to combine z, and z,,, we learn the
weights mapping based on the largest attention score in each position. Specifically,
we first obtain the largest attention score of A, and A,,, respectively. Then, we use

the 1x1 filter v and a to modulate the ratio of the weights. Softmax normalization
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is applied to ensure w,+w,,=1 in every spatial position:
[Wy, W,,| = softmax([y(max(A,)), a(max(A,,)])) (5.6)

where max is executed on the attention score channel. Finally, an attention-balanced
output z is obtained by:

Z =Wy Zy+ Wy, Zp, (5.7)

where w,, w,, € REXI>XHI>XW ho]d different values for various positions, dependent

on the largest attention scores in the visible and masked regions, respectively.

5.3.2.1 Discussion on prior art

While contextual attention [214] has recently been widely applied in image com-
pletion [178, 202, 208, 214], it is fundamentally different from the attention in
our transformer-based architecture — the contextual attention is used to refine
visual appearance by copying high-frequency information from visible regions to
masked holes, rather than capturing and modeling long-range context for content
inference. In addition, our AAL focuses on automatically selecting features from
both visible and generated features, instead of copying only from visible regions
(178, 202, 208, 214] or selecting through fixed weights [227].

5.4 User Interface

I designed a real-time interactive system that allows the user to easily explore and
edit the high-resolution image by creating input masks. As shown in Figure 5.5,
this user interface is built upon the interface in Section 4.4. Here, the resolution
of the input image can be in multiples of 2° = 32, e.g. 960 x 640, instead of the
fixed resolution (256 x 256) in Chapter 4. In addition, two buttons, “load mask”
and “random mask”, are added to load the free-form masks provided by Liu et
al. [123]. In this way, the user can directly load the free-form masks to assess the

robustness of various methods.

5.5 Results and Applications

Datasets We evaluated our TFill with arbitrary mask types on various datasets,
including CelebA-HQ [95, 126], FFHQ [96], Places2 [232], and ImageNet [162].
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FiGURE 5.5: Local interface for free-form high-resolution image editing.

Metrics As proposed in previous works [214, 227], it is not reasonable to require
the completed image to be exactly the same as the original image. Hence, we
only report the LPIPS [222] and the FID [77] scores in the main text, leaving
the traditional pixel- and patch-level evaluation results, e.g. the mean ¢; loss, in
Appendix B.1.

Implementation details Our model is trained in two stages: 1) the content
inference network is first trained for 2562 resolution; and 2) the visual appearance
network is then trained for 5122 resolution. Both networks are optimized using the
loss L = Lpigel + Lper + Laan, Where Lyqe is the £5 reconstruction loss, Ly, is the

perceptual loss [93], and Lgan is the discriminator loss [65].

5.5.1 Comparison with Existing Work

Here we compared with these image completion methods: PM [10], a classical ap-
proach; GL [86], the first learning-based method for arbitrary regions; CA [214],
the first method combining learning and patch-based methods; ours PICNet [227]
in Chapter 4, the first work considering multiple solutions; HiFill [208], the lat-
est very high-resolution (8K) method. Our TFill introduces a transformer-based
architecture for this challenging image completion problem.

Table 5.1 shows quantitative evaluation results on Place2 [232], in which the

images were degraded by free-form masks provided in the PConv [123] testing
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Size | GL[86] CA [214] PICNet [227] HiFill [208] TFill
(0.01,0.1] | 0.057 0.083 0.037 0.056 0.027
(0.1,02] | 0.112 0.134 0.074 0.105 0.055

2| (0203 | 0185 0.195 0.118 0.163 0.092
= | (03,04 | 0.254 0.249 0.167 0.226 0.133
(0.4,05] | 0.319 0.306 0.225 0.305 0.180
(0.5,0.6] | 0.370 0.364 0.330 0.412 0.259
(0.01,0.1] | 16.86 10.21 7.04 9.10 5.22
(0.1,02] | 26.11 18.93 13.58 16.72 9.67
A | (02,03 | 39.22 30.31 21.62 26.89 15.28
= | (03,04 | 53.24 40.29 29.59 38.40 19.99
(04,05 | 68.46 53.39 41.60 56.24 25.88
(0.5,0.6] | 74.95 59.85 61.17 83.36 34.58

TABLE 5.1: Quantitative comparisons on Places2 [232] with free-form masks [123]. With-
out bells and whistles, TFill outperformed all traditional CNN-based models. The results
are reported on 2562 resolution, as earlier works were trained only on this scale.

\ —y . S 2 L & N

(a) Original (b) Input (c) CA [214] (d) PICNet [227] (e) TFill-Coarse (f) TFill-Refined
FIGURE 5.6: Completion results on CelebA-HQ [95, 126] testing set among
CA [214], PICNet [227] and Ours. Our results are reported for 5122 resolution.
While ours previous PICNet [227] works well for frontal facing faces, it may generate
more uncanny faces with mismatched features at larger angles, e.g. the examples in

third and last row.

set. The size column denotes the range of masking proportion applied to the
images. We observe that our transformer-based model improved both LPIPS and

FID quite significantly over the CNN-based state-of-the-art models in all mask
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(a) Original (b) Input | (c) GL [86] (d) CA [214](e) PICNet [227](f) HiFill [208] (g) TFill- Refined

FIGURE 5.7: Completion results on ImageNet [162] testing set among GL [86],
CA [214], PICNet [227], HiFill [208] and Ours. Our TFill model generated better
visual results even under very challenging situations, e.g. the heavily masked chicken in
the second last row.

scales. Specifically, it achieves relative 27% and 21% improvement for LPIPS at
scales of [0.01, 0.1] and (0.5, 0.6], respectively. Furthermore, our completed images
form closer distributions to the real testing set, with FID scores averaging 32%
relative improvement on all mask scales.

The qualitative comparisons are visualized in Figures 5.6 and 5.7. TFill achieved
superior visual results even under challenging conditions. In Figure 5.6, we compare
with CA and our previous PICNet trained on CelebA-HQ dataset. Our TFill gen-
erates photorealistic high-resolution (5122) results, even when significant semantic
information is missing due to large free-form masks. Figure 5.7 shows visual results
on natural images that were degraded by random masks. GL and CA, while good
at object removal, failed to infer shapes needed for object completion. The PICNet
proposed in the last chapter produced multiple diverse results in which some shapes
were correct but of limited quality. Our results are evaluated in higher resolution,
with the short side at 512 pixels and the long side at multiples of 2°, e.g. 640. Our
TFill model generated better visual results even under very challenging situations,

e.g. the heavily masked chicken in the second last row.
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(a) Original (b) Input (c) Edited Output

FIGURE 5.8: Free-form editing results on ImageNet [162].

CelebA-HQ FFHQ
Method LPIPS| FID| LPIPS] FIDJ
CA [214] 0.104 953 0127 878
PICNet [227] 0.061 643 0068 4.61
MEDFE [81] 0.067  7.01 ; ;

A Traditional Conv 0.060 6.29 0.066 4.12
B + Attention in G 0.059 6.34 0.064 4.01
C + Restrictive Conv  0.056  4.68 0.060  3.87
D + Transformer 0.0561 4.02 0.057  3.66
E + Masked Attention 0.050  3.92 0.057  3.63
F 4+ Refine Network 0.048 3.86 0.053 3.50

TABLE 5.2: Learned Perceptual Image Patch Similarity (LPIPS) and Fréchet Inception
Distance (FID) for various completion networks on center masked images. Here, we
calculate the LPIPS and FID using all images in the corresponding test sets.

5.5.2 Results and Analysis for Token Representation

Results We first demonstrate experimentally that the transformer-based model

outperforms previous CNN-based models. Table 5.2 shows Learned Perceptual
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b 4 8¢ |
(a) Original (b) Edited Output (a) Original (b) Edited Output

FIGURE 5.9: Qualitative results on CelebA-HQ [95, 126] and FFHQ [96] testing
set for free-form mask editing. All results are reported at 5122 resolution.

Image Patch Similarity (LPIPS)' [222] and Fréchet Inception Distance (FID) [77]
for various image completion architectures on CelebA-HQ [95, 126] and FFHQ [96]
datasets degraded by center masks. The traditional image quality results are given
in Appendix B.1. Here, we compared with three CNN-based models, for which
CA [214] and PICNet [227] had the appropriate pretrained models available, while
the latest MEDFE [81] was reproduced using their publicly available code. All
scores are reported for 2562 resolution. Without bells and whistles, our TFill-
Coarse with configuration (E) improved LPIPS (18% relative improvement) and
FID (39% relative improvement) quite significantly on CelebA-HQ, despite only
using the transformer-based content inference network, without our refinement

network.

"'While multi-modal generation tasks had previously been evaluated with LPIPS [84, 227, 235]
in Chapters 3 and 4, it was used to measure diversity. Here, we apply it to measure the similarity
between completed images and original ground-truth. A smaller value means the completed image
is closer to the ground-truth image w.r.t. the learned perceptual similarity, rather than pixel-level
reconstruction. We refer readers to [222] for details.
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FIGURE 5.10: Example completion results of our method (config E) on face
datasets. Here, a center mask was used for all input images. The corresponding quan-
titative results are reported in Tables 5.2 and 5.3. One center masked example input is
shown top-left.

Figure 5.10 shows the visual results of our TFill on CelebA-HQ and FFHQ
datasets. Here, all images are center masked in order to demonstrate its ability to
go beyond object removal and to generate reasonable semantic content for large
missing regions. As can be seen, the completed images are on average of high qual-
ity. Even for some challenging cases, such as when eyeglasses are center masked,
our TFill can correctly repair the face with eyeglasses. Furthermore, it generally

works well for varied skin tones, poses, expressions, ages, and illumination.
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FIGURE 5.11: Completion results of our method (config E) on ImageNet
datasets [162]. All images come from the corresponding testing set that were degraded
by center masks. Here, we show results for various categories, such as commodity, an-
imal, plant, natural scene, building, food, furniture and so on.

FIGURE 5.12: Completion results of our method (config E) on Places2 datasets
[222]. All images come from the corresponding testing set that were degraded by
center masks.
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Method LPIPS] FID] Mem] Time]l
IGPT [22] (RF 1) 0.609 14842 3.16 26.45
VIT [42] (RF 16) 0.062 500 116 0.167
VQGAN [48] 0.226 11.92  2.36 4.29
B Conv (RF229) 0.064 401 099 0.162
C Ours R-Conv (RF 16) 0.060  3.87 0.90 0.157
~ T-based (RF 229) 0.062 3.92 1.25 0.188
E T-based (RF 16) 0.057 3.63 1.15  0.180

TABLE 5.3: The effect of restrictive token embedding and transformer block
in our transformer-based completion network on FFHQ dataset. “RF” indicates the
Receptive Field size. “Mem” denotes the memory (GB) cost during testing and “Time”
is the testing time (s) for each center masked image.

In Figure 5.11, we show more examples for object completion, such as the
various items and animals on the top half. In Figure 5.12, we display the completed
images for various natural scenes. These examples are good evidence that our TFill
model is suitable for both foreground object completion and background scene
completion, where it can synthesize semantically consistent content with visually

realistic appearance based on the presented visible pixels.

Analysis Our baseline configuration (A) used the same encoder-decoder struc-
ture as VQGAN [48], except here attention layers were removed for a pure CNN-
based version. When combined with the powerful discriminator of StyleGANv2
[97], the performance was comparable to PICNet [227], in which the best results
were selected from 50 diverse samples. We first added the attention layer to the de-
coder (Generator, G) in (B), but the performance remained similar to baseline (A).
In contrast, when we use our proposed restrictive CNN in (C), the performance
improved substantially, especially for FID. This suggests that the input feature
representation is significant for the attention layer to equally deliver all messages,
as explained later. We then improved this new baseline by adding the transformer
encoder (D), which benefits from globally delivered messages at every layer. Fi-
nally, we introduced masked weights to each attention layer of the transformer (E),
improving results further.

To study the influence of the token representation, we conducted two experi-
ments that compared with recent visual transformer works [22, 42, 48] and provided
an ablation study by controlling the RF in Table 5.3.
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FIGURE 5.13: Token representation. (a) Pixel to token. (b) Patch to token. (c)
Feature to token. (d) Restrictive Receptive Field (RF) feature to token. Note our token
has a small and non-overlapping RF like VIT [42], but uses a complex CNN embedding.
Each token represents locally isolated contexts, leaving the long-range relationship to be
cleanly modeled in the transformer encoder.

As illustrated in Figure 5.13, iGPT [22] downsamples the image to a fixed
scale, e.g. 322 resolution, and embeds each pizel to a token. While this may not
impact the original classification task, which is robust to low resolutions [184], it
has a large negative effect on generating high-quality images. Furthermore, the
auto-regressive form resulted in the completed image being inconsistent with the
bottom-right visible region (iGPT in Figure 5.14), and each image runs an average
of 26.45s during the testing. This is because the conditional sequence generation
can only utilize the top-left visible pixels, generating new pixels one-by-one. In
contrast, VIT [42] divides an image to a set of fixed patches and embeds each
patch to a token. As shown in Table 5.3 and Figure 5.14, it can achieve relatively
good quantitative and qualitative results. However, some details are perceptually
poor, e.g. the strange eyes in Figure 5.14, possibly due to the limited one-layer
linear projection. Finally, VQGAN [48] employs a traditional CNN to encode an
image to the feature domains and then quantizes each feature as a token through a
learned codebook [157, 187]. Figure 5.14 shows the generated images using tokens
embedded from ground truth (VQ Rec), and tokens extracted from the center
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Input iGPT [22] VIT [42] VQ [48] Rec  VQ [48] Comp VQ [48] Output TFill-Coarse Ground Truth

FIGURE 5.14: Comparing results under different token representations. All
transformers are based on the same transformer backbone [188]. For VQGAN [48], we
report reconstruction (Rec) image, completed (Comp) image and recomposed output
image. TFill-Coarse is our model with configuration E in Tables 1 and 2, i.e. TFill
without the refinement network. Please see main text for details.

masked image (VQ Comp). While it generates the content of missing regions
sequentially conditioned only on top-left visible tokens, we found the completed
pixels to be consistent with the bottom-right region, even though these tokens
were not used to infer missing content in the transformer encoder. We believe this
is due to the large RF in the CNN-based encoder causing each token to capture
extended dependencies in a deep layer. However, this leads to two issues: 1) even
the original visible tokens are modified, resulting in different appearances for the
visible regions e.g. see VQ Rec vs VQ Comp in Figure 5.14; 2) inferred tokens are
unduly influenced by implicit CNN-based correlation to nearby tokens, and cannot
establish ties cleanly to important but distant tokens. Thus it generates a visually
realistic completion, but when pasted to the original masked input (VQ Output in
Figure 5.14), there is an obvious gap between generated and visible pixels.

In contrast to [22, 42, 48], our token representation is extracted using a restric-
tive CNN (Figure 5.13(d)). In particular, the 1x1 filter and layernorm is applied
for non-linear projection, followed by a partial convolution layer [123] that uses a
2x2 filter with stride 2 to extract visible information and reduce feature resolution
simultaneously. For instance, if half of the pixels in a window are masked, we only
embed the other 50% comprising visible pixels as our token representation, and
establish an initial weight of 0.5 for the masked self-attention layer. To do this,
we ensure each token represents only the visible information in a small RF, leaving
the long-range dependencies to be explicitly modeled by the transformer encoder in
every layer, without cross-contamination from implicit correlation due to larger
CNN RF. To demonstrate the impact of RF, a thorough ablation study result is
reported in Table 5.3, in which we find the small RF CNN improves both LPIPS
and FID significantly, with the added benefit of low memory cost. Furthermore,
our model runs at 180ms per image on an Nvidia GTX 1080Ti (4+21ms CPU time
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il
CA [214] PICNet [227] TFill- Refined

FIGURE 5.15: Results with different attention modules in various methods. Our
attention-ware layer is able to adaptively select the features from both visible and gener-
ated content. In this example, the ratio for the two query points is w, /w,, = 0.77/0.23
(skin) and w, /w,, = 0.08/0.92 (eye), respectively.

for resizing input and storing output), due to predicting all output heads together,

rather than auto-regressively as in existing work [22, 48].

5.5.3 Results and Analysis for AAL

Mask Type | Metric | SA [220] CA [214] SLTA [227] Ours-AAL

center LPIPS| 0.058 0.061 0.056 0.053
FID 3.62 3.86 3.61 3.50

random LPIPS| 0.047 0.044 0.045 0.041
FID 2.69 2.66 2.64 2.57

TABLE 5.4: The effect of various attention layers on FFHQ dataset. “center” denotes
the center mask, “random” denotes the random regular mask and “SA” is the basic self-
attention layer. These attention layers were implemented within our TFill refinement
framework.

We ran ablations to analyze our proposed AAL by replacing it with existing
contextual attention models of SA [188, 220], CA [214] and SLTA [227]. As shown
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in Table 5.4, SA showed similar performance to the coarse results in Table 5.2,
due to the insular attention problem mentioned earlier. CA [214] performed worse
on large center masks than random regular masks (even worse than the coarse
results of (E) in Table 5.2), as it borrows context from visible regions only. When
important context is not visible, e.g. when both eyes are missing in Figure 5.15, it
is unable to find the right context to copy. While our previous PICNet [227] focuses
on both visible and invisible regions, selection was done by fized weights learned
during training. This is also inferior, and in some cases we observed that it can
have difficulty in selecting the best features for generation, especially on free-form
masks. In contrast, our AAL selects features based on the largest attention scores,
using weights dynamically mapped during inference. For instance, in Figure 5.3,
only the left eye was masked, and it had a large attention score to the visible right
eye, resulting in a ratio of w,/w,, = 0.91/0.09. Conversely, when two eyes were
masked in Figure 5.15, the attention score between the two eyes was still high, but

the ratio was correctly flipped to w, /w,, = 0.08/0.92 for the left eye.

5.5.4 Additional Results

Following Chapter 4, I also show interesting applications of the proposed TFill
model for free-form image editing on various higher resolution datasets.

As shown in Figure 5.8, I edit the natural scene with object removal being the
main task, as it is the main use case for image inpainting. Here, I enforce the input
image size to be multiples of 32, e.g. 512 x 384 and provide the high-resolution
results on the corresponding image size. As we can see, our TFill-Refined model
is able to handle high-resolution images for object removal in traditional image
inpainting task. More results can be found in our online project?.

In Figure 5.9, more examples are shown for face editing at 512 x 512 resolution.
For conventional object removal, e.¢g. watermark removal, the proposed TFill ad-
dresses them easily. Furthermore, the TFill can handle more extensive face editing,

such as removing substantial facial hair and changing mouth expressions.

5.6 Limitations and Discussion

Through the detailed analyses and experiments, I demonstrate that the trans-

former based architecture has exciting potential for image completion, due to its

ZMore results are available on http://www.chuanxiaz.com/publication/tfill/
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capacity for effectively modeling connections between distant image content. Un-
like recent vision transformer models that either use shallow projections or large
receptive fields for token representation, our restrictive CNN projection provides
the necessary separation between explicit attention modeling and implicit RF cor-
relation that leads to substantial improvement in results. I also introduced a novel
attention-aware layer that adaptively balances the attention for visible and masked
regions, further improving the completed image quality.

While this T'Fill model generates reasonable content as well as realistic appear-
ance, it provides only one “optimal” result for this highly subjective task. It will
be much more interesting if we can explore the transformer-based architecture for
multiple and diverse results. The more recent work [190] has made an initial step

towards this goal. We would like to explore more in future work.



Part 111

Modeling Shape and Appearance:

Completed Scene Decomposition
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Chapter 6
Visiting the Invisible

The methods in Part II can produce plausible results given a masked image by
filling into reasonable content as well as visually realistic appearance. However,
these systems depend on manual masks as input, rather than automatically un-
derstanding the full scene. In this chapter, we present a higher-level structural
scene decomposition and completion system, which has the ability to decompose
a scene into individual objects, infer their underlying occlusion relationships and
moreover imagine what occluded objects may look like, while using only an im-
age as input. In order to disentangle the occluded relationships of all objects in
a complex scene, we use the fact that the front object, being free from occlusion,
is easy to be identified, detected, and segmented. Our system interleaves the two
tasks of instance segmentation and scene completion through multiple iterations,
solving for objects layer-by-layer. We first provide a thorough experiment using
a new realistically rendered dataset, where ground-truth is available for all invisi-
ble regions. To bridge the domain gap to real imagery, where ground-truth is not
available, we then train another model with pseudo-ground-truths generated from
our previously trained synthesis model. We demonstrate results on a wide variety
of datasets and show significant improvement over the state-of-the-art.

The rest of this chapter is organized as follows. We first describe our motivation
in Section 6.1. Then, we discuss the related work in Section 6.2, and describe
our rendered dataset in Section 6.3. In Section 6.4 we present our layer-by-layer
CSDNet method. We then show the experiment results on this synthetic dataset
as well as the results on real-world images in Section 6.5, followed by a conclusion

in Section 6.6.
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6.1 Motivation

The vision community has made rapid advances in scene understanding tasks,
such as object classification and localization [61, 73, 159], scene parsing [5, 21, 127],
instance segmentation [20, 72, 148], and layered scene decomposition [66, 205, 223].
Despite their impressive performance, these systems deal only with visible parts of
scenes without trying to exploit inwvisible regions, which results in an uncompleted
representation of real objects.

In parallel, significantly progress for the generation task has been made with
the emergence of deep generative networks, such as GAN-based models [65, 67, 96],
VAE-based models [103, 186, 187], and flow-based models [39, 40, 102]. Empowered
by these techniques, image completion [86, 214, 227] and object completion [44, 120,
219] have made it possible to create the plausible appearances for occluded objects
and backgrounds, as shown in above chapters. However, these systems depend on
manual masks or visible ground-truth masks as input, rather than automatically
understand the full scene.

In this chapter, we will present a system that has the ability to decompose a
scene into individual objects, infer their underlying occlusion relationships, and
moreover imagine what occluded objects may look like, while using only an image
as input. This novel task involves the classical recognition task of instance seg-
mentation to predict the geometry and category of all objects in a scene, and the
generation task of image completion to reconstruct invisible parts of objects and
backgrounds. After a full decomposition of the given scene, users can freely edit
the instances in the original 2D image, such as deleting object, moving object’s
positions, and further changing their occlusion relationships 6.12.

To decompose a scene into instances with completed appearances in one pass
is extremely challenging. This is because realistic natural scenes often consist of
a vast collection of physical objects, with complex scene structure and occlusion
relationships, especially when one object is occluded by multiple objects, or when
instances have deep hierarchical occlusion relationships.

Our core idea is from the observation that it is much easier to identify, de-
tect and segment foreground objects than occluded objects. Motivated by this, we
propose a Completed Scene Decomposition Network (CSDNet) that learns to
segment and complete each object in a scene layer-by-layer consecutively. As shown
in Figure 6.1, our layered scene decomposition network only segments the fully vis-

ible objects out in each layer (Figure 6.1(b)). If the system is able to properly
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FIGURE 6.1: Example results of scene decomposition and recomposition. (a)
Input. (b) Our model structurally decomposes a scene into individual completed objects.
Red rectangles highlight the original invisible parts. (c) The inferred pairwise order (top
graph) and edited order (bottom graph) of the instances. Blue nodes indicate the deleted
objects while the red node is the moved object. (d) The new recomposed scene.

segment the foreground objects, it will automatically learn which parts of occluded
objects are actually invisible that need to be filled in. The completed image is
then passed back to the layered scene decomposition network, which can again
focus purely on detecting and segmenting visible objects. As the interleaving pro-
ceeds, a structured instance depth order (Figure 6.1(c)) is progressively derived by
using the inferred absolute layer order. The thorough decomposition of a scene
along with spatial relationships allows the system to freely recompose a new scene
(Figure 6.1(d)).

Another challenge in this novel task is the lack of data: there is no complex, re-
alistic dataset that provides intact ground-truth appearance for originally occluded
objects and backgrounds in a scene. While latest works [114, 219] introduced a
self-supervised way to tackle the amodal completion using only visible annotations,
they can not do a fair quantitative comparison as no real ground-truths are avail-
able. To mitigate this issue, we constructed a high-quality rendered dataset, named
Completed Scene Decomposition (CSD), based on more than 2k indoor rooms.
Unlike the datasets in [38, 44], our dataset is designed to have more typical camera
viewpoints, with near-realistic appearance.

As elaborated in Section 6.5.2, the proposed system performs well on this ren-
dered dataset, both qualitatively and quantitatively outperforming existing meth-
ods in completed scene decomposition, in terms of instance segmentation, depth
ordering, and amodal mask and content completion. To further demonstrate the
generalization of our system, we extend it to real datasets. As there are no ground
truth annotations and appearance available for training, we created pseudo-ground-

truths for real images using our model that is purely trained on CSD, and then
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fine-tuned this model accordingly. This model outperforms state-of-the-art meth-
ods [151, 219, 237] on amodal instance segmentation and depth ordering tasks,
despite these methods being specialized to their respective tasks rather than our
holistic completed scene decomposition task. While we are unable to quantita-
tively evaluate real-image scene completion without ground truth appearance for
occluded objects, our method is able to create visually reasonable layer-by-layer
decomposition results, and we further demonstrate its effectiveness in real scene
recomposition.

In summary, we propose a layer-by-layer scene decomposition network that
jointly learns structural scene decomposition and completion, rather than treating
them separately as the existing works [38, 44, 219]. To our knowledge, it is the
first work that proposes to complete objects based on the global context, instead
of tackling each object independently. To address this novel task, we render a
high-quality rendered dataset with ground-truth for all instances. We then provide
a thorough ablation study using this rendered dataset, in which we demonstrate
that the method substantially outperforms existing methods that address the task
in isolation. On real images, we improve the performance to the recent state-of-
the-art methods by using pseudo-ground-truth as weakly-supervised labels. The
experimental results show that our CSDNet is able to acquire a full decomposition
of a scene, with only an image as input, which conduces to a lot of applications,

e.g. object-level image editing.

6.2 Background

A variety of scene understanding tasks have previously been proposed, including
layered scene decomposition [206], instance segmentation [72], amodal segmenta-
tion [114], and scene parsing [21]. In order to clarify the relationships of our work
to the relevant literature, Table 6.1 gives a comparison based on three aspects:

what the goals are, which information is used, and on which dataset is evaluated.

6.2.1 Inmodal Perception

The layered scene decomposition for visible regions has been extensively studied
in the literature. Shade et al. [167] first proposed a representation called a layered
depth image (LDI), which contains multiple layers for a complex scene. Based

on this image representation that requires occlusion reasoning, the early works



Chapter 6. VIV 109

Paper Outputs Inputs Data
SP, O I LabelMe, PASVOC, others
Yang et al. [206] In, O I PASVOC
Tighe et al. [182]  SP, O I LabelMe, SUN
Zhang et al. [223]  In, O I KITTI
Guo et al. [68] AS | StreetScenes, SUN, others
Kar et al. [94] AB I PASVOC, PAS3D
Liu et al. [121] AS, O I,D  NTUv2-D
Li et al. [114] A I,In PASVOC
Zhu et al. [237] A, O I COCOA (from COCO)
Follmann et al. [50] A I COCOA, COCOA-cls, D2S
Qi et al. [151] A I KINS (from KITTTI)
Hu et al. [82] A I Synthesis video
Ehsani et al. [44] A, O,IRGB I,In DYCE, PAS3D
Zhan et al. [219] A, O,IRGB I,In  KINS, COCOA
Ling et al. [120] A, IRGB [,In  KINS
Yan et al. [201] A, IRGB I Vehicle
Burgess et al. [16] In, IRGB I Toy
Dhamo et al. [38] A, D,IRGB 1 SUNCG, Stanford 2D-3D
Ours A, O,IRGB 1 KINS, COCOA, SUNCG

TABLE 6.1: Comparison with related work based on three aspects: outputs,
inputs and data. I: image, In: inmodal segmentation, O: occlusion order, SP: scene
parsing, AB: amodal bounding box, AS: amodal surface, A: amodal segmentation, D:
depth, IRGB: intact RGB object.

focused on ordering the semantic map as occluded and visible regions. Winn and
Shotton [197] proposed a LayoutCRF to model several occlusions for segmenting
partially occluded objects. Gould et al. [66] decomposed a scene into semantic
regions together with their spatial relationships. Sun et al. [181] utilized an MRF
to model the layered image motion with occlusion ordering. Yang et al. [205, 206]
formulated a layered object detection and segmentation model, in which occlusion
ordering for all detected objects was derived. This inferred order for all objects
has been used to improve scene parsing [182] through a CRF. Zhang et al. [223]
combined CNN and MRF to predict instance segmentation with depth ordering.
While these methods evaluate occlusion ordering, their main goal is to improve
the inmodal perception accuracy for object detection, image parsing, or instance
segmentation using the spatial occlusion information. In contrast to these methods,
our method not only focuses on visible regions with structural inmodal perception,
but also tries to solve for amodal perception. ¢.e. to learn what is behind the

occlusion.
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6.2.2 Amodal Image/Instance Perception

Some initial steps have been taken toward amodal perception, exploring the in-
visible regions. Guo and Hoiem [68] investigated background segmentation map
completion by learning relationships between occluders and background. Subse-
quently, [121] introduced the Occlusion-CRF to handle occlusions and complete
occluded surfaces. Kar et al. [94] focused on amodal bounding box completion,
where the goal is to predict the intact extent of the bounding box. The common
attribute in these earlier amodal perception works is using piecemeal representa-
tions of a scene, rather than a full decomposition that infers the amodal shapes for
all objects.

The success of advanced deep networks trained on large-scale annotated datasets
has recently led to the ability to get more comprehensive representations of a scene.
Instance segmentation [34, 116, 148, 149] deal with detecting, localizing and seg-
menting all objects of a scene into individual instances. This task combines the
classical object detection [60, 61, 73, 159] and semantic segmentation [5, 21, 127].
However, these notable methods typically segment the scene only into visible re-
gions, and do not have an explicit structural representation of a scene. We believe
a key reason is the lack of large-scale datasets with corresponding annotations for
amodal perception and occlusion ordering. The widely used datasets, such as Pas-
cal VOC 2012 [49], NYU Depth v2 [173], COCO [119], KITTI [57], and CityScapes
[31], contain only annotations for the visible instances, purely aiming for 2D in-
modal perception.

To mitigate the lack of annotated datasets, Li et al. [114] presented a self-
supervised approach by pasting occluders into an image. Although reasonable
amodal segmentation results are shown, a quantitative comparison is unavailable
due to the lack of ground-truth annotations for invisible parts. In more recent
works, the completed masks for occluded parts are provided in COCOA [237] and
KINS [151], which are respectively a subset of COCO [119] and KITTI [57]. How-
ever, their annotations for invisible parts are manually labeled, which is highly
subjective [44, 219]. Furthermore, these datasets are mainly used for the task of
inferring amodal semantic maps and are not suitable for the task of RGB appear-
ance completion, since the ground truth RGB appearance for occluded parts are
not available. In contrast, we jointly address these two amodal perception tasks

using our constructed CSD dataset.
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6.2.3 Amodal Perception for both Mask and Appearance

The problem of generating the amodal RGB appearance for the occluded parts is
highly related to semantic image completion. The latest methods [86, 139, 146, 204,
214, 227] extend GANs [65] and CGANs [135] to address this task, generating new
imagery to fill in partially erased image regions. However, they mainly focus on
object removal, needing users to interactively annotate the objects to be removed.

SeGAN [44] involved an end-to-end network that sequentially infers amodal
masks and generates complete RGB appearances for instances. The instance depth
order is estimated by comparing the areas of the full and visible masks. PCNet [219]
used a self-supervised learning approach to recover masks and content using only
visible annotations. However, these works mainly present results in which the
ground truth visible mask is used as input, and are sensitive to errors in this
visible mask. As stated in [219], their focus is on amodal completion, rather than
a scene understanding for amodal perception. While the recent work of Yan et al.
[201] tried to visualize the invisible from a single input image, it only tackles the
occluded “vehicle” category, for which there is much less variation in amodal shape
and RGB appearance, and thus easier to model.

There are two recent works that attempt to learn structural scene decomposi-
tion with amodal perception. MONet [16] combined an attention network and a
CVAE [103] for jointly modeling objects in a scene. While it is nominally able to do
object appearance completion, this unsupervised method has only been shown to
work on simple toy examples with minimal occlusions. Dhamo et al. [38] utilized
Mask-RCNN [72] to obtain visible masks, and conducted RGBA-D completion for
each object. However, depth values are hard to accurately estimate from a single
image, especially in real images without paired depth ground-truths. Besides, they
still considered the decomposition and completion separately. In practice, even if
we use domain transfer learning for depth estimation, the pixel-level depth value for
all objects are unlikely to be consistent in a real scene. Therefore, our method uses
an instance-level occlusion order, called the “2.1D” model [206], to represent the

structural information of a scene, which is easier to be inferred and manipulated.

6.3 Data Collection

Large datasets with complete ground-truth appearances for all objects are very

limited. Burgess et al. [16] created the Objects Room dataset, but only with toy
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FIGURE 6.2: Our rendered dataset. (a) High quality rendered RGB images. (b)
Semantic map and instance annotations with bbox, category, ordering and segmentation
map. (c) Intact RGBA ground-truth for instances and background.

objects. Ehsani et al. [44] and Dhamo et al. [38] rendered synthetic datasets.
However, the former only includes 11 rooms, with most viewpoints being atypical
of real indoor images. The latter’s OpenGL-rendered dataset appears to have
more typical viewpoints with rich annotations, but the OpenGL-rendered images
have low realism. Recently, Zhan et al. [219] explored the amodal completion
task through self-supervised learning without the need of amodal ground-truth.
However, a fair quantitative comparison is not possible as no appearance ground-
truth is available for invisible parts.

To mitigate this issue, we rendered a realistic dataset with Maya [3], instead
of the OpenGL-rendering used in Chapter 2. We can train the supervised model
and test the unsupervised model on this synthetic data with masks and RGB

appearance ground-truths for all occluded parts.

Data Rendering Our rendered data is based on a total of 10.2k views inside over
2k rooms (CAD models from SUNCG [177]) with various room types and lighting
environments (see Figure 6.2(a)). To select the typical viewpoints, we first sampled
many random positions, orientations and heights for the camera. Only when a view
contains at least 5 objects will we render the image and the corresponding ground-
truth of each instance. To avoid an excessive rendering workload, we separately
rendered each isolated object, as well as the empty room, as shown in Figure 6.2(c).
This allows us to then freely create the ground-truths of each layer by compositing
these individual objects and background using the instance occlusion order. The

rendering details and statistics of the dataset can be found in the Appendix C.2.
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FIGURE 6.3: An illustration of the CSDNet framework. (a) Overall layer-by-layer
completed scene decomposition pipeline. In each step, the layered decomposition network
selects out the fully visible objects. The completion network will complete the resultant
holes with appropriate imagery. The next step starts again with the completed image. (b)
The layered scene decomposition network estimates instance masks and binary occlusion
relationships. (c) The completion network generates realistic content for the original
invisible regions.

Data Annotation FEach rendered scene is accompanied by a global semantic map
and dense annotations for all objects. As shown in Figure 6.2(b) and Figure 6.2(c),
the intact RGB appearances are given, as well as categories (the 40 classes in
NYUDv2 [138]), bounding boxes and masks for complete objects, as well as for only
the visible regions. Furthermore, the absolute layer order and pairwise occlusion
order shown in Figure 6.4 are also defined in our rendered dataset. The detail

examples are presented in Appendix C.2.2.

6.4 Approach

In this work, we aim to derive a higher-level structural decomposition of a scene.
When given a single RGB image I, our goal is to decompose all objects in it
and infer their fully completed RGB appearances, together with their underlying
occlusion relationships (As depicted in Figure 6.1). Our system is designed to carry
out inmodal perception for visible structured instance segmentation, and also solve
the amodal perception task of completing shapes and appearances for originally
invisible parts.

Instead of directly predicting the invisible content and decoupling the occlusion

relationships of all objects at one pass, we use the fact that foreground objects are
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more easily identified, detected and segmented without occlusion. Our CSDNet
decomposes the scene layer-by-layer. As shown in Figure 6.3(a), in each step sj_1,
given an image I**1) the layered segmentation network creates masks as well
as occlusion labels for all detected objects. Those instances classified as fully
visible are extracted out, and the scene completion network generates appropriate
appearances for the invisible regions. The completed image I(t-1) will then be
resubmitted for layered instance segmentation in the next step s;. This differs
significantly from previous works [16, 38, 44, 120, 219], which do not adapt the
segmentation process based on completion results.

Our key novel insight is that scene completion generates completed shapes for
originally occluded objects by leveraging the global scene context, so that they are
subsequently easier to be detected and segmented without occlusion. Conversely,
better segmented masks are the cornerstones to complete individual objects by pre-
cisely predicting which regions are occluded. Furthermore, this interleaved process
enables extensive information sharing between these two networks, to holistically
solve for multiple objects, and produces a structured representation for a scene.
This contrasts with existing one-pass methods [16, 38, 44, 120, 219], where the
segmentation and completion are processed separately and instances are handled
independently. Together with the benefit of occlusion reasoning, our system is able
to explicitly learn which parts of the objects and background are occluded that need

to be completed, instead of freely extending to arbitrary shapes.

6.4.1 Layered Scene Decomposition

As shown in Figure 6.3, our layered scene decomposition network comprehensively
detect objects in a scene. For each candidate instance, it outputs a class label, a
bounding-box offset and an instance mask. The system is an extension of Mask-
RCNN [72], which consists of two main stages. In the first stage, the image is
passed to a backbone network (e.g. ResNet-50-FPN [118]) and next to a region
proposal network (RPN [159]) to get object proposals. In the second stage, the
network extracts features using RolAlign from each candidate box, for passing to
object classification and mask prediction. We refer readers to [20, 72] for details.
To determine if an object is fully visible or partially occluded, a new parallel
branch for this binary occlusion classification is added, as shown in Figure 6.3(b).
This decomposition is done consecutively layer-by-layer, where at each step it is

applied to a single RGB derived from the counterpart scene completion step. While
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(a) View 1 (b) View 2
FIGURE 6.4: Instance depth order representation. Top images show absolute layer
order [151] in different views. Bottom directed graphs give the pairwise order between
objects.

only binary decisions are made in each step, after a full set of iterations, a compre-
hensive layered occlusion ordering is obtained. The following parts describe how
this is done, looking first at the instance depth order representation, followed by

how the occlusion head is designed.

Instance depth order representation Absolute layer order and pairwise oc-
clusion order are two standard representations for occlusion reasoning in a scene
[181, 182]. As shown in Figure 6.4, the definition for our absolute layer order L
follows [151], where fully visible objects are labeled as 0, while other occluded ob-
jects have 1 order higher than the highest-order instance occluding them (see top
images in Figure 6.4). We interpret the pairwise occlusion order matriz as a di-
rected graph G = (€, W) (see bottom graphs in Figure 6.4), where Q is a discrete
set of all instances with number N, and W is a N x N matrix. W; ; is the occlusion
relationship of instance ¢ to instance j. We use three numbers to encode the order
— {—1: occluded, 0 : no relationship, 1: front}. For example, the chair (instance
#3) is occluded by the table (instance #2), so the pairwise order for the chair is

Ws5 45 = —1, while the pairwise order for the table is inversely labeled as Wy 3 = 1.

Occlusion head In practice, we find it hard to directly predict these instance
depth orders. The absolute layer order index [ € £ cannot be predicted purely

from local features in a bounding box, since it depends on the global layout of all
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objects in a scene. Furthermore, this index is very sensitive to viewpoints, e.g. in
Figure 6.4, the desk (instance #5) is occluded by only one object (instance #3) in
both views, but the absolute layer order indices of the desk are different: “2”7 ws
“1”. In contrast, pairwise ordering GG captures the occlusion relationships between
pairs of objects, but all pairs have to be analyzed, leading to scalability issues
in the current instance segmentation network. As R-CNN-based system creates
2,000 candidate objects, this pairwise analysis requires building an unwieldy 2k x 2k
features. Even if we were to restrict these to the 100 highest scoring detection boxes,
it will still be very memory intensive.

We circumvent these problems as our occlusion classifier only predicts a binary
occlusion label: {0,1} in each step, where 0 is fully visible, and 1 is occluded,
following the setting of absolute layer order. During training, each ground-truth
binary occlusion label is determined from the pairwise order of the actual objects
present in the scene (see details in the Appendix C.1). The occlusion head in our
layered scene decomposition network is a fc layer, which receives aligned features

from each Rol and predicts the binary occlusion label.

Decomposition Loss The multi-task loss function for layered scene decompo-

sition is defined as follows:

T
Ldecomp - Z at(‘LilS + Lf)box + Lfnask + Lf)cc) + ﬁLseg (61)
t=1

t

!, bounding-box loss L{, . mask loss L! . and seman-

where classification loss L
tic segmentation loss L are identical to those defined in HTC [20], and Lf . is

the occlusion loss at the cascade refined stage ¢ (three cascade refined blocks in

HTC [20]), using binary cross-entropy loss [127] for each Rol.

6.4.2 Visiting the Invisible by Exploring Global Context

In our solution, we treat visiting the invisible as a semantic image completion [146]
problem. As illustrated in Figure 6.3, in step s;_1, after removing the front visible

159 Our goal is to

instances, the given image I**-1) is degraded to become
generate appropriate content to complete these previously invisible regions (being
occluded) for the next layer I¢**). Unlike existing methods that complete each

object independently [16, 38, 44, 120], our model completes multiple objects in
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each step layer-by-layer, such that the information from earlier scene completions
propagate to later ones. The global scene context is utilized in each step.

To visit the invisible, it is critical to know which parts are invisible that need
to be completed. The general image completion methods use manually interactive
masks as input, which differs from our goal. Recent related works [44, 120, 219]
depend on the ground-truth visible masks as input to indicate which parts are
occluded. In contrast, our system selects out fully visible objects and automatically
learns which parts are occluded in each step. The holes left behind explicitly define
the occluded regions for remaining objects, and thus the completed shapes for
remaining objects must be deliberately restricted to these regions, instead of being
allowed to grow freely using only the predicted visible masks.

We use our previous PICNet [227] framework to train our completion network.
While our original PICNet was designed for diversity, here we only want to obtain
the best result closest to the ground-truth. Therefore, we only use the encoder-

decoder structure, and eschew the random sampling aspect.
Completion Loss The overall scene completion loss function is given by
Lcomp = C(rechec + CkadLad + Oépeerer (62)

where reconstruction loss L... and adversarial loss L,q are identical to those in
PICNet [227] proposed in Chapter 4. The perceptual loss Lye, = |[F®(I¢) —
FO(1(s+))| [93], based on a pretrained VGG-19 [174], is the I; distance of features
F in [-th layer between the generated image I¢%) and ground-truth I+,

6.4.3 Inferring Instance Pairwise Occlusion Order

As discussed in Section 6.4.1, absolute layer order L is sensitive to errors. If one
object is incorrectly selected as a front object in an earlier step, objects behind it
will have their absolute layer order incorrectly shifted. Hence in keeping with prior
works [44, 219], we use the pairwise occlusion order G = (£2, W) to represent our
final instance occlusion relationships for evaluation.

Given a single image I, our model decomposes it into instances with completed
RGB appearances Ag" . Here, A denotes the amodal perception instance (inclusive
of both mask and appearance), 2 specifies instances in the scene, and Sk indicates

which layers are the instances in (selected out in step si). When two segmented
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(a) Input  (b) Inmodal (c) PCNet (d) AmodalMask(e) Ours-Syn (f) Ours-Real  (g) GT

FIGURE 6.5: Amodal instance segmentation results on the COCOA validation
set. Our model trained on synthetic dataset (Ours-syn) achieves visually reasonable
results in the similar real indoor scenes (example in top row), but it fails in some dissimilar
real scenes (example in bottom row). After training on the real data with “pseudo ground-
truths”, the model (Ours-Real) performs much better. Note that, unlike the PCNet [219]
that need visible inmodal ground-truth masks as input, our system decomposes a scene
using only an RGB image.

. S . . . . .
amodal masks Ajl and A, overlap, we infer their occlusion relationship based on

the order of the object-removing process, formally:

0 ifO(A5,AT)=0
Wwi,wj = 1 if O(Ai}l,AfJJJ) >0 and s; < S (63)
—1 if O(A%,AZ) > 0and s; > s;

where O(AZi, AJ)) is the area of overlap between instances w; and w;. If they do
not overlap, they share no pairwise depth-order relationship in a scene. If there
is an overlap and the instance w; is first selected out with a smaller layer order,
the inferred pairwise order is Weiw; = 1; otherwise it is labeled as W, .. = -1.
Hence the instance occlusion order only depends on the order (selected out step)

of removal between the two instances, and do not suffer from shift errors.

6.4.4 Training on Real Data with Pseudo Ground-truth

Real-world data appropriate for a completed scene decomposition task is difficult
to acquire, because ground truth shapes and RGB appearance for occluded parts
are hard to collect without very extensive manual interventions, e.g. deliberate
physical placement and removal of objects. Although our proposed model trained
on the high-quality rendered data achieves visually reasonable results in some real
scenes that share similarities to the rendered dataset (e.g. indoor scene in top row

of Figure 6.5), it does not generalize well to dissimilar real scenes (e.g. outdoor
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(a) Input (b) Masked Imge (c) Completed Iage

FIGURE 6.6: Pseudo RGB ground-truth. (a) Input. (b) Masked image by selecting
out the fully visible objects. (c¢) Pseudo ground-truth generated from our model trained
on synthetic data.

scene in bottom row of Figure 6.5). These are caused by: 1) differences in labeled
categories between synthetic and real datasets, especially between indoor and out-
door scenes; and 2) inconsistencies between synthetically trained image completion
of masked regions and fully visible real pixels.

One alternative is to simply use an image completion network trained only on
real images. From our experience, this performs poorly in a scene decomposition
task. The reason is that while real-trained image completion methods are able
to create perceptually-pleasing regions and textures for a single completion, they
do not appear to have the ability to adhere to consistent object geometry and
boundaries when de-occluding, which is crucial for object shape completion. As a
result, errors accumulate even more dramatically as the decomposition progresses.

Our key motivating insight is this: instead of training the model entirely with-
out ground-truth in the completion task, we train it in a semi-supervised learning
manner, exploiting the scene structure and object shape knowledge that has been
gained in our synthetically-trained CSDNet. As shown in Figure 6.6, this synthetic
completion model is able to generate visually adequate appearance, but more im-
portantly it is better able to retain appropriate geometry and shapes. We can use
this to guide the main image completion process in real-word data, while allowing
a GAN-based loss to increase the realism of the output.

Specifically, for a real image I, we first train the layered decomposition network

using the manual annotated amodal labels. In a step, after segmenting and selecting
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Completion
Network

Pseudo
reconstruction loss
— —

Completion
Network

Model trained on Real data ) Model trained on synthetic data

FIGURE 6.7: Training pipeline for real images. We introduce a semi-supervised
learning method for real data by providing pseudo RGB ground-truth for originally in-
visible regions.

out the foreground objects, we obtain iﬁ;’;} = (I,(ﬁ’“);esyn) to serve as “pseudo
ground-truth” (green box in Figure 6.7) through the completion model trained

on synthetic data. We then train the completion network G (Igﬁ’“); Orea1) using the
(sk)

rony b0 “pseudo ground-

loss function of equation (6.2) by comparing the output I
truth” iﬁ;’;) . Like [166], we also reduce the weights of reconstruction loss L, and
perceptual loss L., to encourage the output to be biased towards the real image
distribution via the discriminator loss L.q. It is worth noticing that the completed
image is passed back to the layered decomposition network in the next layer, where
the decomposition 10ss Lgecomp in equation (6.1) will be backpropagated to the
completion network. This connection allows the completion network to learn to

complete real-world objects that might not be learned through the synthetic data.

6.5 Results and Applications

6.5.1 Setup

Datasets We evaluated our system on three datasets: COCOA [237], KINS [151]
and the rendered CSD. COCOA is annotated from COC0O2014 [119], a large scale
natural image datasets, in which 5,000 images are selected to manually label with
pairwise occlusion orders and amodal masks. KINS is derived from the outdoor
traffic dataset KITTI [57], in which 14,991 images were labeled with absolute layer

orders and amodal masks. CSD is our rendered synthetic dataset, which contains
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() Input (b) Segmentation

8
®@ (c) Pairwise Order

FIGURE 6.8: Layer-by-Layer Completed Scene Decomposition results on rendered
CSD testing set. (a) Input RGB images. (b) Final amodal instance segmentation. (c)
Inferred directed graph for pairwise order. (d) Columns labeled S1-5 show the decom-
posed instances (top) and completed scene (bottom) based on the predicted non-occluded
masks. Note that the originally invisible parts are filled in with realistic appearance.

8,298 images, 95,030 instances for training and 1,012 images, 11,648 instances for
testing. We conducted thorough experiments and ablation studies to assess the
quality of the completed results for invisible appearance estimation (since the in-

the-wild datasets lack ground-truth for the occluded parts).

Metrics For amodal instance segmentation, we report the standard COCO met-
rics [119], including AP (average over IoU thresholds), APy, AP75, and APg, APy,
and AP, (AP at different scales). Unless otherwise stated, the AP is for mask IoU.
For appearance completion, we used RMSE, SSIM and PSNR to evaluate the qual-
ity of generated images. All images were normalized to the range [0, 1].

Since the occlusion order is related to the quality of instance segmentation,
we defined a novel metric for evaluating the occlusion order that uses the previous
benchmark criterion for instance segmentation. Specifically, given a pairwise occlu-
sion order G = (€2, W) predicted by the model, we only evaluate the order for these
valid instances that have IoU with ground-truth masks over a given threshold. For
instance, if we set the threshold as 0.5, the predicted instance w will be evaluated

when we can identify a matched ground-truth mask with IoU > 0.5. Hence we
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SegNet box AP mask AP AP50 AP75 APS APM APL
Mask-RCNN [72] | Mask-RCNN 51.3 46.8 67.2 50.6 14.5 43.0 49.9
MLC [151] Mask-RCNN 52.3 47.2 67.5 50.9 14.7 43.8 50.2
PCNet [219] Mask-RCNN - 43.6 59.1 43.4 11.5 40.4 46.0
HTC [20] HTC 52.9 47.3 65.9 51.6 12.2 41.3 51.0
MLC [151] HTC 53.6 47.9 66.1 52.3 13.1 41.9 51.7
PCNet [219] HTC - 45.7 60.6 49.2 10.2 39.3 48.4
CSDNet Mask-RCNN 52.6 48.7 66.2 53.1 15.7 42.8 52.2
CSDNet HTC 56.3 50.3 67.7 53.4 17.4 44.2 53.1
CSDNet-gt Mask-RCNN 54.9 53.1 66.5 56.9 21.4* 49.9 57.0
CSDNet-gt HTC 60.3* 56.0* 67.9*  59.3* 19.6 53.4*  59.5*

TABLE 6.2: Amodal Instance Segmentation on CSD testing sets. Mask-
RCNN [72] and HTC [20] are the state-of-the-arts of the COCO segmentation chal-
lenges. MLC [151] is the latest amodal instance segmentation work for outdoor scene.
PCNet [219] is the self-supervised amodal completion work. The CSDNet-gt holds same
training environment as CSDNet, but is tested with completed ground-truths images
I°< in each step. Best results used ground-truth annotations are marked with *, while
best results only used RGB images are in bold.

can measure the occlusion average precision (OAP) as assessed with different
thresholds.

6.5.2 Results on Synthetic CSD Dataset

We first present results that we obtained from our framework when experimenting

on our synthetic CSD dataset.

6.5.2.1 Main Results

Completed scene decomposition We show the qualitative results of CSDNet
in Figure 6.8. Given a single RGB image, the system has learned to decompose it
into semantically complete instances (e.g. counter, table, window) and the back-
ground (wall, floor and ceiling), while completing RGB appearance for invisible
regions. Columns labeled S1-5 show the completed results layer-by-layer. In each
layer, fully visible instances are segmented out, and after scene completion some
previously occluded regions become fully visible in the next layer, e.g. the table
in the second example. The final amodal instance segmentation results shown in
Figure 6.8(b) consist of the fully visible amodal masks in each layer. Note that
unlike MONet [16], our model does not need predefined slots. The process will

stop when it is unable to detect any more objects.

Amodal instance segmentation We compare CSDNet to the state-of-the-art

methods in amodal instance segmentation in Table 6.2. As the existing works
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P dallnp‘g: e [g;ifirtlﬁi OAP OAPs5, OAP75 OAPgs|OAPg OAP,; OAP;
SeGAN [44] [+ Vgt |Vgt + Fpre |IoU Area | 68.4 - - - - - -
SeGAN [44] I+ Vpred| Vgt + Fpre |ToU Area | 66.1 50.2 656 704 | 10.6 650 63.8
HTC + MLC [151] |1 Vgt + Fpre |IoU Area | 765 703 771 798 | 11.6  69.8  78.2
HTC + MLC [151] |I Fp're + layer|layer order!| 51.9 44.3 50.8 54.6 11.7 60.8 46.2
HTC + PCNet [219]|T + \A/pred Vgt + Fp,«e IoU Area 70.8 56.9 71.3 76.0 11.3 67.1 68.6
CSDNet I Fpre Area 44.7  45.3 45.7 45.1 17.4 34.5 41.5
CSDNet I Fpre Y-axis 62.0 60.1 61.2 62.7 63.4 58.6 66.1
CSDNet I Vgt + la‘pre TIoU Area 80.7 77.2 81.0 82.9 61.1 73.7 80.5
CSDNet I Fp're + layer |layer order |81.7 76.6 80.9 84.6 15.7 75.9 82.6
CSDNet-gt Is* Fpre + layer|layer order [88.9* 85.2* 88.5* 90.1* | 49.6 84.3" 89.9*

TABLE 6.3: Instance depth ordering on CSD testing sets. We report the pairwise
depth ordering on occluded instance pairs OAP ... I** = ground-truth completed image
in each step s*, Vg = visible ground-truth mask, VpTed = visible predicated mask, and
Fpre = full (amodal) predicated mask. layer order! only predicts the occlusion / non-
occlusion labels in the original image (the first step in our model).

Mask-RCNN [72] and HTC [20] are aimed at inmodal perception for visible parts,
we retrained their models for amodal perception task, by providing amodal ground-
truths. We also retrained MLC [151] on our rendered dataset, which are the latest
work for amodal perception. For PCNet [219], we used the predicted visible mask
as input, rather than the original visible ground-truth annotations. While the
HTC [20] improves on Mask-RCNN’s [72] bounding box AP by about 1.6 points
by refining the bounding box offsets in three cascade steps, the improvement for
amodal mask segmentation is quite minor at 0.5 points. We believe this is an inher-
ent limitation of methods that attempt amodal segmentation of occluded objects
directly without first reasoning about occluding objects and masking their image
features, as such the front objects’ features will distract the network. In con-
trast, our CSDNet is able to improve the amodal mask segmentation accuracy by
a relative 6.3% with the same backbone segmentation network (HTC), by jointing
segmentation and completion with layer-by-layer decomposition.

To further demonstrate that better completed images improve amodal segmen-
tation, we consider a scenario with a completion oracle, by using ground-truth
appearances to repair the occluded parts in each step. This is denoted as the CS-
DNet-gt, for which amodal instance segmentation accuracy increases from 47.3%
to 56.0% (relative 18.4% improvement). We also note that, while the CSDNet-gt
using Mask-RCNN achieves lower bounding box score than our HTC CSDNet
(“54.9” ws “56.3”), the mask accuracy is much higher (“53.1” vs “50.3”). This

suggests that amodal segmentation benefits from better completed images.
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C1-F,, C2
RMSE SSIM PSNR RMSE SSIM PSNR
SeGAN [44] [ 0.1246 0.8140 2142 [, . [02390 0.6045 16.03
PCNet [219] | 0.1129 0.8267 23.16 910.2483 0.5931 15.54
DNT [3§] 0.1548 0.7642 20.32 0.2519 05721 15.10
PICNet [227] | 0.0927 0.8355 28.81 | C2b | 0.1401 0.7730 24.71
CSDNet  [0.0614 0.9179 35.24 0.0914 0.8768 30.45

TABLE 6.4: Object Completion. F; = full ground-truth mask, V4 = visible ground-
truth mask. For methods provided with Fg;, we only evaluate the completion networks.

Instance depth ordering Following [237], we report the pairwise instance depth
ordering for correctly detected instances in Table 6.3. The original SeGAN and
PCNet used ground-truth visible masks Vg as input. For a fair comparison, we
first retrained them on our synthetic data using the same segmentation network
(HTC [20]) for all models. After predicting amodal masks, we assessed various
instance depth ordering algorithms: two baselines proposed in AmodalMask [237]
of ordering by area' and by y-axis (amodal masks closest to image bottom in front),
ordering by incremental area defined as the loU area between visible and amodal
masks?, and our ordering by absolute layer order (Section 6.4.3).

As can be seen in Table 6.3, all instantiations of our model outperformed base-
lines as well as previous models. Unlike SeGAN [44] and PCNet [219], our final
model explicitly predicts the occlusion labels of instances, which improved the
OAP substantially. While MLC [151] predicts the instance occlusion order in a
network, it only contains one layer for binary occlusion / non-occlusion labeling.
In contrast, our method provides a fully structural decomposition of a scene in mul-
tiple steps. Additionally, we observed that our model achieves better performance
with a higher IoU threshold for selecting the segmented mask (closer match to the
ground-truth masks). We further observed that the occlusion relationships of small
objects are difficult to infer in our method. However, the Y-azis ordering method
had similar performance under various metrics as it only depends on the locations
of objects. Note that our depth ordering does not rely on any ground-truth that
is used in [44, 219].

"'We used the heuristic in PCNet [219] — larger masks are ordered in front for KINS, and
behind for COCOA and CSD.
2See details in [219], where the visible ground-truth masks Vg are used for ordering.
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(c) (d) SeGAN-Fyy (e) SeGAN-Vy  (f) (g) PCNet-V

FIGURE 6.9: Results for Visiting the Invisible. We show the input image, our amodal
instance segmentation results, and the objects and background we try to visit. The red
rectangles highlight the previously invisible regions of occluded objects.

Object completion. We finally evaluated the quality of generated appearances.
We compared our results to those from SeGAN [44], Dhamo et al. [38] (abbrev.
as DNT), PCNet [219] and our previous PICNet [227] (original point-attention) in
Table 6.4. We evaluated different conditions of: C1) when the ground-truth full
mask F, is provided to all methods, C2a) when the ground-truth visible mask Vg,
is the input to SeGAN and PCNet, and C2b) when an RGB image is the only input
to other methods. C2a-V, is considered because SeGAN and PCNet assumes that
a predefined mask is provided as input.

In C1-F 4, CSDNet substantially outperformed the other methods. In C2, even
when given only RGB images without ground-truth masks, our method worked
better than SeGAN and PCNet with V. One important reason for the strong
performance of CSDNet is the occlusion reasoning component, which constraints
the completed shapes of partly occluded objects based on the global scene context
and other objects during testing.

Qualitative results are visualized in Figure 6.9. We noted that SeGAN worked
well only when ground-truth amodal masks I, were available to accurately label
which parts were invisible that needed filling in, while DNT generated blurry results
from simultaneously predicting RGB appearance and depth maps in one network,
which is not an ideal approach [216]. The PCNet [219] can not correctly repair the
object shape as it trained without ground-truth object shape and appearance. Our
CSDNet performed much better on background completion, as it only masked fully
visible objects in each step instead of all objects at a go, so that earlier completed

information propagates to later steps.
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frain] AP APso AP7s| APs APy APp train | RMSE  SSIM_ PSNR
* * * * * *
gt/ - 536608 65296 539533 119668 5331.46 5398.52 o 000l 0ol 0 For
W/0 - . . . . . .
M-RCNN[72] | s 152 7781 22.34
PICNet-point | sep | 40.8 63.0 435 | 12.6 37.2 43.7 HTFéCzo [72] | sep 81292 g;g; ” is
PICNet-patch| sep | 43.8 60.7 46.6 | 11.0 36.3 45.5 (20] i S o i i
PICNet-point | end | 47.7 63.2 50.6 | 149 417 513  M-RCNN[72] | end | 0.1345 0.7824  27.31
PICNet-patch| end |50.3 67.7 53.4|17.4 44.2 53.1  HTC [20] end | 0.0914 0.8768 30.45

(a) Effect of different completion methods on in- (b) Effect of different decomposition meth-
stance segmentation (HTC-based decomposition). ods on scene completion (Patch-Attention
“sep” = separate training of the 2 networks, “w/0” = with- PICNet). Better scene decomposition improved
out any completion, and “end” = joint training. scene completion.

TABLE 6.5: Ablations for joint optimization. In each table, we fixed one model for one
subtask and trained different models for the other subtask. Better performance in one
task can improve the performance in the other, which demonstrates the joint training of
two tasks with layer-by-layer decomposition contributes to each other.

6.5.2.2 Ablation Studies

To demonstrate the two tasks can contribute to a better scene understanding sys-

tem, instead of solving them isolated, we ran a number of ablations.

Does better completion help decomposition? We show quantitative results
for a fixed decomposition network (layered HTC [20] with two completion methods
in Table 6.5(a). Without any completion (“w/0”), segmented results were natu-
rally bad (“36.8” vs “50.3”) as it had to handle empty regions. More interestingly,
even if advanced methods were used to generate visual completion, the isolated
training of the decomposition and completion networks led to degraded perfor-
mance. This suggests that even when generated imagery looks good visually, there
is still a domain or semantic gap to the original visible pixels, and thus flaws and
artifacts will affect the next segmentation step. Our original PICNet with patch
attention provides better completed results than the original point attention PIC-
Net [227], resulting in a large improvement (“50.3” vs “47.7”) of amodal instance

segmentation.

Does better decomposition help completion? To answer this, we report
the results of using different scene segmentation networks with a same completion
network (Patch-attention PICNet [227]) in Table 6.5(b). We also first consid-
ered the ideal situation that ground-truth segmentation masks were provided in
each decomposition step. As shown in Table 6.5(b), the completion quality sig-
nificantly improved (RMSE: “0.0614”, SSIM: “0.9179” and PSNR: “35.24”) as oc-
cluded parts were correctly pointed out and the completion network precisely knows

which parts need to be completed. HTC [20] provided better instance masks than
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FiGure 6.10: Layer-by-layer completed scene decomposition on natural im-
ages. (a) Inputs. (b) Final amodal instance segmentation. (c) Inferred directed graph
for pairwise occlusion order. (d) Columns labeled S1-3 show the decomposed instances
with completed appearance in each step.

Inputs SegNet ((‘J%OH?AOPA) ((7}5 IE\IIXSP)

Amodel [237] I Sharp [149] 7.7 -

Mask-RCNN [72] | 1 Mask-RCNN [72] 31.8 29.3
ORCNN [50] I Mask-RCNN [72] 33.2 29.0
MLC [151] I Mask-RCNN [72] 34.0 31.1
MLC [151] I HTC [20] 34.4 31.6
PCNet [219] I+Vpreq | Mask-RCNN [72] 30.3 28.6
PCNet [219] 4-Vprea | HTC [20] 32.6 30.1
CSDNet I Mask-RCNN [72] 34.1 31.5
CSDNet I HTC [20] 34.8 32.2

TABLE 6.6: Amodal Instance Segmentation on COCOA and KINS sets. The
gray color shows results reported in existing works and the others are our reported results
by using the released codes and our CSDNet.

Mask-RCNN [72], which resulted in more accurately completed scene imagery. The

best results were with end-to-end jointly training.

6.5.3 Results on Real Datasets

We now assess our model on real images. Since the ground-truth appearances are
unavailable, we only provide the visual scene manipulation results in Section 6.5.4,

instead of quantitative results for invisible completion.

Completed scene decomposition In Figure 6.10, we visualize the layer-by-
layer completed scene decomposition results on real images. Our CSDNet is able
to decompose a scene into completed instances with correct ordering. The originally
occluded invisible parts of “suitcase”, for instance, is completed with full shape and
realistic appearance. Note that, our system is a fully scene understanding method
that only takes an image as input, without requiring the other manual annotations
as [44, 219].
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Ours PCNet GT Inmodal

GT Amodal

FIGURE 6.11: Amodal instance segmentation results on natural images. Our
CSDNet learns to predict the intact mask for the occluded objects (e.g. animals and
human). Note that, unlike PCNet [219], our model does not depend on the visible mask
(first row) as input. Hence it can handle some objects without ground-truth annotation,
such as two ‘humans’ in the third column and the ‘smartphone’ in the fourth column.

Amodal instance segmentation Next, we compare with state-of-the-art meth-
ods on amodal instance segmentation. Among these, AmodalMask [237] and OR-
CNN [50] were trained for the COCOA dataset, MLC [151] works for the KINS
dataset, and PCNet [219] is focused on amodal completion (mask completion)
rather than amodal instance segmentation (requiring precise visible masks). For a
fair comparison, when these methods do not provide results on a given dataset, we
trained their models using publicly released code. For COCOA, we only report the
results for “thing” category (e.g. car, person, chair), because the “stuff” category
(e.g. glass, cloud, water) does not have specific shapes.

Table 6.6 shows that our results (34.8 mAP and 32.2 mAP) are 0.4 points
and 0.6 points higher than the recent MLL.C using the same segmentation structure
(HTC) in COCOA and KINS, respectively. PCNet [219] considers amodal percep-
tion in two steps and assumes that visible masks are available. We note that their
mAP scores were very high when the visible ground-truth masks were provided.
This is because all initial masks were matched to the annotations (without de-
tection and segmentation errors for instances, as shown in Figure 6.11). However,
when we used a segmentation network to obtain visible masks \A/pred for PCNet, the
amodal instance segmentation results became lower than other methods, suggesting

that it is much harder to segment a visible mask and then complete it.
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Ordering Ordering COCOA KINS

Inputs Algorithm (OAP) (OAP)
OrderNet [237] I+F gt Network 88.3 94.1
PCNet [219] Vgt +Fpre IoU Area 84.6 86.0
MLC [151] Vgt + Fpre ToU Area 80.3 82.3
CSDNet Vgt + Fpre IoU Area 84.7 86.4
MLC [151] Vpred + Fpre | IoU Area 74.2 80.2
MLC [151] Fpre + layer layer order! 66.5 71.8
PCNet [219] Vpred + Fpre | IoU Area 72.4 79.8
CSDNet Vpred + Fpre | IoU Area 75.4 81.6
CSDNet Fprc + layer layer order 80.9 82.2

TABLE 6.7: Instance depth ordering on COCOA and KINS sets. The blue rows
show the results that uses ground-truth annotations as inputs.

In Figure 6.11, we compare our CSDNet and PCNet [219]. PCNet only com-
pletes the given visible annotated objects which had visible masks. In contrast,
our CSDNet produces more contiguous amodal instance segmentation maps even
for some unlabeled objects, for instance, the two “humans” in the third column.
Furthermore, our model can directly create a deep hierarchical representation of a

scene, producing a layer order for each instance.

Instance depth ordering. Finally, we report the instance depth ordering results
in Table 6.7. In order to compare with existing work, we considered two settings:
ground-truths provided (blue rows in Table 6.7), and only RGB images given. The
OrderNet obtained the best results as the ground-truth full masks F,, were given.
We note that PCNet and our model achieved comparable performance when the
visible ground-truth masks were used. Note that, we only used V, for depth
ordering, while PCNet utilized the visible mask as input for both mask prediction
and depth ordering. Furthermore, when no ground-truth annotation was provided
as input, our model performed better than MLCand PCNet.

6.5.4 Applications

We illustrate some image editing / re-composition applications of this novel task,
after the system has learned to decompose a scene into isolated completed objects
together with their spatial occlusion relationships. In Figure 6.12, we visualize
some recomposed scenes on various datasets, including our CSD, real COCOA
[237], KITTI [57] and NYU-v2 [138].

In these cases, we directly modified the positions and occlusion ordering of

individual objects. For instance, in the first bedroom example, we deleted the
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Delete
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FIGURE 6.12: Free editing based on the results of our system on images from
various datasets. Note that our method is able to automatically detect, segment and
complete the objects in the scene, without the need for manual interactive masking, with
interactive operations limited to only “delete” and “drag-and-drop”. The blue arrows
show object removal, while red arrows show object moving operations. We can observe
that the originally invisible regions are fully visible after editing.

“window”, and moved the “bed” and the “counter”, which resulted in also modify-
ing their occlusion order. Note that all original invisible regions were filled in with
reasonable appearance. We also tested our model on real NYU-v2 [138] images
which do not belong to any of the training sets used. As shown in the last column
of Figure 6.12, our model was able to detect and segment the object and complete
the scene. The “picture”, for instance, is deleted and filled in with background

appearance.

6.6 Limirations and Discussion

Building on previous inmodal and amodal instance perception work, we explored
a higher-level structure scene understanding task that aims to decompose a scene
into semantic instances, with completed RGB appearance and spatial occlusion
relationships. We presented a layer-by-layer CSDNet, an iterative method to ad-
dress this novel task. The main motivation behind our method is that fully visible
objects, at each step, can be relatively easily detected and selected out without
concern about occlusion. To do this, we simplified this complex task to two sub-
tasks: instance segmentation and scene completion. We analyzed CSDNet and
compared it with recent works on various datasets. Experimental results show

that our model can handle an arbitrary number of objects and is able to generate
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the appearance of occluded parts. Our model outperformed current state-of-the-
art methods that address this problem in one pass. The thorough ablation studies
on synthetic data demonstrate that the two subtasks can contribute to each other
through the layer-by-layer processing.

Although we have achieved good results for visiting the invisible, there are
some limitations to the proposed method. First, if there are too many objects in
a complex scene, the progressively introduced artifacts in image completion will
have an increasing impact on subsequent steps. Second, limited by GPU memory,
the completion network currently operates at a lower resolution than the scene
decomposition network. Besides, we freely remove and move objects in a natural
scene, but it is still an operation in a 2D image. It will be much more interesting

to do the free editing in 3D space, just like the real-world object interaction [203].






Chapter 7
Conclusion and Future Directions

In previous chapters, a few novel learning-based methods have been presented
for visual synthesis and generation, including changing visual appearance for 121
translation (Chapters 2 and 3), generating semantic content for image completion
(Chapters 4 and 5), and simultaneously modeling shapes and appearance for scene
decomposition and completion (Chapter 6). In each chapter, a new model is in-
troduced to advance the state-of-the-art in the corresponding task and I hope to
bring some new perspectives for each task. The extensive experiments have demon-
strated that the proposed approaches can generate reasonable content as well as
visually realistic appearance results compared to previous methods.

For changing visual appearance in Part I, we found that the learned model
mainly focused on modifying local patch textures, regardless of the global seman-
tic information. In particular, when we aimed to generate multiple and diverse
results in an I2I translation task, repeated noises tend to be added at different
image or feature positions, such as in BicycleGAN [235] and MUNIT [84]. This
resulted in unwanted texture modification, e.g. the zebra-stripe in background in
horse— zebra. To generate semantic content in Part II, we needed to correctly
model long-range dependencies, instead of focusing on local texture information.
Therefore, the general network architecture involved downsampling the image to
lower resolutions to extract global information, e.g. 5 times downsampling (Chap-
ter 4) compared to 2 times in I2I translation (Chapters 2 and 3). The patch
discriminator [237] is also replaced by the global discriminator (Chapters 4 and
5) that can model long-range relationships. Furthermore, transformer-based ar-
chitectures (Chapter 5, [190]) have rapidly improved the image completion results

for both single and multiple solutions, which further demonstrated that directly
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modeling the long-range visible information is quite important for semantic content
generation.

As for simultaneously modeling shapes and appearance in Part III, it remains
quite a challenging problem, which requires global perception of a scene to be able
to decompose all instances as well as infer their underlying occlusion relationships,
with local texture modeling needed to generate visually realistic appearance for
occluded regions. Furthermore, although we rendered a high-quality synthetic
dataset with RGB ground truth for all instances and background in this thesis, the
dataset still has a gap to real images. Building a publicly available dataset for this
higher-level scene understanding task is still some distance away.

Next, I discuss several possible future research directions, building on our cur-

rent visual synthesis and generation algorithms.

Visual Word Representation in Generator As mentioned above, while vi-
sually plausible results have been achieved in image translation and completion,
there are a number of failure cases in all methods. A possible factor is the distri-
bution of the training features and the testing features being different. Recently,
vector quantization (VQ) has been re-used in the computer vision community and
contributed to excellent performance in image generation [141, 147, 157]. Due to
the quantization and online learned dictionary, training features and testing fea-
tures will belong more closely to the same domain, which is naturally suitable for
image generation, resulting in lower risk of mode “collapse”. Furthermore, the
quantized visual words can be processed with frameworks used in NLP, in which

the transformer [48] has shown excellent performance.

Image Editing with Interactive Inputs FExisting learning-based image editing
approaches have achieved rapid improvement over a short period of time, but most
of the results are not manual editable. While the latest EdgeConnect approach
[139] provides edge input during the completion, it is difficult to train networks to
recognize arbitrary edges, due to the gap between manual input edges and ground
truth edges. However, is it enough to only provide edges? On the other hand,
some recent works [145, 153] have succeeded in text-guided image generation and
manipulation, where the content and style in the generative image is controllable
using language. These breakthroughs may enable high-level controllable image
editing applications. In particular, it may be possible to learn the joint distribution

of visual words and language words in the future.
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3D View Synthesis While working on 2D scene synthesis and generation, I
realized that in addition to content generation in a 2D plane, the GAN-based
method is a potentially powerful method to create different views from a single
image or limited numbers of images. In particular, we can rebuild the 3D shapes
and try to hallucinate unobserved parts based on prior knowledge and limited
visible information, similar to the 2D image completion in Part II. However, the
existing methods [30, 59, 62, 191] that learns to rebuild the 3D scene in 3D format,
such as point cloud [117], voxel [59] and mesh [191], we would like to represent the
3D structure as a 3D feature in latent space, where a corresponding generator can
be applied as a render simulator to generate visually realistic images from arbitrary

views.






Appendix A

Proofs for Chapter 4

A.1 Mathematical Derivation and Analysis

A.1.1 Difficulties with Using the Classical CVAE for Image

Completion

Here we elaborate on the difficulties encountered when using the classical CVAE
formulation for pluralistic image completion, expanding on the shorter description
in Section 4.3.1.1.

A.1.1.1 Background: Derivation of the Conditional Variational Auto-
Encoder (CVAE)

The broad CVAE framework of Sohn et al. [176] is a straightforward conditioning of
the classical VAE. Using the notation in Chapter 4, a latent variable z. is assumed
to stochastically generate the hidden partial image I.. When conditioned on the

visible partial image I,,, we get the conditional probability:

p(LIL,) = / Po (2| L) po (Lo, T ) (A1)

The variance of the Monte Carlo estimate can be reduced by importance sampling:

p¢(zc|1m)
p Ic Im :/q Z Icv:[m — = + P Ic anIm dzc
1) = [ et LRy w1,

p¢(zc|1m) A
= Ez ~an (z — Ic 2] Im 2
c q¢,( clle,Iim) lqw<zc‘1caI )pO( ’Z ) ( )
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Taking logs and apply Jensen’s inequality leads to

qw<zc|Ica Im)

p¢(zc|1m)
V= Ezwqw(zcllc,lm) log po(Le|ze, I)] — KL (qy (Zc|Le, I )| [P (2e[Tm))
(A.3)

1Og p(Ic|Im> 2 EZCqu(Zcuc,I"L) 10gpe (IC|ZC7 Im) - log

The variational lower bound V totaled over all training data is jointly maximized
w.r.t. the network parameters 6, ¢ and v in attempting to maximize the total log

likelihood of the observed training instances.

A.1.1.2 Single Instance Per Conditioning Label

As is typically the case for image completion, there is only one training instance of I,
for each unique I,,,. This means that for the function ¢, (z.|L, I,,), I. can be learned
into the network as a hard-coded dependency of the input L, so g, (z.|1., L) =
4y(zc|1,). Assuming that the network for ps(z.|1,,) has similar or higher modeling
power and there are no other explicit constraints imposed on it, then in training
Po(2c|Ln) = Gy(2¢|1,), and the KL divergence in (A.3) goes to zero.

In this situation of zero KL divergence, we can rewrite the variational lower

bound and replace ¢y (z.|L,,) with py(z.|1,,,) without loss of generality, as

V= EZCNP¢(ZC|Im) log po(1c|Ze, Lm)] (A4)

A.1.1.3 Unconstrained Learning of the Conditional Prior
We can analyze how V can be maximized, by using Jensen’s inequality again (re-
versing earlier use)

V < lOg ]Ezcwp¢(zc\lm) [p@(Ic’Zm Im)]

:log/p¢(zc|Im)p9(IC|zc,Im)dzc (A.5)

By further applying Hélder’s inequality (i.e. ||fgll, < [/fll,[lgll, for % +% =1), we

get

/ po(Llze, 1) | dz

1
] (by setting p =1, ¢ = 00)

Y < log U [t

- log |:1 : maxp9(16|zc, Im>:| = max lOgPQ(Ic‘Zm Im) (AG)
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Assuming that there is a unique global maximum for logpy(2z.|L,), the bound
achieves equality when the conditional prior becomes a Dirac delta function cen-

tered at the maximum latent likelihood point
Po(2c|Lm) = 0(2z. — z.) where z; = arg maxlog py(L.|z., I,,,) (A.7)

Intuitively, subject to the vagaries of stochastic gradient descent, the network for
P (2c|1,,,) without further constraints will learn a narrow delta-like function that
sifts out maximum latent likelihood value of log py(1.|z., L,,).

As mentioned in Section 4.3.1.1, although this narrow conditional prior may
be helpful in estimating a single solution for I. given I,, during testing, this is
poor for sampling a diversity of solutions. In our framework, the (unconditional)
latent priors are imposed for the partial images themselves, which prevent this

delta function degeneracy.

A.1.1.4 CVAE with Fixed Prior

An alternative CVAE variant [189] assumes that conditional prior is independent
of the I,, and fixed, so p(z.|I,,) = p(z.), where p(z.) is a fixed distribution (e.g.

standard normal). This means

pLIL) = [ DLz Lo)p(a)dz, (A3)

Now we can consider the case for a fixed I,,, = I’ , and rewrite (A.8) as

prs, () = / prs, (L2 plze) dz. (A.9)

Doing so makes it obvious we can then derive the standard (unconditional) VAE
formulation from here. Thus, an appropriate interpretation of this CVAE variant
is that it uses I,,, as a “switch” parameter to choose between different VAE models
that are trained for the specific conditions.

Once again, this is fine if there are multiple training instances per conditional
label. However, in the image completion problem, there is only one I. per unique
1., so the condition-specific VAE model will simply ignore the sampling “noise”
and learn to predict the single instance of I. from I, directly, i.e. p(1.|z., 1) ~
p(I.|L,,), which incidentally achieves equality for the variational lower bound. This

results in negligible variation of output despite now sampling from p(z.) = N (0, 1).
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Our framework resolves this in part by defining all (unconditional) partial im-
ages of I.. as sharing a common latent space with adaptive priors, with the likelihood
parameters learned as an unconditional VAE, and further coupling on the condi-
tional portion (i.e. the generative path) to get a more distinct but regularized

estimate for p(z.|L,).

A.1.2 Joint Maximization of Unconditional and Conditional
Variational Lower Bounds

The overall training loss function (4.7) used in our framework has a direct link to

jointly maximizing the unconditional and unconditional variational lower bounds,

respectively expressed by (4.2) and (4.5). Using simplified notation, we rewrite

these bounds respectively as:

By = E,, log py — KL(gy|[p-.)
By = X (E,, log py — KL(gy||p-.)) + E,, log p§ (A.10)

To clarify, By is the lower bound related to the unconditional log likelihood of
observing I., while B, relates to the log likelihood of observing I. conditioned on
I,.. The expression of By reflects a blend of conditional likelihood formulations
with and without the use of importance sampling, which are matched to different
likelihood models, as explained in Section 4.3.1.1. Note that the (1 — \) coefficient
from (4.5) is left out here for simplicity, but there is no loss of generality since we
can ignore a constant factor of the true lower bound if we are simply maximizing

it. We can then define a combined objective function as our maximization goal

B =3B+ B,
= (B + NEy, log pp + E,, log pj — [BKL(qy||p=.) + AKL(gy||ps)] (A.11)

with g > 0.
To understand the relation between B in (A.11) and £ in (4.7), we consider the
equivalence of:

—B=L=axn(Liy, + L) + (Ll + L2

app app

)+ aaa(Lhg + L£Yy) (A.12)



Appendix A. Proofs for Chapter 4 141

Comparing terms

kL = KL(qyllp=.), Liy = KL(gyllps) = 8= A= axwL (A.13)

For the reconstructive path that involves sampling from the (posterior) impor-
tance function gy (z.|I.) of (4.3), we can substitute (8 + A) = 2aky, and get the

reconstructive log likelihood formulation as

r AU aapp r aad r
_ Eqw lngg = %‘capp -+ % ad <A14)

T

npp Teconstructing both I. and I, as in (4.10), while

Here, 1. is available, with £
L, involves GAN-based pairwise feature matching (4.12).
For the generative path that involves sampling from the conditional prior ps(z.|1,,,),

we have the generative log likelihood formulation as
— By, log pj = ctapp LY, + aalig (A.15)

As explained in Sections 4.3.1.1 and 4.3.1.2, the generative path does not have
direct access to I., and this is reflected in the likelihood pj in which the instances
of I are ignored. Thus £, is only for reconstructing I, in a deterministic auto-
encoder fashion as per (4.11), while £7; in (4.13) only tries to enforce that the
generated distribution be consistent with the training set distribution (hence with-

out per-instance knowledge), as implemented in the form of a GAN.
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B.1 Additional Quantitative Results

We further report quantitative results using traditional pixel-level and patch-level

image quality evaluation metrics.

CelebA-HQ FFHQ

Method

floss | SSIM? PSNRt filoss | SSIM?T PSNR{

CA [214] 0.0310 0.8201 23.5667 0.0337 0.8099 22.7745

PICNet [227] 0.0209 0.8668 24.6860 0.0241 0.8547 24.3430

MEDFE [81] 0.0208 0.8691 24.4733 - -
A Traditional Conv ~ 0.0199  0.8693  24.5800  0.0241  0.8559 24.2271
B+ Attention in G 0.0196 0.8717 24.6512 0.0236 0.8607 24.4384
C  + Restrictive Conv 0.0191 0.8738 24.8067 0.0220 0.8681 24.9280
D  + Transformer 0.0189 0.8749 24.9467 0.0197 0.8751 25.1002
E  + Masked Attention  0.0183 0.8802 25.2510 0.0188 0.8765 25.1204
F  + Refine Network 0.0180 0.8821  25.4220 0.0184 0.8778  25.2061

TABLE B.1: Quantitative results for traditional pixel-level and patch-level metrics on
center masked images.

Table B.1 provides a comparison of our results to state-of-the-art CNN-based
models, as well as various alternative configurations for our design, on the center
masked face testing set. This is an extension of Table 5.2 in the main text. All
images were normalized to the range [0,1] for quantitative evaluation. While there
is no necessity to strongly encourage the completed images to be the same as the
original ground-truth images, our TFill model nonetheless achieved better perfor-
mance on these metrics too, including ¢; loss, structure similarity index (SSIM)
and peak signal-to-noise ratio (PSNR), suggesting that our TFill model is more

capable of generating closer content to the original unmasked images.
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Size GL [86] CA [214] PICNet [227]  HiFill [208] TFill
[0.01,0.1] | 0.0233 0.0241 0.0097 0.0195 0.0093
(0.1,0.2] 0.0346 0.0338 0.0164 0.0282 0.0153

@ (0.2, 0.3] 0.0500 0.0471 0.0249 0.0390 0.0231
= | (03,04 0.0659 0.0612 0.0348 0.0513 0.0322
(0.4, 0.5] 0.0808 0.0753 0.0456 0.0657 0.0422
(0.5, 0.6] 0.0945 0.0925 0.0641 0.0885 0.0591
[0.01,0.1] | 09150 0.9079 0.9634 0.9245 0.9695
(0.1, 0.2] 0.8526 0.8447 0.9137 0.8603 0.9253
5 (0.2, 0.3] 0.7672 0.7652 0.8520 0.7838 0.8686
7z (0.3,0.4] 0.6823 0.6906 0.7850 0.7057 0.8063
(0.4, 0.5] 0.5987 0.6133 0.7119 0.6193 0.7391
(0.5, 0.6] 0.5185 0.5322 0.6077 0.5137 0.6428
[0.01,0.1] | 28.4151 26.8452 32.2579 28.3955 33.0585
(0.1,0.2] | 24.4074  23.1766 27.3320 24.5495 28.0670
& (0.2,0.3] | 21.3296 20.4427 24.4423 22.0604 25.0951
E} (0.3,0.4] | 19.1118 18.6337 22.3238 20.1451 22.8942
(0.4,0.5] | 17.5594 17.2978 20.7146 18.4715 21.2200
(0.5,0.6] | 16.4831 16.0824 18.7234 16.4998 19.1040

TABLE B.2: Quantitative comparisons on Places2 [232] with free-form masks [123].
"Lower is better. *Higher is better. Without bells and whistles, TFill outperformed all
traditional CNN-based models.

Table B.2 provides a comparison of our results to state-of-the-art methods on
the Places2 [232] testing set with free-form masks [123]. This is an extension of
Table 5.1 in the main text. As we can see in Figure 5.12, while our TFill model
does not generate the same content as the original unmasked images, it filled the
masked holes with semantically appropriate content of consistent realistic appear-
ance. There were no obvious artifacts when the completed pixels were recomposed
with the original visible pixels, resulting in quite a significant improvement in image

quality.

B.2 Experiment Details

Here we first present the novel layers and loss functions used to train our model,

followed by the training details.

B.2.1 Multihead Masked Self-Attention

Our transformer encoder is built on the standard qkv self-attention (SA) [188]

with a learned position embedding in each layer. Given an input sequence z €

RN*XC e first calculate the pairwise similarity A between each two elements as
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follows:

[qa k7 V] = quvz (Bl)
A = softmax(gk' /\/C}) (B.2)

where Wi, € RE*3C is the learned parameter to refine the features z for the

RN*N i5 the dot similarity of N tokens,

query q, the key k and the value v. A €
which is scaled by the square root of feature dimension Cj,. Then, we compute a

weighted sum over all values v via:
SA(z) = Av (B.3)

where the value z in the sequence is connected through their learned similarity A,
rather than purely depending on a fixed learned weight w.

The multihead self-attention (MSA) is an extension of SA, in which H heads
are run in parallel to get multiple attention scores and the corresponding projected

results. Then we get the following function:
MSA(z) = [SA1(z); SAy(2); . .. ; SAL(2)] (B.4)

To encourage the model to bias to the important visible values, we further
modify the MSA with a masked self-attention layer, in which a masked weight is
applied to scale the attention score A. Given a feature x and the corresponding
mask m (1 denotes visible pixel and 0 is masked pixel). The original partial

convolution operation is operated as:

W, (x m,)=—+— +b, ifY (m,) >0
o = p(% O p)z(mp) if > (m,) (B.5)

0, otherwise

o 1, if) (m,) >0 (B.6)

0, otherwise

where W, contain the convolution filter weights, b is the corresponding bias, while
x, and m,, are the feature values and mask values in the current convolution window
(e.g. 2 x 2 in our restrictive CNN), respectively. Here, we replace the m’ as a float

value:

m = >_(m,) (B.7)
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where S is the size of each convolution filter, 2 x 2 used in our restrictive CNN.
To do this, each token only extracts the visible information. What’s more, the
final m for each token denotes the percentage of valid values in each token under a
small RF. Then, for each sequence z € RV*¢ we obtain a corresponding masked
weight m € RV*! by flattening the updated mask. Finally, we update the original
attention score by multiplying with the repeated masked weight m € RV*1:

A,=A(Hm, (B.8)

where m, € RV*¥ is the extension of masked weight m € R¥*! in the final

dimension.
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C.1 Experimental Details

Training We trained our model on the synthetic data into three phases: 1) the
layered scene decomposition network (Figure 6.3(b)) is trained with 10ss Laecomp
for 24 epochs, where at each layer, re-composited layered ground-truths are used
as input. 2) Separately, the completion network (Figure 6.3(c)) is trained with loss
L comp for 50 epochs, wherein the ground-truth layer orders and segmented masks
are used to designate the invisible regions for completion. 3) Both decomposition
and completion networks were trained jointly for 12 epochs, without relying on
ground-truths as input at any layer (Figure 6.3(a)). Doing so allows the scene
decomposition network to learn to cope with flaws (e.g. texture artifacts) in the
scene completion network, and vice versa. For each scene, the iteration ends when
no more objects are detected, or a maximum 10 iterations is reached.

The training on real data only involved phases 1 and 3, as no ground-truth ap-
pearances are available for the invisible parts. The layered decomposition network
is trained only for one layer (original image) in phase 1 due to no re-composed
ground-truth images. Since phase 3 does not rely on ground-truths as input, we
trained it layer-by-layer on real images by providing the “pseudo ground truth”
appearances to calculate the reconstruction loss. To reduce the effect of progres-
sively introduced artifacts in image completion, we used bounding boxes detected

in the first layer as proposals for remaining decomposition steps.
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FiGure C.1: An illustration of obtaining the ground-truth binary occlusion
labels from pairwise order graph G = (Q2,1V) in each step si. If the indegree of
a vertex is 0, it will be labeled as 0, a fully visible instance. Otherwise, the instance will
be labeled as 1, being occluded. When some objects are detected and selected out in the
previous step, the object indexes and the corresponding occlusions will be eliminated.

bl 1

Ficure C.2: Realistic rendered images in the CSD dataset with various environ-
ment and lighting.

Inference During testing, fully visible instances were selected out and assigned
an absolute layer order corresponding to the step index s;. In each layer, the
decomposition network selects the highest scoring 100 detected boxes for mask
segmentation and non-occlusion predication. As we observed that higher object
classification scores provided more accurately segmented boundaries, we only se-
lected non-occluded objects with high object classification scores and non-occlusion
scores (thresholds of 0.5 for synthetic images and 0.3 for real images) among these
100 candidates. We further observed that in some cases, we detected multiple ob-
jects with high object classification confidences, yet none were classified as fully
visible due to low non-occlusion scores, especially in complex scenes with steps
larger than 5. We will then choose the instance with the highest non-occlusion
score so that at least one object is selected at each layer. When no objects are

detected, the iteration stops.
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Instance depth ordering update Asillustrated in Figure C.1, we calculate the
indegree deg~ (w) (counts of —1) of each instance in the matrix. If deg™(w) = 0,
meaning no objects are in front of it, its binary occlusion label will be 0. Otherwise,
the object is occluded, labeled as 1. At each step, the fully visible objects will
be eliminated from the directed graph G, and the ground-truth binary occlusion
labels will be updated in each step. So if the table (instance #2) was selected
in the previous step, the vertex index €2 will be updated after the corresponding

object wsy is deleted from the occlusion matrix.

C.2 Rendering Dataset

C.2.1 Data Rendering

Our completed scene decomposition (CSD) dataset was created using Maya
3], based on the SUNCG CAD models [177]. The original SUNCG dataset contains
45,622 different houses with realistically modeled rooms. As realistically rendering
needs a lot of time (average 1 hour for each house), we only selected 2,456 houses in
current work. The set of camera views was based on the original OpenGL-rendering
method in SUNCG, but further filtered such that a camera view was only be picked
when at least 5 objects appeared in that view. We then realistically rendered RGB
images for the selected views. Eight examples are shown in Figure C.2 for various
room types and lighting environments. Notice that our rendered images are much
more realistic than the OpenGL rendered versions from the original SUNCG and
likewise in [38].

To wisit the invisible, the supervised method needs ground truth for the original
occluded regions of each object. One possible way is to remove the fully visible
objects in one layer and re-render the updated scene for the next layer, repeating
this for all layers. However, during the training, the fully visible objects are not
always correctly detected by the models. Thus, for more robust learning, we need
to consider all different combinations of objects and the background. Given N
objects, we would need to render 2V images for each view. As we can see from
the data statistics presented in Figure C.4, an average of 11 objects are visible in
each view. Due to slow rendering, we do not have the capacity to render all such
scenes (average 2! = 2048 images per view). Instead, we separately rendered each

isolated object with the full RGB appearance, as well as the empty room.
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Pairwise Order

Ficure C.3: Illustration of Data Annotation. For each rendered image, we have a
corresponding semantic map, a depth map, and dense annotation, including class cate-
gory, bounding box, instance mask, absolute layer order and pairwise order. In addition,

for each object, we have a full RGBA image and depth map.

During training, the image of a scene is created by using a combination of
the rendered images of these individual objects and the background to create a
composed image, based on the remaining objects left after applying the scene
decomposition network at each step. Since the room environment is empty for
each individual objects during the rendering, the re-composited scenes have lower
realism than the original scenes, due to missing shadows and lack of indirect illu-
mination from other objects. In this project, we do not consider the challenges of

working with shadows and indirect illumination, leaving those for future research.

C.2.2 Data Annotation

In Figure C.3, we show one example of a rendered image with rich annotations,

consisting of a semantic map, a depth map, visible annotations and full (amodal)
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Ficure C.4: Data Statistics. Left: the object category distribution. Middle: the
occlusion level distribution. Right: distribution of number of objects per image. On
average there are 11 objects in each room.

annotations. For the semantic maps, we transferred the SUNCG class categories
to NYUD-V2 40 categories so that this rendered dataset can be tested on real-
world images. The depth map is stored in 16-bit format, with the largest indoor
depth value at 20m. The class category and layer order (both absolute layer order
and pairwise occlusion order) are included for visible annotations and full anno-
tations. The visible annotations also contain the visible bounding-box offset and
visible binary mask for each instance. Additionally, we also have the full (amodal)

bounding-box offset and completed mask for each individual object.

Pairwise Occlusion Order The pairwise order for each object is a vector stor-
ing the occlusion relationship between itself and all other objects. We use three
numbers {—1,0, 1} to encode the occlusion relationship between two objects — -1:
occluded, 0 : no relationship, 1: front (i.e. occluding). As can be seen in Fig-
ure C.3, the computer (object number: #460) does not overlap the shelves (object
number: #461), so the pairwise order is “0”, indicating these two objects have
no occlusion relationship. The computer is however on top of the desk (object
number: #465), hence the pairwise order for Wyep 65 is “1”, and conversely the
pairwise order for Wigs 460 is “-17, representing that the desk is occluded by the

computer.

C.2.3 Data Statistics

In total, there are 11,434 views encompassing 129,336 labeled object instances in

our rendered dataset. On average, there are 11 individual objects per view. Among
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these, 63.58% objects are partially occluded by other objects and the average oc-

clusion ratio (average IoU between two objects) is 26.27%.

Object Category Statistics Figure C.4(a) shows the overall object category
distribution in our CSD dataset. Overall, the distribution is highly similar to the
object distribution of NYUD-V2 dataset [138], containing a diverse set of common
furniture and objects in indoor rooms. “Other props” and “Other furniture” are
atypical objects that do not belong in a common category. In particular, ” Other
props” are small objects that can be easily removed, while ”Other furniture” are
large objects with more permanent locations. Additionally, we merge floors, ceil-
ings, and walls as “BG” in this work. If the user wants to obtain the separated

semantic maps for these structures, these are also available.

Occlusion Statistics The occlusion level is defined as the fraction of overlap-
ping regions between two objects (Intersection over Union, or IOU). We divide
the occlusion into 20 levels from highly visible (denoted as [0.00-0.05] fraction of
occlusion) to highly invisible (denoted as (0.95-1.00] fraction of occlusion), with
0.05 increment in the fraction of occlusion for each level. Figure C.4(b) shows the
occlusion level in our dataset. In general, the distribution of occlusion levels is sim-
ilar to the distribution in [237], where a vast number of the instances are slightly

occluded, while only a small number of instances are heavily occluded.

Object Count Distribution Figure C.4(c) shows the distribution of the num-
ber of objects present per view. On average, there are more than 11 objects in
each view. This supports the learning of rich scene contextual information for a

completed scene decomposition task, instead of processing each object in isolation.

C.2.4 Data Encoding

After we get the views and corresponding dense annotations, we encode the data
annotation to COCO format!. The annotations are stored using JSON, and the
CSD API will be made available for visualizing and utilizing the rendered dataset.
The JSON file contains a series of fields, including “categories”, “images” and

“annotations”.

thttp://cocodataset.org
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