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ABSTRACT

IMAGE INPAINTING WITH DIFFUSION MODELS
AND GENERATIVE ADVERSARIAL NETWORKS

Ahmet Burak Yildirim
M.S. in Computer Engineering
Advisor: Aysegiil Diindar Boral
May 2024

We present two novel approaches to image inpainting, a task that involves erasing
unwanted pixels from images and filling them in a semantically consistent and realistic
way. The first approach uses natural language input to determine which object to
remove from an image. We construct a dataset named GQA-Inpaint for this task and
train a diffusion-based inpainting model on it, which can remove objects from images
based on text prompts. The second approach tackles the challenging task of inverting
erased images into StyleGAN’s latent space for realistic inpainting and editing. For
this task, we propose learning an encoder and a mixing network to combine encoded
features of erased images with StyleGAN’s mapped features from random samples. To
achieve diverse inpainting results for the same erased image, we combine the encoded
features and randomly sampled style vectors via the mixing network. We compare our
methods with different evaluation metrics that measure the quality of the models and
show significant quantitative and qualitative improvements.

Keywords: Image inpainting, diffusion models, generative adversarial networks,
instruction-based inpainting, image editing.
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OZET

DIFUZYON MODELLERI VE CEKISMELI URETICI
AGLAR ILE GORUNTU TAMAMLAMA

Ahmet Burak Yildirim
Bilgisayar Miihendisligi, Yiiksek Lisans
Tez Danigmani: Aysegiil Diindar Boral
Mayis 2024

Gorlintli tamamlama, goriintiilerden istenmeyen pikselleri silmeyi ve bunlar1 anlam-
sal olarak tutarli ve gercekci bir sekilde doldurmay1 iceren bir gorevdir. Bu goreve
yonelik iki yeni yaklasim sunuyoruz. Ilk yaklasim, bir goriintiiden hangi nesnenin
cikarilacagini belirlemek i¢in dogal dil girdisi kullaniyor. Bu gorev icin GQA-Inpaint
adli bir veri seti olusturuyor ve bu veri seti lizerinde metin komutuna dayali olarak
goriintiilerden nesneleri ¢ikarabilen bir difiizyon tabanli goriintii tamamlama modeli
egitiyoruz. Ikinci yaklasim, gercekgi goriintii tamamlama ve diizenleme amaciyla
silinmig goriintiileri StyleGAN’1n gizli uzayina geri dondiirmek gibi zorlu bir gorevi
basartyor. Bu gorev icin, kodlanmis olan silinmis goriintii ozelliklerini rastgele
orneklerden elde edilen StyleGAN’1n stil vektorleri ile birlestirmek amaciyla bir kod-
layict ve bir karistirma ag1 6grenmeyi Oneriyoruz. Ayni silinmig resim igin cesitli
goriintli tamamlama sonuglar1 elde etmek adina, kodlanmig Ozellikleri ve rastgele
orneklenen stil vektorlerini karigtirma ag1 araciligiyla birlestiriyoruz. Yontemlerimizi
modellerin kalitesini Olcen farkli degerlendirme metrikleriyle karsilastiriyoruz ve
onemli niceliksel ve niteliksel iyilestirmeler gosteriyoruz.

Anahtar sozciikler: Goriintii tamamlama, difiizyon modelleri, ¢cekismeli iiretici aglar,
talimata dayali goriintii tamamlama, goriintii diizenleme.
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Chapter 1

Introduction

Image inpainting refers to the task of removing unwanted objects and/or filling in miss-
ing regions within an image [1, 2, 3]. We propose two novel models named Inst-Inpaint
and DivInversion that focus on different goals of the image inpainting task. Inst-Inpaint
is a diffusion-based object removal model that is conditioned with a text prompt instead
of a traditional object mask. It finds the object referred to by the text prompt and re-
moves it from the scene. In contrast, Divinversion is a GAN-based method that inpaints
an image via GAN inversion. With this approach, the inpainted areas can be edited by
manipulating the style vector found in StyleGAN’s organized latent space. Further-
more, our model can inpaint the erased parts of the image diversely. In the following

sections, we detail the objectives and contributions of these proposed models.

1.1 Inst-Inpaint

Image inpainting task is considered highly challenging as the inpainted regions in the
resulting images should be in harmony with the rest of the images. Inpainting ap-
proaches should take into account the global image context while filling in the missing
pixels. Traditionally, existing studies use binary masks to highlight the missing re-

gions. As in many image enhancement tasks, the recent image inpainting approaches



utilize deep-learning-based frameworks equipped with generative priors and formulate
the inpainting task as a supervised learning problem [4, 5, 6]. That is, training data
includes pairs of input and erased images acting as source and target data, respectively,
and models are generally trained using a reconstruction-based objective. Although we
have seen continuous improvements in the performance of inpainting approaches over
the past years, these methods still require user-specified masks provided at inference
time. These masks can be provided in terms of thin or thick brush strokes or squares,

but drawing these masks is often tedious and prone to errors.

Recently, text-based image generation and editing have gained a lot of atten-
tion [7, 8]. Especially when trained on large-scale image-text data, models like
DALL-E2 [9], Stable Diffusion [10], Imagen [11] and Parti [12] show exceptional
generative capabilities while effectively capturing the compositional structure of im-
ages. Moreover, using text enables a more natural and user-friendly control over the
images. The researchers further showcased the versatility of these methodologies by
showcasing their applicability to image inpainting. This was achieved through addi-
tional conditioning of the models on binary masks, thereby instructing them on what
to fill within the masked regions. However, it’s worth noting that while this approach
excels in manipulating object attributes or introducing new elements into a scene, its
efficacy in object removal may be limited. For a concrete example, refer to the Blended
Latent Diffusion model [13].

In this work, we introduce a dataset and framework for a task that we refer to as
instructional image inpainting, in which the unwanted objects are specified only via

textual instructions, without any need for binary masks (see Fig. 1.1).



remove the red car at the left of the tall ladder remove the woman remove the boat at the right of the small boat

Figure 1.1: Instructional Image Inpainting. We propose a new image inpainting
method, Inst-Inpaint, which takes an image and a textual instruction as input and is
able to automatically remove objects mentioned in the text, without any need for a
user-supplied binary mask to locate the region of interest, as in traditional inpainting
approaches. We show sample results of our method trained and tested on a new real im-
age inpainting benchmark dataset, GQA-Inpaint, which we created for the proposed

instructional image inpainting task.

To tackle this problem, by building upon the GQA dataset [14], we first use a data
generation pipeline to create a new benchmark dataset, which we call GQA-Inpaint.
Second, we design a single-stage deep inpainting network, Inst-Inpaint, that can re-
move objects from images using instructions given as text prompts. Compared to ex-
isting inpainting methods, our model does not require masks, and neither do we predict

masks explicitly. In summary, our contributions are as follows:

* We propose an end-to-end image inpainting framework, Inst-Inpaint, that can per-
form the removal of an object in a given image based solely on textual instructions.
Some example outputs of our method are shown in Fig. 1.1.

* We generate a real image dataset, GQA-Inpaint, to train and evaluate models for the
proposed instructional image inpainting task. Here, we use the GQA dataset [14]
originally proposed for visual reasoning, and exploit the provided scene graphs to
generate paired training data by utilizing state-of-the-art instance segmentation and

inpainting methods.



* We conduct extensive experiments to show the effectiveness of our framework. To
compare the results, we evaluate various baselines using several metrics, which in-
clude a novel CLIP [15]-based inpainting score. We achieve significant improve-

ments over the state-of-the-art text-based image inpainting methods.

1.2 Divinversion

Generative Adversarial Networks (GANs) achieve impressive results on unconditional
[16, 17, 18, 19] and conditional image generation [20, 21, 5], inpainting [4, 22, 23],
and image editing tasks [24, 25, 26]. Traditionally, each of these tasks has been ex-
plored with a dedicated network and training pipeline. However, recently it has been
shown that high-quality image editing can be achieved with well-trained GAN mod-
els and especially by StyleGAN networks [16, 18] that are trained to generate images
without a condition [27, 28]. This approach achieves numerous edits via semantically
rich feature representations of well-trained GANs [29, 30, 31, 25]. In this work, we
are interested in taking this direction one step further and learning an encoder for a
pretrained GAN that can achieve high-quality image inversion, diverse inpainting, and

editing under one framework.

To benefit from GAN’s image editing capabilities, extensive research is conducted
on image inversion algorithms to find the corresponding latent codes that will generate
a particular real image [32, 33, 34, 27]. It is observed that there exists a trade-off be-
tween image reconstruction fidelity and image editing quality [27]. Studies show that
low-rate latent spaces (z, W, or W for StyleGANs) are limited in their expressiveness
power, and not every image can be inverted with high-fidelity reconstruction to GAN’s
natural low-rate latent space [27]. When images are not projected to GAN’s natural
latent space, even when an image is reconstructed with high fidelity, it will not be ed-
itable. Methods are proposed to skip spatially higher resolution features (higher-rate
latent codes) from an encoder to a GAN generator for better reconstruction and editing
properties [28, 35]. In this work, we are interested in a more challenging scenario;
learning an image encoder that can project an erased image to a well-trained GAN’s
natural latent space. This framework provides new capabilities for image editing, as

shown in Fig. 1.2.
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Figure 1.2: Our framework achieves diverse inpainting and editing with GAN inver-
sion. Compared to other works that are proposed to invert and edit images with Style-
GAN (HyperStyle [35], HFGI [28], StyleRes [36]), our framework has advantages, as

in the presented example.

Recently, GAN inversion-based image inpainting methods have been proposed
[6, 37]. These methods optimize an image encoder and learn skip connections to the
pretrained StyleGAN model. Even though promising results are achieved, these meth-
ods model image inpainting in a deterministic way. They are trained to reconstruct the
original image from the erased ones without any stochasticity. They are not regular-
ized to project the image into GAN’s natural latent space and do not enjoy the editing

capabilities of them.

In this work, we propose a framework that achieves high-quality image inversion,
diverse inpainting, and editing simultaneously. We design an encoder architecture that

takes an erased input image and encodes latent codes for the visible parts. We also



design a mixing network that combines randomly sampled latent codes with encoded
ones. This setup allows the model to output diverse results. However, we find that the
framework learns to ignore the randomly sampled latent codes and has the tendency to
output deterministic results. To achieve diversity, we propose to train the framework
with a novel design. Our design includes generating images with W' and erasing a
part of it. During training, sometimes the same W™ that generated the input image is
fed to the mixing network for the whole input reconstruction, and sometimes a newly
sampled W is used to reconstruct only the visible part. This way, the network is
regularized to use both inputs; erased image and sampled W . Secondly, to achieve
high fidelity inversion of unerased pixels and to prevent the color discrepancy between
the unerased and erased parts, we learn higher dimension latent codes. In summary,

our main contributions are as follows:

* We propose a novel framework for image inpainting with GAN inversion. Our
framework includes an encoder to embed images and a mixing network to combine
them with randomly sampled latent codes to achieve diversity. The mixing network

has a gating mechanism that improves the results.

* To achieve diversity, we propose a novel set-up to train the networks. We use GAN-
generated images and train the network with full image reconstruction and valid pixel
image reconstruction depending on if we feed the same latent code to the mixing

network that is used to generate the input image or not.

* We conduct extensive experiments to show the effectiveness of our framework and
achieve significant improvements over state-of-the-art models for image inpainting.
Additionally, we show our framework can achieve diverse inpainting and editing

under one framework, as shown in Fig. 1.2.



Chapter 2

Related Work

2.1 Image Inpainting

The common set-up for the image inpainting task includes a binary mask that defines
the erased pixels [4, 5]. The original image pixels are removed and new ones are
generated based on those masks. This domain was previously dominated by Generative
Adversarial Networks (GANSs) (2, 3, 4, 22, 5, 38]. GAN-based models mostly output
deterministic results as these models are trained with reconstruction losses as well for
stability [4, 5, 6]. There are also recent methods that achieve diversity with GANs
[23, 39]. However, they are trained on single object datasets such as Faces. They are

not extended to inpaint diverse scenes because GANs are notoriously difficult to train.

Recently, diffusion-based models also entered this domain with promising results
[40, 7]. It is shown that a pretrained unconditional diffusion model can inpaint images
by Repaint model [40]. Repaint modifies the denoising process to condition generation
on the unerased image content. There are other diffusion-based inpainting works but
they are designed to add objects to a scene instead of removing objects such as GLIDE
[41] and SmartBrush [42].



2.2 Diverse Image Inpainting

Inpainting missing pixels, especially large-scale holes, receives a significant amount
of attention from both the research community and industry. This task requires fill-
ing in missing pixels in a semantically meaningful and multi-modular way. However,
most of the proposed methods are deterministic and struggle with large-scale holes
[2, 3,4, 22, 5]. Recently, CoModGAN [23] is proposed with an architecture and train-
ing pipeline similar to StyleGAN but with skip connections from the encoder to the
generator to pass the valid pixels to the generator without a bottleneck. CoModGAN
achieves diverse results. Diffusion models have also shown great success in diverse
image inpainting [40, 7, 43]. Nevertheless, none of these methods can achieve diverse
inpainting and enable user-controlled editing of images with one network simultane-

ously, which is the goal of our proposed model, DivInversion.

2.3 Generative Adversarial Network

Generative Adversarial Network (GAN) [44] is a neural network architecture that
learns how to map randomly sampled data z from a pre-defined distribution P(Z)
(commonly selected as Gaussian distribution) to the real data distribution P(X). The
architecture of GAN is shown in Figure 2.1. It consists of two neural networks named
generator (G and discriminator D that train each other during the training phase. This

adversarial training process uses the objective L4y defined in Equation 2.1.
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Figure 2.1: The architecture of Generative Adversarial Network.
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These two networks are trained simultaneously during the training process. While
the discriminator network learns how to classify D(x) real and fake images by increas-
ing the objective function, the generator network learns how to generate fake data G(z)
closer to the real data distribution, to make them look realistic, by decreasing the ob-
jective function. In other words, the discriminator network acts like a learnable loss
function that trains the generator network. According to these objectives, the param-
eters of these networks are updated simultaneously during the training process. After
finalizing training, the generator network can be used to generate fake data by mapping

the randomly sampled data from the pre-defined distribution to realistic data.

2.4 StyleGAN

StyleGAN [16] modifies the vanilla GAN architecture to condition the generator net-
work on style vectors w for controlling the image generation process. It first maps
the Gaussian distribution into a style space IV, also called the latent space, learned by

the mapping network M. The mapped style vectors are used to modify the activations



of the generator network by using the Adaptive Instance Normalization (AdalN) ap-
proach. This method first normalizes the activations of the network channel-wise, then
scales and shifts them according to the style vector. The simplified representation of

the architecture is shown in Figure 2.2.

Learnable
Constant

Mapping Network

o |2 Mo —Y

2~ N(0,1)

Figure 2.2: Simplified representation of the StyleGAN architecture.

The authors of the paper empirically observed that the W space improved the dis-

entanglement of the features, which is visualized in Figure 2.3.

Non-linear

L. ~ Linear transition path
transition path

(a) Distribution of (b) Mapping from (c) Mapping from
features in training set Z to features W to features

I:l Men with beards . Men without beards . Women

@—@ Women <-->men transition in the style space (W)

Figure 2.3: Visualization of feature disentanglement in the style space. The figure is
adapted from [45]
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In the figure, the style space W is shown in a simplified way by using 2D represen-
tation. The yellow, blue, and pink areas represent the distribution of men with beards,
men without beards, and women, respectively. When we learn a mapping from a Gaus-
sian distribution P(Z) to the real distribution, the transition between features becomes
complex, i.e. non-linear. The mapping network disentangles these features by mapping
the Z space to the style space W via a deep neural network. This mapping makes the
transition between features simpler and close to linear. Therefore, manipulating im-
ages in the style space such as interpolation between two style vectors becomes easier

compared to Z space.

2.5 Finding Edit Directions in W Space

The disentangled style space IV found by the mapping network M/ makes image edit-
ing possible for us. It is observed that a smooth attribute transition occurs between two
randomly sampled fake images when their style vectors are interpolated in the style
space. This observation made researchers work on finding such edit directions that can
change a specific attribute of the images without a need for a reference image as in the
interpolation method. In Figure 2.4, an example of this edit direction and the resulting
images are shown. The line in the figure represents a possible edit direction for adding

beard and the circles correspond to the style vectors w of their corresponding images.

11
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Figure 2.4: Image attribute editing in the style space. The figure is adapted from [45]

InterFaceGAN [29] is one of these editing methods [31, 30, 46] that benefits from
the disentangled latent space of StyleGAN. This method finds edit directions by using
a pretrained image attribute classifier, such as a beard classifier. To find the direction
of the beard edit, the authors first sample 500, 000 different random vectors in the Z
space and pass them through the mapping network and the StyleGAN generator con-
secutively to find their corresponding style vectors and the fake images generated by
these vectors. Later, they classify these generated fake images via the pre-trained at-
tribute classifier. According to the attribute score found by the classifier, they eliminate
the ones having weak classification scores by keeping the images assigned to the top
10, 000 highest scores for both negative and positive attribute directions. For the beard
attribute example, positive and negative directions represent people with and without
beards, respectively. After elimination, they train a linear Support Vector Machine
(SVM) in the W space to find the edit direction for the selected attribute. Having the
edit direction, the attribute level of a generated image can be manipulated by moving
in that direction. The coefficient of the direction can be changed to control the edit
strength. For example, by adding the edit vector to the generated image in the positive
beard attribute direction, we can add a beard to the image, and the coefficient of this

vector controls the strength of the edit, i.e., the thickness of the beard.

12



2.6 Real Image Editing via StyleGAN Inversion

Recently, extensive research has been conducted on image editing tasks both via end-
to-end trained image translation networks [47, 48, 49, 50, 51, 26] and latent space
manipulation of pretrained GANs [32, 33, 34, 27, 28]. Pretrained GANSs, especially
StyleGAN-based methods [16, 18], are shown to organize their latent space in a seman-
tically meaningful way with disentangled representations. This feature enables them to

achieve various edits that are beyond what annotated datasets offer [46, 52, 31, 30, 25].

However, the challenge in using these pretrained GANSs for real image editing is that
one needs to invert images to the natural latent space of GANs and there is known to
be a trade-off between reconstruction fidelity of input images and their editability [34,
53, 27]. Different encoders and training schemes are proposed to tackle the inversion
problem with great improvements and the inversion problem is still an active research
area [28, 54, 35, 36].

Our proposed method, DivInversion, aims to solve a more challenging inversion
problem with input images that have missing pixels. This task is referred to as image
inpainting or image completion and to the best of our knowledge, our work is the first
to explore it with pretrained StyleGAN with the high reconstruction and editability
goal.

13
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Figure 2.5: StyleGAN inversion with pSp model. The figure is adapted from [53]

Among these inversion models, one of the initial attempts to train an encoder for
this task is the pSp [53] model, which is also included in the DivInverison architecture.
The authors design an encoder architecture, shown in Figure 2.5, that first extracts the
features of the image. As the image passes through deeper layers, the model extracts
high-level features, which include more abstract and semantic information about the
image. Since StyleGAN’s initial layers determine more abstract features of the gener-
ated image, the style vectors of the given image are found by considering the encoder
activations at the corresponding levels of abstraction. For this process, they use con-
volutional network components called map2style, also known as style blocks, for each
style vector. Additionally, to preserve the information in the next layers, they cumula-
tively sum the activations of the encoder in reverse order before passing them through
the style blocks. Using this encoder network allows us to find the corresponding style
vector of a real image and edit it in the W space before feeding it to the generator net-

work. However, as mentioned, pSp is one of the simplest inversion models and cannot
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reconstruct some details of the image, such as the background, due to the limitations
of StyleGAN’s generator manifold. Nevertheless, it succeeds in editing images using

the organized latent space of StyleGAN.

2.7 Denoising Diffusion Probabilistic Model

Denoising Diffusion Probabilistic Model (DDPM) [55] learns how to denoise ran-
domly sampled data from a Gaussian distribution iteratively, resulting in realistic fake
images. For this purpose, the authors utilize a modified version of the U-Net architec-
ture [56] to implement the diffusion model. The training process consists of two main
phases: forward and backward diffusion. Additionally, they define a scheduler used in

training, which has various hyperparameters, such as the number of timesteps 7' and

the variation in noise variance across these timesteps.
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Reconstruction Loss
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Figure 2.6: Forward and backward diffusion processes of Denoising Diffusion Proba-
bilistic Model.

The training process is visualized in Figure 2.6. In forward diffusion, noise is added
to the image incrementally up to a randomly selected timestep ¢, where the timestep

determines the strength of the added noise. As the timestep increases, the mean value
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of the pixels gets closer to 0 and the variance approaches 1, which corresponds to the
unit Gaussian distribution. In the forward diffusion process, there are no learnable
parameters used. After obtaining the noisy version of the image at timestep ¢, it is
passed through the diffusion model, and the reconstruction loss is backpropagated to
the network to learn how to predict the noisy image from one step before the timestep
at which the forward diffusion was applied. For inference, the process starts with a
randomly sampled noise and the model iteratively denoises it until reaching ¢ = 0,

resulting in the generated fake image.

2.8 Latent Diffusion Model

Instead of working in the pixel space as DDPM does, Latent Diffusion Model (LDM)
[7] applies the forward and backward diffusion processes in the latent space of a pre-
trained autoencoder. This approach increases the training and inference speeds signifi-
cantly. Moreover, the authors train multiple LDM models conditioned on various types
of conditioning data. Two different conditioning mechanisms are proposed in the pa-
per. The first one is concatenating the conditioning data with the input of the diffusion
model. The second one is to apply cross-attention in the layers of the diffusion model.

The architecture of LDM is shown in Figure 2.7

( \ Latent Space Conditioning
£ -I Diffusion Process ————> Eemantiq
Ma
Z Denoising U-Net €g 27 Text
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)
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denoising step crossattention  switch  skip connection concat

Figure 2.7: Architecture of Latent Diffusion Model. The figure is retrieved from [7].
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2.9 Diffusion-based Generative Models

Diffusion models empowered with large-scale text-image paired datasets achieve im-
pressive results on image synthesis [57, 11, 9, 58, 59]. The image synthesis capabil-
ities of diffusion models are extended to video generation [60, 61] and image editing
[62, 63, 58, 64, 65, 66] tasks.

Our proposed method, Inst-Inpaint, tackles the inpainting task given text-based in-
structions and is more related to the editing tasks. It utilizes the LDM architecture
conditioned on both a textual prompt and an input image for object removal. These
conditionings are applied using the cross-attention and concatenation methods, respec-

tively.

SDEdit is one of the first works that edits real images with diffusion models [62].
It applies noise to input images modified with brush strokes and denoises them. Con-
tent preservation is not strictly achieved given the noising-denoising steps. Prompt-to-
prompt editing [63] shows via operations applied on the attention mechanisms, gener-
ated images can be edited with text prompts. InstructPix2Pix [65] generates a dataset
with Prompt-to-prompt and fine-tunes a diffusion model to edit images with paired
data.
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Chapter 3

Inst-Inpaint: Instructing to Remove
Objects with Diffusion Models

3.1 Dataset Generation

Our goal is to compose a real-image dataset to train and evaluate models for
instruction-based image inpainting. There exist some datasets that can be adapted
for this task like the CoDraw [67] and the CLEVR [68] datasets. However, the images
in these datasets all depict synthetic scenes composed of either geometric objects or
clip arts. Although these relatively simple images can be regarded as great tools for
building models, the models trained on them are not directly applicable to real image

editing.

To alleviate this drawback of the existing datasets, in this work, we propose to build
a new image inpainting dataset that involves complex real images without using any
human annotation. We refer to this dataset as GQA-Inpaint as we opt for building it
on top of the GQA Dataset [14]. In particular, the GQA dataset consists of 85K real-
world images with their corresponding scene graphs. Scene graphs provide simplified
representations of images by representing them in terms of objects, attributes, and

relations. Each node in a scene graph denotes an object, with its position and size
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specified by a bounding box. Moreover, each object is associated with a number of
attributes encoding its color, shape, or material. The edges connecting the nodes and

thus objects generally represent the spatial relations between these objects.

Training Data Generation for GQA-Inpaint
——‘ v

(a) Selecting an object from the scene graph: (¢) Removing object from the image:

woman boat ‘woman
061257 986 )

image
inpainting

An image from GQA instance

dataset and its scene graph - . segmentation |- Vi
— |

(d) Generating textual prompt:
“remove the woman at the right of the boat”

Training Inst-Inpaint for Instructional Image Inpainting
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Figure 3.1: The proposed GQA-Inpaint dataset and our Inst-Inpaint method. Our
work involves initially generating a dataset for the proposed instructional image in-
painting task. To create input/output pairs, we utilize the images and their scene
graphs that exist in the GQA dataset [14]. (a) We first select an object of interest.
(b) We perform instance segmentation to locate the object in the image. (c) We apply
a state-of-the-art image inpainting method to erase the object. (d) Finally, we create
a template-based textual prompt to describe the removal operation. As a result, our
GQA-Inpaint dataset includes a total of 147165 unique images and 41407 different
instructions. Trained on this dataset, our Inst-Inpaint model is a text-based image
inpainting method based on a conditioned Latent Diffusion Model [7] which does not
require any user-specified binary mask and performs object removal in a single step

without predicting a mask, as in similar works.

Our data generation pipeline for the proposed dataset shown in Fig. 3.1 heavily

depends on the scene graph representation. Specifically, the objects for the inpainting
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task are selected from the nodes of the scene graphs. Although the bounding boxes
of the objects are already available in the GQA dataset, we observe that directly using
them as masks for performing inpainting leads to unsatisfactory results. Hence, to
obtain higher-quality target images, we extract segmentation masks of each object and
use them to remove objects from images. Additionally, we generate the textual prompts
used as the instructions from the provided scene graphs. In the following, we describe

these steps.

Selecting Objects from the Scene Graphs. In generating text prompts, we select
among the objects included in the scene graphs in the GQA [14] dataset mainly
based on the following two questions: “Is it reasonable to remove this object from
the scene?” and “Would the removal operation result in an unambiguous scene?”.
Following these questions, we can divide objects in the scene graphs into two broad
categories: (i) objects that can be removed and can be uniquely referred to in relation
to other objects such as man, boat, and kite, (ii) objects that can appear in referring ex-
pressions, but removing them does not make much sense e.g. wall, sky. We manually
annotate scene graphs with an attribute to define these categories with a “’bidirectional”

flag.

A
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‘ V—* /\ parked
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/V\
right of left of
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wall == green

Figure 3.2: A sample image from the GQA dataset [14] and the corresponding scene
graph.

From a scene graph point of view, it can be said that the objects in the first group
have bidirectional relationships, while those in the second group have unidirectional
relationships. For example, consider the image and its scene graph shown in Fig. 3.2.

While the wall may appear in the expression when referring to the man, e.g. ‘the man
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to the left of the wall’, it cannot be removed from the scene. On the other hand, man

and car can be removed from the scene because their bidirectional flag is set to True.

Some of the scene graphs contain nodes that correspond not to a single object but
to multiple objects from the same class, e.g. “apples”, “bikes”, “windows”, etc. We
manually detect them and opt for using these nodes not as target objects but as objects

that can appear in a referring expression, identifying the object of interest.

We also filter out certain instances of the objects based on their sizes and their part-

whole relations with other objects. Our criteria are as follows:

* Object Size. We do not consider the objects that have an area greater than half
of the whole image area as the objects to be removed. We notice that removing
those large objects that occupy too much space from an image results in improb-
able inpainting results. Additionally, we also discard the objects that are too
small, which correspond to the objects covering an area smaller than 0.0025% of
the whole image. We observe that inpainting such small objects results in scenes
that are very similar to the original scene. We decide these threshold values

empirically based on our visual inspections.

* Parts vs. Objects. We exclude the object classes that can be regarded as parts
of some other objects from the list of objects that can be removed. In particular,

these objects can be categorized into two as follows:

— Implicit parts of an object. For example, leg, arm, and eye for a human
body, wheel for a car, and tail for a cat belong to this category. Inpainting
these implicit parts from images results in non-realistic and visually poor

scenes.

— Items worn by an object. For example, jacket, pants, shirt, jeans, shoes
worn by people belong to this category. Like the implicit parts, inpaint-
ing these wearable items gives implausible results, while also raising some

ethical considerations.

Selecting Relations from the Scene Graphs. Instead of using all the relations that
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Figure 3.3: Distribution of the relation types exist in the proposed GQA-Inpaint dataset
(sorted by their number of occurrences).

exist in the scene graphs, we remove the rarely seen relations that have a frequency
rate lower than 0.0001. After this filtering operation, we end up with the relations
provided in Fig. 3.3. Additionally, some objects in the scene graph do not have any
defined relation with any other object. We follow a simple rule for generating relations
for this kind of objects by using their spatial location. Specifically, we split an image
into three equal sections along the x-axis, and name these sections as “left”, “center”,
and “right”, following the natural naming. We generate the relation descriptions in the
form of “at the [location]” with the [location] referring to one of the aforementioned

sections that largely covers the object of interest.

Extracting Segmentation Masks. We obtain segmentation masks of objects with
Detectron2 [69] and Detic [70] frameworks. To cover a wide range of object categories,

we segment objects with multiple instance segmentation models that are trained on
COCO [71] and LVIS dataset [72].

* Detectron2 [69]. We extract the segmentation masks using the models available
in Detectron2 Model Zoo, namely Mask R-CNN [73], Cascade R-CNN [74],
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and Panoptic FPN [75]. The class labels that these models trained on are, in
general, different from the class labels from the GQA dataset. To find the proper
class label of an object, we compare the Intersection over Union (IoU) scores of
the prediction bounding box with all of the bounding boxes of objects from the

scene graph, and label the object with the class label with the highest IoU score.

e Detic [70]. We use SwinB-21K [76] model trained on LVIS [72], COCO [71]
and ImageNet-21K[77] datasets to extract the segmentation masks. In addition
to an input image, the Detic framework also expects a set of possible class labels
to predict the segmentation masks. For that, we consider the list of object classes
available in the COCO dataset along with our own custom-made vocabularies
extracted by making use of the attributes of the objects along with the object
names (e.g., “red chair”), and the object names alone (e.g., “chair”). To retrieve
segmentation masks whose vocabulary differs from ours, we follow the same

methodology explained for Detectron2 reviewed above.

P >

=7 : a
Detic with COCO v

Figure 3.4: Comparison of mask extraction methods. The vocabulary of the COCO
dataset is different from the vocabulary of the GQA dataset. To extract the correct
segmentation masks, we make use of a combination of pretrained models available
in Detectron2’s Model Zoo and use the vocabulary generated based on the scenes to
predict the corresponding class labels using the Detic2 framework. Different setups

provide us with more options to pick the most accurate instance segmentation mask.

Fig. 3.4 shows the instance segmentation masks predicted by the aforementioned
methods and setups. By combining the results of different models, we obtain more
accurate segmentation masks for a notable number of object classes. Among these
predictions by the multiple methods and setups, we pick the instance segmentation
masks having higher IoU between ground-truth and detection bounding boxes as the

final object mask.
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Removing Objects From Images. Our goal in this step is to remove the objects
from the image. For that purpose, we use three of the state-of-the-art image inpainting
methods, CRFill [78], LaMa [79], and MAT [39] given their computational efficiency
and high-quality results. We generate three datasets based on those three inpainting
methods and conduct experiments on each one. Before performing inpainting, we first
apply CascadePSP [80] to refine the predicted masks and then use morphological dila-
tion with a structuring element of 11x 11 pixels to expand the segmentation masks at
the edges, to make the masks better capture the objects. These steps are demonstrated
in Fig. 3.5.

Figure 3.5: An illustration of the intermediate steps of the object removal operation
that we considered while constructing GQA-Inpaint. While the first column depicts the
original image, the second row shows the segmentation mask detected by a pretrained
instance segmentation model. The third column demonstrates the object mask used
for inpainting, which is first refined by the CascadePSP [80] and then expanded by
a dilation operation. The fourth column presents the final inpainting result obtained
by CR-Fill [78].

Generating Textual Prompts. The GQA dataset contains relational representations
between objects in scene graphs as shown in Fig. 3.1. If the selected object is a single
instance of its category, we do not use any relations and simply create the prompts as
“remove the [object]”. If multiple instances of the same object category are present
in the image, we construct the prompt based on the relations from the scene graph to
specify a specific instance. For the object to be removed, we use all of its relations if
they are available. Otherwise, we use the image relative position. Multiple relations are
combined into a single relation by concatenating all of them with “and”. For example,
relations “fo the left of the man”, and “on the table” combined into a single relation “to

the left of the man and on the table”. In addition to the relations, we also make use of
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the object attributes both for the object to be removed and for objects that participate in
the relations. Unlike relations, we do not combine all the available attributes. Instead,
we randomly choose an attribute as a data augmentation method. We provide the object

statistics in our dataset in Fig. 3.6.

- HHHHHHHHHHH
100}

Object Occurrences

Object Occurrences

Figure 3.6: Distribution of the object classes exist in the proposed GQA-Inpaint dataset
(a subset is given), sorted by their number of occurrences and categorized based on
their roles. Objects that can be removed and can be referred to in relation to other ob-
jects are shown in blue color, while the objects that can appear in referring expressions

are given in orange color. Please zoom in for text.

3.2 Method

To solve the proposed instructional image inpainting task, we develop a novel condi-
tional diffusion model named Inst-Inpaint which takes an image and a textual instruc-
tion as inputs. Training this model requires a paired dataset that includes source and

target images with the corresponding text prompts.

We build our model based on the latent diffusion model [7] due to its computational
efficiency. Specifically, the latent diffusion model includes an encoder £, and decoder
D to project images to a lower latent dimension and to reconstruct the images back,

respectively. It is a variational autoencoder and is trained separately as the first step.

The diffusion process [55] takes place on the latent codes, zp = FE(x), with z

denoting the input image. Noise is gradually added to z; at each time step ¢ such
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that after 7" number of steps, zr ~ N (0, ). Diffusion models learn denoising auto-
encoders which are trained to reverse the process and predict a denoised variant of their
input, z; where z; is a noisy version of z;. This objective that operated on the latent

codes is as follows:

Lipy = Ep@)eono0).el]|€ — oz, t)]]] (3.1

with ¢ sampled from 1,....,7" and €4(.,t) is a neural network that predicts the added
noise conditioning on the time-step ¢. Similar to previous works [7], we use a U-net

architecture.

As stated, our model for instructional image inpainting can be interpreted as a con-
ditional diffusion model. That is, we train our model with two additional conditioning;
source image and text prompt. During training, the target image goes through the en-
coder to obtain z; as shown in Fig. 3.1. The source image, s, is also encoded with the
same pre-trained encoder from the first stage. The encoded features, E/(s) are concate-
nated with z; at each time step. For the text conditioning, we use the cross-attention
mechanism [81]. The objective of the instruction-based object removal is given as
follows:

Lipy = EE(x),e~N(o,1),t[||€ - EG(ZtJ t, E(s), T(Z))H] (3.2)

Here, 7 refers to the text instruction and 7', the transformer. The encoder, F/, is fixed

during training whereas €y and 7" are optimized together.

Implementation and Training Details. We train two Inst-Inpaint models; one on
the GQA-Inpaint and one on the CLEVR datasets. The reason for us to train a model
on the CLEVR dataset is to compare the Inst-Inpaint model with GAN-based works.
Because we were not able to train the previous instruction-based image-erasing works
that are built on GANSs successfully on the real GQA-Inpaint dataset. Therefore, we
compare with them on the CLEVR dataset. More discussion on this comparison is
given in Sec. 3.3.1. In Table 3.1, we provide an overview of the hyperparameters.
While the GQA-Inpaint model uses a pretrained VQGAN model! as the first stage
encoder, we train an autoencoder with KL regularization for the CLEVR model. For
both stages of the training, center cropping followed by resizing is applied to both

datasets.

Thttps://github.com/CompVis/taming-transformers
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CLEVR GQA-Inpaint

First Stage Encoder

Regularization Type KL vQ
z-shape 16 x 16 x4 32x32x4
2] — 16384
Epochs 400 Pretrained
Self-attention Res. 16 32
Conditional LDM
Diffusion Steps 1000 1000
Noise Schedule linear linear
Channels 64 128
Depth 2 2
Channel Multiplier 1,2,4 1,2,3,4
Number of Heads 4 8
Batch Size 16 32
Epochs 1000 300
Learning Rate 2.e-6 2.e-6

Text Cond. Cross Attn

Resolution 32,64, 128 32,064,128

Transformer Depth 1 1
Text Cond. Embedding

Dimension 512 512

Transformer Depth 8 16

Table 3.1: Hyperparameters for the proposed Inst-Inpaint model trained on the CLEVR
and the GQA-Inpaint datasets.

Our model has two types of conditioning in the second stage, which are source im-
age and text. For source image conditioning, we concatenate the latent representation
of the source image with the noisy image at the current timestep. The latent represen-
tation is obtained by using the first stage encoder, which is frozen during the training
phase. Therefore, the U-Net architectures have doubled latent channel sizes for the in-
put data. For text conditioning, we apply cross-attention between the text embeddings

and the specific U-Net activation layers. For this purpose, as in the text-to-image model
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of LDM, we train a Transformer model [81] from scratch together with the U-Net by
feeding BERT [82] tokens as input to extract in-domain semantic representations from

the inpainting instructions.

Since we use LDM as the base architecture, which applies diffusion steps in the
latent space instead of the pixel space itself, in complex datasets such as GQA-Inpaint,
some scenes with complex patterns especially texts can be poorly reconstructed by
the autoencoder. To achieve perfect reconstruction of the background, we use the per-

sample weight optimization to the decoder of the autoencoder on the input image [13].

3.3 Experiments

3.3.1 Baselines

We compare Inst-Inpaint against diffusion and GAN-based models with single-stage
and two-stage pipelines. Two stages pipelines follow segment and inpainting paradigm
where we use Instruct X-Decoder [83] and CLIPSeg [84] for mask segmentation and
GAN-based MAT [39], CR-Fill [78], LaMa [79] and diffusion-based BlendedDiffusion
[13] and SDInpaint [7] for inpainting tasks. We experiment with the released applica-
tion of Instruct X-Decoder? which combines X-Decoder for image understanding and
GPT-3 for language understanding. It is important to state that all these components are
trained on large-scale datasets which are much larger than our generated GQA-Inpaint
dataset. InstPix2Pix [65] is similar to our method which is single-stage and trained
end-to-end for translating images based on instructions. It is trained on a paired image
dataset that is generated by the authors. The paired images based on the instructions
are generated with prompt-to-prompt method [63]. We use the 256 x 256 resolution in

our experiments for all methods.

We also try comparing our model with end-to-end trained GAN-based models such
TIM-GAN [85] and cMANIGAN [86] for text-based object removal. TIM-GAN learns

Zhttps://huggingface.co/spaces/xdecoder/Instruct-X-Decoder
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a mask for object removal by encoding the input image and text. Encoded features are
multiplied with the mask in a pixel-wise manner and an image is reconstructed via a
decoder. The network is trained with adversarial losses. Additionally, reconstruction
loss is applied to the mask prediction. cMANIGAN also predicts a mask and learns to
edit images with adversarial losses and reconstruction loss on the mask. cMANIGAN
proposes to use a cycle consistency loss by editing images twice; first with the given
instruction and second with the reverse of it. These models are tested on synthetic
datasets. We train these models on our dataset but do not achieve any meaningful
results. For the completeness of our study, we compare our method with these methods

on a synthetic dataset; namely the CLEVR dataset.

3.3.2 Datasets

GQA-Inpaint Dataset. The construction of this dataset is extensively explained in
Section 3.1. We train the models on unique 44500 source images and unique 88369
target images. Because from source images we pick different objects and generate
instructions, training includes 173715 unique source-target-prompt pairs. We test the
models on 4811 unique source images, 9485 unique target images, and 18883 unique

source-target-prompt pairs.

CLEVR Dataset. This dataset is generated by CLEVR toolkit [87, 68]. The dataset
contains 3-D synthesized simple shapes with different colors and sizes. Each training
pair includes a source image, a target image, and a text specifying the modification
from the source image to the target image. There are three types of text; add, remove,
and change an object. We train our model with the remove instructions. To increase
the size of the dataset, we use the pairs with both remove and add instructions. We
flip the source-target pairs of add instructions and modify the text accordingly for the

training dataset. This subset includes 5404 training and 2362 test images.
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3.3.3 Evaluation Metrics

FID and CMMD. We report the Frechet Inception Distance (FID) [88] and the CLIP
Maximum Mean Discrepancy (CMMD) metrics [89] for assessing the photorealism
of the generated images by comparing the target image distribution and edited image
distributions. These metrics, however, do not evaluate whether the correct object has
been removed. Since methods that inpaint only a few pixels are likely to achieve
better scores, we complement these with CLIP-based measures and RelSim to more

accurately assess the success of the removal operation.

CLIP Distance. The goal of CLIP distance is to evaluate how well the target object
in the instruction is removed. We use the bounding boxes linked to the nodes of the
scene graphs for this metric. Specifically, our proposed GQA-Inpaint dataset inher-
ently includes information regarding the bounding box of objects that are instructed to
be removed and their semantic category labels. We extract the image regions as sug-
gested by these bounding boxes from both the source and the inpainted images. We
then estimate the CLIP similarities [15]. between these extracted regions and the text

prompts including semantic labels as shown in Fig. 3.7.

Top 5 predictions

clock: 0.928
bird: 0.024
pigeon: 0.004
seagull: 0.003
a photo of a clock: 30.69 | number: 0.002

Input

figure: 0.0456
tissue: 0.0406
painting: 0.038
figurine: 0.0374

a photo of a clock: 23.66 | label: 0.0369

Output

Figure 3.7: CLIP-based image inpainting scores. We use the image-text similarity
scores and zero-shot classification scores in our evaluations. Please refer to Section

3.3.3 for score descriptions.
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As in the example, we use the text prompt “a photo of a clock” to extract the object
information. In the example, these similarity scores are estimated as 30.68 and 23.66.
If the similarity value decreases, this is considered a success as in the example and we

report the percentage of it.

CLIP Accuracy. For this evaluation measure, we utilize CLIP as a zero-shot classifier.
In particular, we find out the most likely semantic label of the image region extracted
from the source image using the bounding box of the target object, by considering
the object classes that exist in our dataset. Next, we perform another prediction this
time for the image region extracted from the inpainted image. We present the Top5
predictions as an example in Fig. 3.7. We expect the class prediction to change after
performing the object removal operation as suggested by the instruction. We mainly
look at the Top-1 and Top-5 predictions. If the predicted class based on the source
image is not in the Topl and Top5 predictions of the inpainted image, that scenario is

considered a success. We report the percentage of successes.

RelSim. We additionally use the relational similarity score proposed by GeNeVa [90]
which is commonly used on CLEVR dataset. This metric compares the arrangement
of objects qualitatively via an object detector and localizer. We use the object detector
released by GeNeVa fine-tuned on the CLEVR dataset. The detector constructs the
scene graphs of inpainted and ground-truth images. The metric computes how many
of the ground-truth relations are present in the inpainted image. We use this score
for our evaluations on CLEVR following the previous works [85]. However, we find
that this evaluation method is difficult to use on real images because it requires highly
effective object detectors. For our experiments on GQA-Inpaint, we use the CLIP-

based measures explained below.

User Study. We conduct a user study with the first 30 samples from our validation set
with 20 users. To include a diverse and successful set of methods, we add InstPix2Pix,
X-Decoder-LaMa, and CLIPSeg-LaMa to the user study.
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3.3.4 Experimental Analysis

Results on GQA-Inpaint Dataset. We provide the quantitative and qualitative results

on GQA-Inpaint dataset in Table 3.2 and Fig. 3.8, respectively.

Source  InstPix2Pix X-Decoder CLIPSeg Ours Source  InstPix2Pix X-Decoder CLIPSeg Ours

= Remove the gray kite = Remove the street light at the left

= Remove the surfing girl on the blue surfboard = Remove the boy at the left
> > > L 2 -
= Remove the boy = Remove the airplane at the left

2242423 ININIFYN

= Remove the television at the center = Remove the man

AN N .\

' ' ' '

= Remove the pillow at the right = Remove the red chair at the center

Figure 3.8: Qualitative results of our approach and the competing methods on the
GQA-Inpaint dataset. Other methods sometimes struggle to detect the correct object
and to erase the object completely. On the other hand, ours achieve significantly better

results.
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CLIP | CLIP CLIP 1
Methods FID | | CMMD | . User Study 1
Dist. 1 | Acc. T | Acc. (top 5)

InstPix2Pix [65] 19.860 0.104 0.385 | 0.392 0.156 2.5%
X-Decoder [83] SD [10] 21.194 0.134 0.583 | 0.636 0.409 -
X-Decoder [83] CR-Fill [78] 23.495 0.150 0.598 | 0.632 0.425 -
X-Decoder [83] MAT [39] 21.296 0.119 0.583 | 0.616 0.395 -
X-Decoder [83] LaMa [79] 22.819 0.110 0.569 | 0.617 0.398 23.2%
CLIPSeg [84] SD [10] 21.300 0.137 0.574 | 0.636 0.392 -
CLIPSeg [84] CR-Fill [78] 23.788 0.175 0.609 | 0.648 0.426 -
CLIPSeg [84] MAT [39] 21.172 0.128 0.573 | 0.613 0.374 -
CLIPSeg [84] LaMa [79] 22.755 0.122 0.537 | 0.604 0.366 15.9 %

Inst-Inpaint - Pseduo-GT with CR-Fill | 23.552 |  0.145 0.694 | 0.690 0.498 -
Inst-Inpaint - Pseduo-GT with MAT 22990 | 0.163 0.693 | 0.709 0.504 -
Inst-Inpaint - Pseduo-GT with LaMa | 22.835 0.106 0.681 | 0.678 0.492 58.4%

Table 3.2: Quantitative results of our method and competing methods on GQA-

Inpaint dataset.

Our method achieves improved scores with the integration of superior inpainting
techniques in the ground-truth generations. We select Inst-Inpaint with LaMa ground-
truth generations for inpaintings as our final model and show its visual results in Fig.
3.8. We achieve comparable FID and better CMMD scores than other competing meth-
ods. Note that, InstPix2Pix achieves better CMMD result than ours however that is
because InstPix2Pix makes minimal and sometimes no changes to the images as can
also be seen in CIIP scores. When images are not modified, since the real pixels stay
in place, those results tend to have better FID and CMMD scores. For CLIP scores,
that measure the accuracy of the inpaintins, our methods achieve significantly better
scores than others. As seen in Fig. 3.8, InstPix2Pix struggles to achieve the inpaint-
ing in many examples. In the first one, instead of removing the gray kite, the model
makes the image more gray. In some examples, it successfully erases the objects and
in some, it does not remove the objects at all or remove them partially. Instruct X-
decoder struggles to find the correct object to remove and does not perform any editing
in many examples such as the first row-second example. In the first example, it cor-
rectly finds the object to be removed but generates artifacts in the final inpainted image.
On the other hand, when no edit is applied to the image as in many examples of X-

Decoder and ClipSeg, that brings an advantage for the FID and CMMD scores. Our
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Inst-Inpaint model successfully erases objects in challenging scenarios. These visual
results are also consistent with the User Study result reported in Table 3.2 where our
model is preferred compared to CLIPSeg-LaMa, X-Decoder-LaMa, and InstPix2Pix

by a large margin.

Analysis. We visualize the average cross-attention masks in Fig. 3.9 for samples of

GQA-Inpaint images. We plot the pixels the prompt attends to.

Output Attn. Map Output Source Attn. Map Output Attn. Map Output

w Remove  {the flying Kite at the right} {the man at the center} = Remove {the boy at the left } {the colorful kite at the center }

¥ el = [

{the person at the center } {the pole at the center } = Remove {the bird at the center} {the bird at the left}

SEE 3 B S e ——

= Remove {the square plate on the table} {the small glass at the right} {the boat at the left } {the white boat at the right }

R

= Remove {the cow at the left} {the large cow at the right} = Remove  {the white bird at the right}  {the flying bird at the center}

= Remove

= Remove

Figure 3.9: Additional instruction-based image inpainting results on the GQA-Inpaint
dataset along with the average cross-attention maps of our method. For the same input

image, we show two different inpainting results and their attention maps based on two

different instructions.

Because ours is a removal task, we find the attention masks to focus on the objects
that will be erased. As shown in Fig. 3.9, for the same source image, our model can
erase different objects based on the prompts and we see that attention maps focus on

those objects that we want to remove.

Next, we analyze the accuracy of attention maps in terms of their segmentation
of the prompted object. In our method, we do not explicitly predict masks but in-

paint objects in an end-to-end framework. However, to erase an object, the network
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needs to detect the pixels to be erased implicitly and we see in Fig. 3.9 that attention
maps detect where the objects that we want to erase are. We would like to com-
pare the accuracy of these detections with other methods that predict masks based on
prompts such as CLIPSeg [84] and X-Decoder [83]. To analyze that, we train a sim-
ple UNet that takes attention maps and predicts a mask. The UNet only takes the
attention maps, it does not take prompts or image features as inputs. This UNet is
trained separately with the sole purpose of analyzing the mask predictions of a pre-
trained Inst-Inpaint. The attention maps are resized to 32 x 32 resolution from 16x16,
8x8, and 4x4 resolutions by using nearest-neighbor interpolation. We simply concate-
nate attention maps from all time-frames which brings a channel of 1280 inputs. The
network has 4 downsampling and 4 upsampling residual block layers with channels
going as {32,64, 96, 128, 128,96, 64, 32}. In the end, we have a bilinear upsampling
layer which brings the resolution to 256 x 256. This is a very simple set-up as we
expect the attention maps to already generate well-defined predictions. We compare
the mask accuracies in Table 3.3. Our method achieves better scores than ClipSeg and
X-Decoder.

CLIPSeg [84] ‘ X-Decoder [83] ‘ Inst-Inpaint (Ours)

206 | 487 | 53.1

Table 3.3: Segmentation scores (IoU) of mask predictions on GQA-Inpaint datasets.
Our method does not explicitly detect a semantic map. We train a simple network that

operates on our attention maps to evaluate the accuracy of detections.

We visualize the mask predictions in Fig. 3.10 of X-Decoder, ClipSeg, and ours
that come from the UNet model which takes the attention maps as inputs. Our model
is better at predicting the correct masks as was also expected based on the inpainting
results. Note that, we set the U-Net to work on 32 x 32 resolution and only add a
bilinear upsampling in the end, better scores with higher details on the mask can be
obtained with a more powerful decoder. We set the segmentation network simple for

our analysis.
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Source  X-Decoder ClipSeg Ours GT

w Remove the standing zebra at the left

FNY

w Remove the man at the left of the paper

w Remove the green train at the right

Figure 3.10: Qualitative results of our segmentation analysis and the mask predictions

of the competing methods on the GQA-Inpaint dataset.

Source Recon. + w/ optim. Inpaint + w/ optim.

w Remove the woman

Figure 3.11: The VAE that is used in LDM does not preserve image details in the re-
construction. To achieve the perfect reconstruction, we use weight optimization in the
decoder [13]. When we use the optimized decoder with our method, it can reconstruct

challenging texts and achieve inpaintings.

In Fig. 3.11, we show the inpainting results with and without decoder optimization.

The VAE that is used in LDM does not preserve image details in the reconstruction
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as shown in the second image. To achieve the perfect reconstruction, we use weight
optimization in the decoder [13]. When we use the optimized decoder with our method,
it can reconstruct challenging texts and achieve inpaintings as shown in the last image.

In Fig. 3.12, we show the iterative inpainting results of our framework.

Source

w Remove the young boy the young boy the car " the cair‘ \
at the left at the right at the left ~  at the center

Figure 3.12: Our framework can iteratively remove objects from a scene.

Comparisons with GAN-based models on CLEVR Dataset. Next, we run exper-
iments with the more simple CLEVR dataset and compare our method with GAN-
based methods on this dataset. We provide the quantitative and qualitative results on
the CLEVR dataset in Table 3.4 and Fig. 3.13, respectively. We train TIM-GAN with
their released implementation. TIM-GAN, in the author’s paper, is extensively tested
on the CLEVR dataset and there are provided pre-trained models. However, we train
their model again since we are only interested in the remove instruction. For cMANI-
GAN, the authors provide us with the output images based on the text and input images

we send them.

Methods FID | | RelSim T

cManiGAN [86] 27.61 0.613
TIM-GAN [85] 0.558 0.919
Inst-Inpaint (Ours) | 0.453 0.914

Table 3.4: Quantitative results of our method and competing methods on synthetic

CLEVR dataset for the instruction-based inpainting task.
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Source cManiGAN TIM-GAN Ours

= Remove the red object

= Remove bottom-left small brown object

= Remove middle-left object

= Remove bottom-left small object

= Remove top-center large object

GT

Figure 3.13: Qualitative results of our approach and the competing methods on syn-
thetic CLEVR dataset.

cManiGAN is trained on the CLEVR dataset but not by us. The authors mention that
the caption templates they use differ from ours and might result in poor performance.
The visual and quantitative results of cManiGAN are indeed poor in our samples. The
object to be removed is not correctly detected in many examples and furthermore,
the objects are not inpainted with high-fidelity. There is a ghosting effect in the first

example and objects are partially removed in some examples (last 4 examples). We
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achieve a better FID score and a comparable RelSim score to those of TIM-GAN.
Visually, inpainting results obtained by TIM-GAN include artifacts as it is not always
able to fully remove the objects. Our diffusion-based Inst-Inpaint model, on the other
hand, does include fewer artifacts on this simple dataset. Note that this is a quite easy
set-up compared to the GQA-Inpaint dataset. We share these results to compare with
GAN-based models that are built on this dataset and to show that Inst-Inpaint model
set-up achieves better results than the proposed GAN-based models. Because other
diffusion-based models, X-Decoder, CLIPSeg, and InstPix2Pix are trained on a large

number of real images, we do not include them in this comparison.

3.3.5 Limitations

In this study, we introduce a model and dataset for instruction-based image inpainting
that eliminates the need for masks during inference. However, our model relies on
paired data during training, necessitating mask detection for training purposes in the
dataset generation. Moreover, due to the challenge of acquiring paired data for inpaint-
ing, we had to resort to imperfect inpainting methods. Investigating future approaches

that eliminate the requirement for paired data holds significant promise.
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Chapter 4

Divinversion: Diverse Inpainting and
Editing with GAN Inversion

4.1 Method

We propose a two-stage training pipeline. In the first stage, we learn a base encoder and
mixing network to achieve diverse results as presented in Section 4.1.1. In the second
stage, Section 4.1.2, we learn skip connections to the generator to achieve high-fidelity

reconstructions and seamless transitions between unerased and erased pixels.

4.1.1 First Stage: Diverse Results

Our method utilizes an architecture that includes an image encoder (E), mixing net-
work (Mi), and StyleGAN2’s mapping (Ma) and generator (G) networks [18]. We

freeze the StyleGAN’s mapping and generator networks, as shown in Fig. 4.1.
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Figure 4.1: First stage framework includes trainable image encoder and mixing net-
work, and frozen StyleGAN’s mapping and generator networks. Our encoder takes an
erased image and binary mask to embed the image into StyleGAN’s latent space. We
also sample a latent code via the mapping network to achieve stochasticity. The mixing
network combines the available information of the erased image from the encoder and
the missing part from the mapping network. The mixed encoded latent representations
are fed to the Generator via the instance normalization layers to output the fake image.
There is a final step where the input image and the fake image are combined based on

the mask.

We obtain erased images by multiplying them with a binary mask M that defines the
valid and erased pixels; I° = M © 1. Before feeding the erased image to the encoder,
we concatenate the binary mask M with it. We set a simple encoder [53] to project our
erased images. Our encoder embeds erased images into W latent space. Our goal is
to achieve diversity in our inpainting results. For that, we set a second pathway that
utilizes StyleGAN’s mapping network to sample random z’s and obtains W codes
that lie in the natural space of StyleGAN. The encoded, W*"*, and mapped, W™,
latent codes are fed to the mixing network. We expect the mixing network to take
the information of what is visible from the masked image and combine the missing
information with the mapped latent codes. We equip the mixing network with a neural

network and gating mechanism as follows:

Wcomb’ g = 1\11\1(\Nenc7 Wrand)

out comb enc (4 1 )
W =0a(g)- W™ + (1 -a(g))- W
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where o(.) is the sigmoid function. W goes to the instance normalization layers

of StyleGAN generator.

In our experiments, we observe that the mixing network learns to ignore the W<,
To achieve diversity, we propose a training pipeline with GAN-generated data as shown
in Fig. 4.2.

Mask (M) Mask (M)
oI5 il Fom
§;» HHE w B eHHE

(a) Reconstructing Input Image (b) Generating Diverse Images

Figure 4.2: During training, we generate images with the StyleGAN generator. If we
feed the mixing network (Mi) with the sampled z that generated the input image, we
expect the output to match the input. The reconstruction losses are applied for both
valid and invalid pixels. If we sample a new z as in (b), we expect to output diverse
results and only apply image reconstruction loss for valid pixels and a GAN loss for

the overall image.

We first generate an image with z,, and feed it to the mapping network to obtain
W;‘md. We synthesize the output image and erase a part of the image with a randomly
generated mask, I = M © I;. Our encoder encodes the erased image to W{™. With
these encodings, we generate two images, one that combines W™ with mapping of
24 and another one with mapping of a randomly sampled different z, as given in Fig.
4.2 (a) and (b), respectively. The generator outputs images I and I} from these two
different paths. The generation of Ij has access to the full information that generated
the image and therefore, if one can combine the encoded embedding with the mapping,
one correctly can generate the input image. On the other hand, the second path, I?
image has only access to the information of unerased pixels and is not expected to
reconstruct the input image faithfully for the erased parts. To achieve this objective,

we set the following losses to train the framework.

Reconstruction Losses. For reconstructing the pixels correctly, we use L, and
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perceptual losses. We use perceptual losses from VGG () at different feature lay-
ers (j) between images. We output two images, I7 and I} from the input image (1)
. e 1o i . .
that is erased, I;. I has access to the correct mapping as well as unerased image pix-
els, therefore this training pipeline is expected to generate the original input image as

follows:

Lrg = |G = Tgll2 +|2;(17) — @;(Ty)][2 (4.2)

On the other hand, I? has only access to the unerased pixels of the original image
and is expected to fill the missing information with a randomly sampled latent code.
Therefore, we only expect pixel-wise matching on the unerased images. We find the
reconstruction losses between the masked output image and erased input image as

follows:

Ly = [[MOT) = Ill2 + [2;(MOI7) — @;5(I7)]]2 (4.3)

If the network is trained with Eq. 4.2 alone, the mixing network can ignore the input
image and encoded features coming from it since full information is provided by the
mapping network. Similarly, if the network is trained with only Eq. 4.3, the mixing
network ignores the mapping network. By using these reconstruction losses together,
our framework learns to use the information encoded from both paths. Additionally,
this training regularizes the encoder and mixing network to output latent codes that are

in GAN’s natural space which provides editable inversions.

Adversarial Losses. We additionally output our final images as follows:

'=MoIl+(U-MoI° (4.4)

This step guarantees that the valid pixels are not modified as given in Fig. 4.1. We

expect these final images to look realistic and use adversarial guidance on the final
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images for both Ig and I/ . We load the pretrained discriminator from StyleGAN

training, D, and train the discriminator together with the encoder and mixing network.

Laay = 2log D(I;) + log (1 — D(I))) “s)
+1log (1 - D(1f)) '
Full Objective. We use the overall objectives given below to optimize the parame-

ters of the Encoder (E) and the mixing network (Mi).

g}v%mg)(/\aﬁadv + )\rl‘crg + >\r2£rr (46)

For both of the training stages, we use the same following hyperparameters, \, =
8 x 1072, \,; = 1, and \,» = 1. We set the pixel-wise and VGG reconstruction loss

coefficients as 1 and 5 x 10°, respectively for both L,, and L.

4.1.2 Second Stage: High-Fidelity Reconstruction

Previous works for image inversion show that low-rate latent codes, 1+, do not have
enough capacity for high-fidelity image reconstruction [28, 35]. There is too much
information loss due to the bottleneck of projecting high-dimensional images to low-
rate latent codes and this bottleneck limits the high-fidelity reconstructions. The same
is observed by inpainting with image inversion works [37, 6] as well. The high-fidelity
reconstruction of visible pixels is even more crucial in the inpainting task because we
combine the erased and generated pixels as given in Eq. 4.4. When the generator
is not able to reconstruct the valid pixels with high fidelity, the color discrepancies
become very obvious in the final images. Previous methods [37, 6, 28, 35] suggest
encoding information to higher-rate latent codes as well. This is achieved by skip
connections from the encoder to the generator on higher-resolution feature maps which

are sometimes referred to as F'* space.
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The balance of encoding information between W' and F'™ spaces is extensively
studied for image inversion methods [28, 35, 36]. That is because by encoding most of
the information to I’ space, one can guarantee a high-fidelity reconstruction. How-
ever, since the image is not projected to 1"+ properly, it will not be editable which is
the main goal of many inversion methods. That is the reason we adopt the two-stage
training pipeline similar to state-of-the-art image inversion methods [28, 35, 36]. In
the first stage, our method tries to reconstruct and inpaint images only by the encoded
low-rate codes, W ™. Later, we reduce the information bottleneck by letting higher rate

codes skipping from the input image to the generator.

The second-stage training takes the final output of the first-stage model that has
gone through the masking as given in Eq. 4.4. We train an encoder with skip connec-
tions to the StyleGAN generator. The encoder also takes the binary mask as input and
can detect inconsistencies in the pixel level. The same encoded W is used for both
generations. However, in the first generation, there are no skip connections (F'*), and
in the second stage, there are. We also limit the number of skip connection layers and
only feed to the feature maps with resolutions of 32 x 32, 64 x 64, and 128 x 128. We
fine-tune the models with the same objective from the first stage, given in Eq. 4.6. We

provide the architectural details in Supplementary.

4.2 Experiments

Baselines. We first compare our method with state-of-the-art image inversion methods
pSp [53], ede [27], HFGI [28], ReStyle [54], and HyperStyle [35]. We use the author’s
released code and train those models for inpainting tasks with an additional channel in
the input for masks. Note that this is a different comparison than the display in Fig. 1.2
since we train these models for inpainting. pSp model outputs W™ predictions for the
generation. HFGI and HyperStyle methods use two-stage training. First, they rely on
an encoder to output W predictions, then a second encoder takes the input image and
StyleGAN generated image with W predictions. The goal is to encode the missed
information to higher-rate latent codes. We feed erased images and masks to these

inversion models and train them to reconstruct the visible pixels faithfully and output

45



realistic images overall.

Next, we experiment with state-of-the-art image inpainting models for our compar-
isons. We run inferences with CoModGAN’s pretrained models [23]. CoModGAN
proposes to train a StyleGAN-like model from scratch but with co-modulation and
skip connections for the inpainting task. InvertFill [6] and DualPath [37] models are
built on pretrained StyleGAN models. InvertFill’s authors provide us with their infer-
ence results with the masks we provide. We implement DualPath following the set-up

provided in their paper. DualPath trains a generator that also takes StyleGAN features.

Evaluation. We report Frechet Inception Distance (FID) metric [88], which looks at
realism by comparing the target image distribution and reconstructed images. We also
look at the diversity scores with Learned Perceptual Image Patch Similarity (LPIPS)
[91]. That is for the models that provide diverse images, we generate two images
per input image-mask pair and find the distance between these two images. We addi-
tionally use U-IDS and P-IDS metrics that are proposed by CoModGAN [23]. They
measure unpaired and paired inception discriminative scores, respectively by measur-
ing the linear separability in a pre-trained feature space. Our goal is to output images
that are not separable from real images. SVM is fitted to the data and we expect a

higher error rate.

Datasets. We use FFHQ [16], AFHQ-Cat, AFHQ-Dog [92], and Stanford Cars [93]
image datasets. We use the StyleGAN2 pre-trained models [18] and use their train
and validation splits. We build our extensive comparison with other works on FFHQ
human face dataset following previous works. For the other datasets, we train the best

single-stage (pSp) and two-stage encoders (HFGI, HyperStyle) for the comparisons.

Training Details. We train the first stage for 500k iterations with batch size of 8 on
two GPUs. We use learning rate of 1 x 10~ for all networks. We halve the learning
rates at each 50k iterations. We use the overall objectives given below to optimize the
parameters of the Encoder (/) and the mixing network (M4) as was also given in the
main paper. We also use the same objective to optimize the parameters of S in the

second stage.
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Quantitative Results. We provide the quantitative results in Table 4.1 for FFHQ

evaluations.
Models FID | | LPIPS 1 | U-IDS 1} | P-IDS 1t
ede [27] 11.41 - 11.96 4.84
pSp [53] 8.23 - 14.05 6.60
ReStyle [54] 8.07 - 16.46 8.61
HFGI [28] 7.66 - 15.63 7.76
HyperStyle [35] 7.46 - 16.66 8.55
CoModGAN [23] | 7.35 0.0790 9.78 3.79
InvertFill [6] 7.45 - 15.83 7.69
DualPath [37] 17.60 - 443 0.77
Ours 5.92 0.2026 18.43 10.75

Table 4.1: Quantitative results of our and the competing methods on the FFHQ valida-

tion dataset for mask ranges between 0-1.

We provide the LPIPS score for the models that provide diversity. The inversion
methods specifically pSp, HFGI, and HyperStyle, that are trained for inpainting task
achieves reasonable scores. Next, we compare with image inpainting methods. Co-
ModGAN trains a network from scratch for inpainting whereas InvertFill uses a pre-
trained StyleGAN similar to our work. CoModGAN has a StyleGAN-like training
set-up, and layers are co-modulated with sampling and encoded image features. Co-
ModGAN achieves diversity but is lower than our model when measured with the
LPIPS score. InvertFill, on the other hand, does not have a mechanism to provide any
stochastic at all. They achieve similar FID scores but InvertFill achieves significantly
better U-IDS and P-IDS scores. We also compare with DualPath which is also built on
pretrained StyleGAN. DualPath trains a new generator that takes input from StyleGAN
feature maps. We follow the setup provided in their paper and try our best on parame-
ter tuning. However, we do not achieve a good FID score with DualPath. Specifically,
the generated images look smooth and semantically consistent, but they do not look
sharp. DualPath also does not provide diverse results. We achieve significantly better

results than previous methods and also achieve diversity.
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Figure 4.3: FID plots of ours and the competing methods for Easy (0.0-0.4) and Diffi-
cult (0.4-1.0) mask ranges on the FFHQ validation dataset.

We analyze how different methods score with different difficulties of masks in Fig.
4.3. We set two difficulty levels, an easy one where the erased mask ratio is between
(0, 0.4) and a difficult scenario where the erased mask ratio is between (0.4-1.0). When
the erased area only contains a small portion, deterministic models also achieve good
results since most of the information can be encoded from the unerased parts. In-
vertFill achieves even a better score than ours and they all achieve better than Co-
ModGAN. However, when the difficulty level increases, deterministic models struggle.
CoModGAN, the other model that can output diverse results achieves the second-best
results. InvertFill’s FID score significantly increase. Our model achieves good scores

in both scenarios.

We also compare with pSp, HFGI, and HyperStyle on AFHQ-Dog, AFHQ-Cat, and
Stanford Cars datasets as shown in Table 4.2. Our method achieves better results than

those encoders.
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AFHQ-Dog | AFHQ-Cat | Stanford Cars
Models FID | FID | FID |
pSp [53] 26.46 14.26 11.77
HFGI [28] 20.58 17.01 8.55
HyperStyle [35] 23.92 13.43 10.97
Ours 18.89 12.28 8.39

Table 4.2: Quantitative results of our and the competing methods on AFHQ-Dog,
AFHQ-Cat, and Stanford Cars validation datasets for mask ranges between 0-1.

Qualitative Results. Fig. 4.4 shows the results of our and competing methods on
the FFHQ dataset. As we mention in the Quantitative Results section, DualPath out-
puts blurry parts on the inpainted areas in our trainings. The pSp model achieves good
semantic consistency. However, the boundaries between the inpainted and original pix-
els are quite apparent. HFGI and HyperStyle output artifacts on many of the examples.
CoModGAN and InvertFill achieve plausible predictions. An interesting observation
we make is that all other methods output similar identities for given inputs. For ex-
ample, the last two row predictions of CoModGAN and InvertFill are similar to each
other. On the other hand, since our model samples diverse predictions (more diverse
than CoModGAN), our results look quite different. Our results better capture the data
distribution as is also measured by FID scores. We also present the inpainting results
of our method on AFHQ cat and dog images and Stanford car images in Fig. 4.5. Our

method achieves successful inpaints on these image domains as well.
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Input pSp HFGI HyperStyle CoModGAN InvertFill DualPath Ours GT

Figure 4.4: Qualitative results of our and the competing methods on the FFHQ dataset.

GT refers to original images.
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Figure 4.5: Qualitative results of AFHQ-Cat, AFHQ-Dog, and Stanford Cars dataset

trainings.

Ablation Study. We present the quantitative and qualitative results of our ablation
study in Table 4.3 and Fig. 4.6, respectively. During the development of our model, we
track the diversity (LPIPS) and quality (FID) of our results. LPIPS score alone does not
reflect the quality of our results because random images can be generated by StyleGAN
that are semantically inconsistent with valid pixels of the input image. High LPIPS
scores can be obtained from those images. In fact, during training, the LPIPS score
starts from a high point and decreases as the framework learns to output consistent
pixels with the unerased parts. Therefore, it is important to achieve a reasonable FID
and LPIPS together.
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Figure 4.6: Qualitative results of the ablation study. Please refer to Table 4.3 for the

training-setting of model IDs.

We assign IDs to each model in Table 4.3 to easily refer to them in the text and
figures. Model 1 is trained with real images to reconstruct the unerased parts together
with adversarial loss. The objective does not have the full-reconstruction image loss
based on the sampled ¥ +. The model does not achieve any diversity even though the
network architecture takes sampled W+ via the mixing network. The mixing network
ignores the stochastic input as can be seen from Fig. 4.6. In Model 2, we also add
the second stage training which improves the FID results because it removes the color
inconsistencies. The diversity is negligible as can be seen from both Fig. 4.6 and Table
4.3.
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ID | Full Recons | Gated Mi | Second Stage | FID | LPIPS
1 v 10.92 | 0.0073
2 v v 7.87 | 0.0855
3 v 20.91 | 0.2095
4 v v 16.65 | 0.1440
5 v v v 5.92 | 0.2026

Table 4.3: Quantitative results of our ablation study on the FFHQ validation dataset
for the mask of range 0-1. We assign model IDs to easily refer to the model in the text
and Fig. 4.6.

Next, we compare methods that are trained with our proposed losses and training
pipeline. Model 3 does not have the gated mixing network, instead, it employs a fully
connected layer to combine encoded and sampled latent codes. Model 4 has the gated

mixing network as given in Eq. 4.1.

In our experiments, we find that the proposed mixing network does a better job of
combining features. Model 3 sometimes generates inconsistent results as can be seen
in Fig. 4.6 and achieves worse FID scores. It has a higher LPIPS score but this di-
versity result in semantic inconsistencies. As mentioned before, StyleGAN model that
randomly outputs images will achieve the best diversity, but will not output consistent
pixels with the erased part. For example, the input image may have half-erased eye-
glasses and this network may not output eyeglasses for the visible parts. The gated

mixing network achieves better in those scenarios.

Finally, we add the second stage of training and train skip connections to obtain our
final model. The color discrepancies disappear after this stage of training. Interest-
ingly, our not-diverse model - Model 1 achieves better scores than our diverse model
- Model 4. However, when second-stage training is added, the diverse model achieves
better results. That is because the diverse model in the first stage has more difficul-
ties outputting perfectly semantically consistent pixels but it outputs meaningful and
diverse parts. Especially when the erased parts are large, the diverse model does a
better job as was discussed for Fig. 4.3 because it augments the encoded features with

sampled ones. The color discrepancies are resolved with the second stage of training
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bringing the diverse model to a better score than the non-diverse model.

Editing Results. For our editing results, we first encode the erased image and
randomly sample a W+ to our mixing network. We edit the output of the mixing

network with InterfaceGAN directions [29]. Editing results are shown in Fig. 4.7.

~
Q
/
2
=)
-

Figure 4.7: Editing results of our method. Our method achieves diverse inpainting and
editing under one framework. First rows show the erased inputs. Output rows show
the randomly sampled W+ results and the next rows show after adding InterfaceGAN

directions for different attributes.

First, we show the erased input. Output rows show the randomly sampled W+
results and the next rows show after adding InterfaceGAN directions for different at-
tributes. We show smile, bangs, and beard addition results as well as image edits with
blush eyebrows, blonde hair, and lipstick addition. Our model can successfully both
inpaint and edit erased images thanks to the semantically rich feature representations

of the StyleGAN model bringing more capabilities under one framework.
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Chapter 5

Conclusion

We introduced two novel approaches, Inst-Inpaint and DivInversion, to image inpaint-
ing. Inst-Inpaint is a diffusion-based inpainting model that can remove objects from
images based on textual prompts without the need for binary masks. Inpainting with a
text prompt is more user-friendly than drawing masks due to its intuitive nature, allow-
ing users to describe changes using natural language. This method enhances efficiency,
as generating text prompts is faster than creating detailed masks, especially for com-
plex images. To achieve this task, we created a new benchmark dataset, GQA-Inpaint,
consisting of source and target images and textual removal prompts referring to the ob-
ject to be removed according to the relations around it in the scene. We trained latent
diffusion models on this paired dataset and observed that the model can learn which
object to remove based on a given text prompt. Additionally, we suggested novel eval-
uation metrics that assessed whether objects were correctly removed, which proved
valuable when combined with other metrics that solely measure the quality of the out-
put images. Our work has demonstrated the potential of using textual instructions as a

more user-friendly and natural way of controlling image inpainting.

Our second work, DivInversion, is a GAN-based inpainting model that can achieve
diverse image inpainting and editing with GAN inversion. In this work, we revert to
traditional masking to outline the pixels to be removed. However, we have enhanced

this approach by adding capabilities for diversity and editability. To the best of our
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knowledge, our framework is the first to achieve these capabilities simultaneously.
Applying GAN inversion in the inpainting task allows us to edit the inpainted areas via
the editing methods proposed for StyleGAN. Additionally, we present a two-path loss
to achieve diverse inpainting results. We show the effectiveness of our contributions
with an extensive ablation study. Our comparisons with competing methods demon-
strate that we achieved significantly better scores than previous works in terms of both

diversity and quality.
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