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Badour AlBahar

ABSTRACT

Computer graphics has become an integral part of various industries such as entertainment

(i.e.,films and content creation), fashion (i.e.,virtual try-on), and video games. Computer

graphics has evolved tremendously over the past years. It has shown remarkable image

generation improvement from low-quality, pixelated images with limited details to highly

realistic images with fine details that can often be mistaken for real images. However,

the traditional pipeline of rendering an image in computer graphics is complex and time-

consuming. The whole process of creating the geometry, material, and textures requires

not only time but also significant expertise. In this work, we aim to replace this complex

traditional computer graphics pipeline with a simple machine learning model. This machine

learning model can synthesize realistic images without requiring expertise or significant time

and effort. Specifically, we address the problem of controllable image synthesis. We propose

several approaches that allow the user to synthesize realistic content and manipulate images

to achieve their desired goals with ease and flexibility.
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GENERAL AUDIENCE ABSTRACT

Computer graphics has become an integral part of various industries such as entertainment

(i.e.,films and content creation), fashion (i.e.,virtual try-on), and video games. Computer

graphics has evolved tremendously over the past years. It has shown remarkable image

generation improvement from low-quality, pixelated images with limited details to highly

realistic images with fine details that can often be mistaken for real images. However,

the traditional process of generating an image in computer graphics is complex and time-

consuming. You need to set up a camera and light, and create objects with all sorts of

details. This requires not only time but also significant expertise. In this work, we aim to

replace this complex traditional computer graphics pipeline with a simple machine learning

model. This machine learning model can generate realistic images without requiring expertise

or significant time and effort. Specifically, we address the problem of controllable image

synthesis. We propose several approaches that allow the user to synthesize realistic content

and manipulate images to achieve their desired goals with ease and flexibility.
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anc and
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Î
′′
i with improved temporal consistency. After our two phase optimization,

we finally unalign the frames to generate our final edited video Vout (phase 3). 64

xviii



4.4 Photometric loss for temporal consistency. Given a frame pair Îi and
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Chapter 1

Introduction

1.1 Overview

Computer graphics has become an essential tool for various industries such as entertainment

(i.e.,films and content creation), fashion (i.e.,virtual try-on), and video games. Over the

years, computer graphics has evolved tremendously. Initially, computer graphics produced

images that were of low-quality and pixelated with very little details. However, with techno-

logical advancements, computer graphics systems are now able to create high-quality images

and videos with fine details that can be easily mistaken for real images.

The traditional process of rendering an image in computer graphics involves a series of

steps that can be quite complex and time-consuming. This process involves setting up a

virtual camera and light source, and creating a detailed object representation with geometry,

material, textures, and shading, which requires not only time but also significant skill and

expertise.

In this work, we aim to replace this complex traditional computer graphics pipeline with

a simple machine learning model. This machine learning model can synthesize realistic

images without requiring expertise or significant time and effort. Specifically, we address

the problem of controllable image synthesis. In such problems, the user provides an image

and specifies a control signal to guide the synthesis of realistic images. These control signals

1
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can specify the pose in pose-conditional human synthesis, a texture patch in sketch texture

synthesis, a high-resolution image in depth upsampling, or a novel view for human view

synthesis. We propose several approaches that allow the user to synthesize realistic content

and manipulate images to achieve their desired goals with ease and flexibility. Our proposed

approaches help speed up the process of image generation and can make it easier for people

without a background in computer graphics to produce high-quality images for their specific

tasks.

We study the following image synthesis problems:

Controllable synthesis. We tackle controllable image-to-image translation problems.

In such problems, we aim to translate an input image into a corresponding output image

while respecting the constraints specified in the provided guidance image. This guidance can

take various different forms (e.g.,color strokes, sketch, texture patch, image, and mask). We

have presented a new conditional scheme for guided image-to-image translation problems.

Our core technical contributions lie in the use of spatially varying feature transformation

and the design of bi-directional conditioning scheme that allow the mutual modulation of

the guidance and input network branches. While being application-agnostic, our approach

achieves competitive performance with the state-of-the-art. The generality of our method

opens promising direction of incorporating a wide variety of constraints for image-to-image

translation problems.

High-resolution synthesis. We tackle high-resolution pose-guided person image genera-

tion. We present a simple yet effective approach for single-image human reposing guided by

arbitrary body shapes and poses. Our core technical novelties lie in 1) spatial modulation

of a pose-conditioned StyleGAN generator and 2) a symmetry-guided inpainting network

for completing correspondence field. We demonstrate that our approach is capable of syn-
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thesizing photo-realistic images in the desired target pose and preserving details from the

source image. We validate various design choices through an ablation study and show im-

proved results when compared with the state-of-the-art human reposing algorithms. Our

controllable human image synthesis approach enables high-quality human pose transfer and

garment transfer, providing a promising direction for rendering human images.

Time-consistent synthesis. We tackle temporally consistent editing of the semantic

attributes of a given human in a video. We utilize the impressive image semantic editing

capability of Generative Adversarial Networks (GANs). Applying these GAN-based editing

to a video independently for each frame inevitably results in temporal flickering artifacts.

We present a simple yet effective method to facilitate temporally coherent video editing.

Our core idea is to minimize the temporal photometric inconsistency by optimizing both the

latent code and the pre-trained generator. We show that the resulting edited video maintains

the identity of the human and the desired edit direction while still preserving the temporal

consistency. Furthermore, our method is model-agnostic, allowing for its application with

different GAN inversion and manipulation techniques.

1.2 Organization

In Chapter 2, we address the problem of guided image-to-image translation problems where

we translate an input image into another while respecting the constraints provided by an

external, userprovided guidance image. These controllable image-to-image translation prob-

lems often require task-specific architectures and training objective functions as the guidance

can take various different forms (e.g.,color strokes, sketch, texture patch, image, and mask).

We introduce a new conditioning scheme for controlling image synthesis using available guid-

ance signals and demonstrate applicability to several sample applications, including person
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image synthesis guided by a given pose, sketch-to-photo synthesis guided with a texture

patch, and depth upsampling guided with an RGB image. The proposed conditioning scheme

uses ResNet or UNet architectures as the model’s base architecture. These simple convo-

lutional neural network (CNN) decoders have limitations in synthesizing high-resolution

detailed content.

Therefore, in Chapter 3, we focus on synthesizing high-resolution content. We present an

algorithm for re-rendering a person from a single image under arbitrary poses. We achieve

this by first learning to inpaint the correspondence field between the body surface texture

and the source image with a human body symmetry prior. The inpainted correspondence

field allows us to transfer/warp local features extracted from the source to the target view

even under large pose changes. Directly mapping the warped local features to an RGB image

using a simple CNN decoder often leads to visible artifacts. Thus, we extend the StyleGAN

generator so that it takes pose as input (for controlling poses) and introduce a spatially

varying modulation for the latent space using the warped local features (for controlling

appearances). Although we are capable of realistically hallucinating occluded content while

preserving the identity and fine details of the source image, the resulting synthesized image is

limited to 2D space and does not support temporally consistent synthesis nor view synthesis.

Therefore, in Chapter 4, we focus on temporally consistent editing of a human from a

given video. To address this problem, we leverage image-based GAN inversion and editing

capability of real images, e.g., changing object classes, modifying attributes, or transferring

styles. Using these GAN-based editing techniques on each frame of a video independently

can lead to temporal flickering artifacts. We refine the flickering results using a flow-based

method to minimize the bi-directional photometric loss by optimizing both the latent code

and the pre-trained generator.

Finally, in Chapter 5, we present the conclusions and outline potential directions for future
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research.



Chapter 2

Guided Image-to-Image Translation

with Bi-Directional Feature
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Figure 2.1: Applications of guided image-to-image translation. We present an al-
gorithm that translates an input image into a corresponding output image while respecting
the constraints specified in the provided guidance image. We introduce a new condition-
ing scheme for controlling image synthesis using available guidance signals and demonstrate
applicability to several sample applications, including person image synthesis guided by a
given pose (top), sketch-to-photo synthesis guided with a texture patch (middle), and depth
upsampling guided with an RGB image (bottom).
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We address the problem of guided image-to-image translation where we translate an input

image into another while respecting the constraints provided by an external, user-provided

guidance image. Various conditioning methods for leveraging the given guidance image have

been explored, including input/feature concatenation and conditional affine transformation

of feature activations. All these conditioning mechanisms, however, are uni-directional, i.e.,

no information flow from the input image back to the guidance. To better utilize the con-

straints of the guidance image, we present a bi-directional feature transformation (bFT)

scheme. We show that our bFT scheme outperforms other conditioning schemes and has

comparable results to state-of-the-art methods on different tasks.

2.1 Introduction

In an image-to-image translation problem [21], we aim to translate an image from one do-

main to another. Many problems in computer vision, graphics, and image processing can

be formulated as image-to-image translation tasks, including semantic image synthesis, style

transfer, colorization, sketch to photos, to name a few. An extension to these image-to-image

translation problems involves an additional guidance image that helps achieve controllable

translation. A guidance image typically reflects the desired visual effects or constraints

specified by a user or provides additional information via other modalities (color/depth,

flash/non-flash, color/IR). A guidance image can thus take many different forms, e.g. color

strokes or palette, semantic labels, texture patch, image, or mask. As such, most of the ex-

isting solutions for such problems often have application-specific architectures and objective

functions, and consequently cannot be directly applied to other problems.

The main technical question for guided image-to-image translation problems is how the

conditional guidance image is used to affect the processing of the input source image. Various
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forms of conditioning schemes have been proposed in the literature. The most common one is

to directly concatenate the input source image and the guidance image at the input level (i.e.,

concatenation along the channel dimension). While being parameter efficient, this approach

assumes that the additional guidance is required at the input level and the information

can be carried through all the subsequent layers. Another commonly used alternative is to

concatenate the guidance and the input information at the feature level, assuming that the

guidance feature representation is required at a certain level within the model.

A recent generalized conditioning scheme formalized as Feature-wise Linear Modulation

(FiLM) has been successfully applied in visual reasoning task [22]. In this scheme, affine

transformations are applied to intermediate feature activations using scaling and shifting pa-

rameters learned from some external conditional information. In this approach, the learned

scaling and shifting operations are applied feature-wise (i.e., spatially invariant). There are

other conditioning approaches similar to FiLM that have shown effectiveness in the context

of style transfer. In this task, given an input image and a guidance style image, the goal

is to synthesize an image that combines the content of the input image with the style of

the guidance image. One such approach is conditional instance normalization (CIN) [23],

which can be seen as a FiLM layer replacing a normalization layer. In CIN, the feature

representation is first normalized to zero mean and unit standard deviation. Then an affine

transformation is applied to the normalized feature representation using scaling and shifting

parameters learned from the guidance style image. Another approach is adaptive instance

normalization (AdaIN) [24]. AdaIN is very similar to CIN, however, unlike CIN, it does not

learn the affine transformation parameters but uses the mean and standard deviation of the

guidance style image as the scaling and shifting parameters respectively.

In this work, we propose a generalized conditioning scheme to incorporate the guidance

image into the image-to-image translation model and show its applicability to different ap-
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plications. There are two key differences between our proposed approach and the existing

conditioning schemes. First, we propose to apply the conditioning operation in both direction

with information flowing not only from the guidance image to the input image, but from

the input image to the guidance image as well. Second, we extend the existing feature-wise

feature transformation to be spatially varying to adapt to different contents in the input im-

age. We refer to our proposed approach as bi-directional feature transformation (bFT). We

validate the design of bFT through extensive experiments across multiple applications, in-

cluding pose guidance appearance transfer, image synthesis with texture patch guidance, and

joint depth upsampling. We demonstrate that our method, while not application-specific,

achieves competitive or better performance than the state-of-the-art. Through extensive

ablation study, we also show that the proposed bFT is more effective than commonly used

conditional schemes such as input/feature concatenation, CIN [23] and AdaIN [24].

We make the following two contributions. First, we present the bi-directional feature trans-

formation for generic guided image-to-image translation tasks. Compared to existing ap-

proaches that only allow the information flow from guidance to the source image, we show

that incorporating the information from the input to the guidance further help improve the

performance of the end task. Second, we propose a spatially varying extension of feature-wise

transformation to better capture local contents from the guidance and the source image.

2.2 Related Work

Image-to-image translation A generative model is an approach to learn a data distribu-

tion to generate new samples. One widely used technique is generative adversarial networks

(GANs) [25]. In GANs, there is a generator that tries to generate samples that look realistic

to fool the discriminator, which tries to accurately tell whether a sample is real or fake.
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Conditional GANs extend the GANs by incorporating conditional information. One specific

application of conditional GANs is image-to-image translation [21, 26, 27]. Several recent

advances include learning from unpaired dataset [28, 29, 30], improving diversity [31, 32, 33],

application to domain adaptation [34, 35, 36], and extension to video [37].

Our work builds upon the recent advances in image-to-image translation and aims to extend

it to a broader set of controllable image synthesis problems. We develop our network ar-

chitecture similar to that of the pix2pix [21], but the proposed bi-directional and spatially

varying feature transformation layer is network-agnostic.

Guided image-to-image translation A variant of image-to-image translation problem

is to incorporate additional guidance image. In a guided image-to-image translation prob-

lem, we aim to translate an image from one domain into another while respecting certain

constraints specified by a guidance image. This guidance image can take many forms. Ex-

amples include color strokes [38, 39], patches [40], or color palette [41] to aid in user-guided

colorization. The guidance can also be a domain label, as in a multi-domain image-to-image

translation [42]. Another form could be a style image as in the problem of style transfer

[23, 24, 43], a texture patch to texturize a sketch image [1], or a high-resolution RGB image

to aid in depth upsampling [44, 45]. Moreover, the guidance signal could be the multi-

channel and sparse, such as pose landmark for pose guided person image synthesis problems

[46, 47, 48, 49]. The guidance could also be a mask and sketch enabling users to inpaint

and manipulate images [50]. Due to the many different possible forms of the guidance im-

ages, most of the existing solutions for this class of problems are tailored toward specific

applications, e.g., with specifically designed network architectures and training objectives.

Compared to many existing efforts in guided image-to-image translation, we focus on de-

veloping a conditioning scheme that is application-independent. This makes our technique
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more widely applicable to many tasks with different forms of guidance.
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Figure 2.2: Conditioning schemes. There are many schemes to incorporate the additional
guidance into the image-to-image translation model. One straight forward scheme is (a) input
concatenation, this will assume that we need the guidance image at the first stage of the
model. Another scheme is (b) feature concatenation. It assumes that we need the feature
representation of the guide before upsampling. In (c) we replace every normalization layer
with our novel feature transformation (FT) layer that manipulates the input using scaling
and shifting parameters generated from the guide using a parameter generator (PG). We
denote this uni-directional scheme as uFT. In this work, we propose (d) a bi-directional
feature transformation scheme denoted as bFT. In bFT, the input is manipulated using
scaling and shifting parameters generated from the guide and the guide is also manipulated
using scaling and shifting parameters generated from the input.

Conditioning schemes Figure 2.2 compares with several commonly used conditioning

schemes. The most straightforward way of performing guided image-to-image translation

is to concatenate the input and the guidance image (along the feature channel dimension),

followed by conventional image-to-image translation models. Such an input concatenation

approach can be viewed as a simple conditioning scheme. This approach assumes that the

guidance signals are required from the input stage [1, 40, 50]. Several other types of condi-

tioning schemes have been proposed in the literature. Instead of concatenating the guidance

and the input image at the input, one can also concatenate their feature activations at a

certain layer [45, 51]. However, it may be non-trivial to choose a suitable level of the layer to

concentrate input/guidance features for subsequent processing. A recent and a more general
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scheme, Feature-wise Linear Modulation (FiLM) [22], applies feature-wise affine transforma-

tion using scaling and shifting parameters generated from conditioning information. Such a

scheme has shown improved performance when applied to the problem of visual reasoning.

Other variations of FiLM have shown good performance in the context of style transfer.

Those approaches can be seen as replacing a normalization layer with a FiLM layer. One

notable approach is the conditional instance normalization (CIN), where the scaling and

shifting parameters are learned [23]. Another approach is adaptive instance normalization

(AdaIN) where instead of learning the scaling and shifting parameters, the mean and stan-

dard deviation from the guidance features are used directly [24].

Unlike existing conditioning schemes that allow information flow only from the guidance

to the input (i.e., uni-directional conditioning), we show that the proposed bi-directional

conditioning method leads to sizable performance improvement. Furthermore, we generalize

the existing spatially invariant feature-wise transform methods to support spatially varying

transformation.

2.3 Bi-Directional Feature Transformation

In this work, we aim to translate an image from one domain to another while respecting

the constraints specified by a given guidance image. To tackle this problem, we propose

Bi-Directional Feature Transformation (bFT) to incorporate the additional guidance image

into the conditional generative model. We show that this conditioning scheme can be applied

to various guided image-to-image translation problems without application-specific designs.
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Figure 2.3: Bi-directional Feature Transformation. We present a bi-directional feature
transformation model to better utilize the additional guidance for guided image-to-image
translation problems. In place of every normalization layer in the encoder, we add our novel
FT layer. This layer scales and shifts the normalized feature of that layer as shown in
Figure 2.4. The scaling and shifting parameters are generated using a parameter generation
model of two convolution layers with a bottleneck of 100 dimension.

2.3.1 Feature transformation layer

Here, we first present the feature transformation (FT) layer to incorporate the guidance

information. In an FT layer, we perform an affine transformation on the normalized input

features using scaling and shifting parameters computed from the features of the given guid-

ance image. In Eqn. 2.1, we show this operation for an l-th layer. The scaling and shifting

parameters γ and β are computed from the guidance signal using a parameter generator

shown in Figure 2.3.

F l+1
input = γl

guide
F l

input − mean(F l
input)

std(F l
input)

+ βl
guide. (2.1)

A key difference between the FiLM layer [22] and the proposed FT layer is highlighted in

Figure 2.4. Specifically, the scaling γ and shifting β parameters of the FiLM layers are vectors
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Figure 2.4: Feature Transformation (FT). We present a feature transformation layer
to incorporate the guidance into the image-to-image translation model. A key difference
between a FiLM layer and our FT layer is that the scaling γ and shifting β parameters of
the FiLM layer are vectors, while in our FT layer they are tensors. Therefore, the scaling
and shifting operations are applied in spatially varying manner in our FT layer in contrast
to spatially invariant modulation as in the FiLM layer.
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and are applied channel-wise. That is, the same affine transformation of feature activations is

applied the same way regardless of the spatial position on the feature map. Such approaches

are reasonable for tasks such as style transfer or visual reasoning. However, they may not be

able to capture fine-grained spatial details that are important for image-to-image translation

problems. In contrast, the parameters in our FT layer are three-dimensional tensors which

offer a flexible way for modulating the input features in a spatially varying manner and

supports various forms of guidance signals (e.g., dense, sparse, or multi-channel).

2.3.2 Bi-directional conditioning scheme

To further utilize the available information from the guidance image, we propose a bi-

directional conditioning scheme. Unlike existing conditioning schemes that only allow the

guidance signal to influence the input image process, our approach supports bi-directional

communication between two branches of the networks processing the input and guidance

image. This bi-directional flow of information enables the generative model to better cap-

ture the constraints of the guidance image. In our proposed bFT scheme, we replace every

normalization layer with our proposed FT layer. At l-th layer, the guidance feature rep-

resentation manipulates the input feature representation as shown in Eqn. 2.1, and at the

same time is manipulated by that input feature representation. Such that:

F l+1
guide = γl

input
F l

guide − mean(F l
guide)

std(F l
guide)

+ βl
input (2.2)

Our intuition is that such a bi-directional approach can be seen as a bi-directional communi-

cation between a teacher (guidance branch) and a student (input image branch). A one-way

communication from the teacher to the student might not help the student understand the

teacher as much as two-way communication.
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2.4 Experimental Results

We evaluate our proposed bi-directional feature transformation conditioning scheme on three

different guided image-to-image translation problems with three different types of the guid-

ance signal.1 For all tasks, we use GANs with two possible architectures as our generator

model, either Unet or Resnet. We follow the same training objective function (a weighted

combination of L1 loss and an adversarial loss LGAN) as in [21]:

LGAN (G,D) + λL1(G). (2.3)

where we set λ to 100 for all the experiments. For each task we compare our results with

state-of-the-art methods as well as pix2pix [21] (with input concatenation conditioning).

2.4.1 Controllable sketch-to-photo synthesis

In this texture transfer task, given a sketch and a random sized texture patch as the guidance

signal, we aim to synthesize a photo that fills the input sketch respecting that given texture

patch.

Implementation details We use the Unet architecture of [21] as the base architecture of

our model. For both our bFT model and pix2pix, we train using a learning rate of 0.0002

with 7 layers of Unet architecture. We use an Adam optimizer for both with beta1 as 0.5 for

pix2pix, and beta1 as 0.9 for our model. For the handbag dataset, we train for 500 epochs

with a batch size of 64. For the shoes and clothes datasets, we train for 100 epochs with

batch size of 256.

1Code available: https://github.com/vt-vl-lab/Guided-pix2pix

https://github.com/vt-vl-lab/Guided-pix2pix
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Datasets and metrics We use the 128x128 data generated by Xian et al. [1] and follow

the same texture patch generation algorithm from the ground truth images. We evaluate the

results using the Learned Perceptual Image Patch Similarity (LPIPS) metric proposed by

Zhang et al. [17] and the frechet inception distance (FID) proposed by Heusel et al. [18]. For

every sketch in the test set, we generate 10 random sized ground truth texture patches using

the texture patch generation algorithm from Xian et al. [1] and compute the LPIPS and the

FID of the synthesized images. We use the provided pretrained models of Xian et al. [1] to

compute their results. Their pretrained models are trained on ground truth patches as well

as external patches, while our model and pix2pix are trained only on ground truth patches.

Evaluation We show the quantitative results of our work compared to Isola et al. [21] and

Xian et al. [1] in Table 2.1. While our model training is considerably simpler (trained with

only two losses) than that of the Xian et al. [1] (with seven different loss terms), we show

favorable results against both pix2pix [21] and Xian et al. [1] in terms of the LPIPS metric

on all three datasets. We also show the FID results.

Table 2.1: Texture Transfer Task: visual quality evaluation using the Learned Perceptual
Image Patch Similarity (LPIPS) metric [17] and Frechet Inception Distance (FID) [18] on
the datasets generated by [1]. A lower score is better.

Handbag Dataset Shoes Dataset Clothes Dataset
LPIPS FID LPIPS FID LPIPS FID

Xian et al. [1] 0.171 60.848 0.124 44.762 0.113 49.568

pix2pix [21] 0.234 96.31 0.238 197.492 0.439 190.161
Ours 0.161 74.885 0.124 121.241 0.067 58.407

We show sample qualitative results on the handbag, shoes, and clothes datasets in Figure 2.5

using ground truth texture patches as the guidance signal.
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Figure 2.5: Controllable sketch-to-photo synthesis with texture patches. Texture
transfer qualitative comparison with state-of-the-art-results on the handbags, shoes, and
clothes datasets from [1]. Here we use the ground truth texture patches as the guidance
signal.
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2.4.2 Controllable person-image synthesis

In the pose transfer task, given an image of a person and a target pose as a guidance signal,

we aim to synthesize an image of that given person in the desired pose.

Implementation details We use ResNet architecture as the base architecture of our

model. For both our bFT model and pix2pix, we train for 100 epochs using a learning rate

of 0.0002 with a batch size of 8, then we minimize the learning rate to 0.00002 and train for

50 additional epochs. We use the Adam optimizer for both with beta1 as 0.5 for pix2pix,

and beta1 as 0.9 for our model. We use 8 layers for the Unet architecture for pix2pix.

Datasets and metrics We use the 256x256 train and test sets provided by Ma et al. [46]

from the DeepFashion dataset [19]. Following the evaluation protocols in literature, we use

both SSIM and Inception Score (IS) to measure the quality of the synthesized images. We

also use the FID metric.

Evaluation We show the quantitative results of our work compared to state-of-the-art

methods in Table 2.2. We note that Siarohin et al. [48] trains on a different training set

of the DeepFashion dataset and excludes samples where pose keypoints are not detected.

To ensure fair comparison, we modify our test set to exclude such samples. We report the

results on both the full test set and the modified one. We use the pretrained models provided

by [46, 48] to test their models on our test set. We also note that Siarohin et al. [48] uses

the input pose as an additional input to the model. We show favorable results against other

methods using the Frechet Inception Distance (FID).

Note that it is very difficult to measure the quality of a synthesized image. In this task,

however, we not only care about the quality of the image, but also about it having the same
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Table 2.2: Pose Transfer task: visual quality evaluation on the DeepFashion dataset [19]. A
higher score of SSIM/IS is better. A lower score of FID is better.

Full test set Modified test set
SSIM IS FID SSIM IS FID

Ma et al. [47] 0.614 3.29 - - - -
Ma et al. [46] 0.762 3.09 47.917 0.764 3.10 47.373

Siarohin et al. [48] 0.758 3.36 15.655 0.763 3.32 15.215

pix2pix [21] 0.770 2.96 66.752 0.774 2.93 65.907
Ours 0.767 3.22 12.266 0.771 3.19 12.056

content and respecting the target pose. We show the qualitative results in Figure 2.6.

Input Guide Ma [46] Siarohin
[48]

pix2pix
[21] Ours Target

Figure 2.6: Controllable person-image synthesis with pose keypoints. Pose transfer
qualitative results on DeepFashion dataset. Our model in general achieves sharper results
on this challenging task.

Unlike the aforementioned methods that use keypoint based pose, Neverova et al. [49] uses

dense pose to perform pose transfer and achieved a score of [SSIM=0.785, IS=3.61], however,

we were unable to obtain the data nor the pre-trained model for comparison.
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2.4.3 Depth upsampling

In depth upsampling, we aim to generate a high-resolution depth map given a low resolution

depth map with the guidance of a high resolution RGB image.

Implementation details We use the ResNet architecture as the base architecture of our

model. For both our bFT model and pix2pix, we only use L1 as the objective function and

train for 500 epochs using a learning rate of 0.0002 with batch size of 2. We use an Adam

optimizer for both with beta1 as 0.5. For our work, we train on the original size of the

data 480x640, however, because pix2pix uses square sized inputs, it is trained on 512x512

resized data and we resize back before evaluation. We use 9 layers for the Unet architecture

of pix2pix.

Dataset and metric Following the setting of Li et al. [45], we use 1000 samples from

the NYU v2 dataset [20] for training and we test on the remaining 449. We generate the

low resolution input depth map using bicubic upsampling for three different scale factors

16, 8, and 4. Similar to the works in literature we use RMSE to evaluate the quality of the

generated depth.

Evaluation We show the RMSE results of our work compared to Isola et al. [21] and

state-of-the-art methods in Table 2.3. We report the results by Li et al. [45].

We also show qualitative results for the three scale factors in Figure 2.7. Our model, while

not designed for depth upsampling, can achieve state-of-the-art performance.
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Table 2.3: Depth Upsampling task: root mean square error (RMSE) results in centimeters
for the NYU v2 dataset [20].

Depth Scale x4 x8 x16

Bicubic 8.16 14.22 22.32
MRF [52] 7.84 13.98 22.20
GF [53] 7.32 12.98 22.03
JBU [54] 4.07 13.62 22.03
Ham [55] 5.27 12.31 19.24

DMSG [56] 3.48 6.07 10.27
FBS [57] 4.29 8.94 14.59
DJF [58] 3.54 6.20 10.21

DJFR [45] 3.38 5.86 10.11

pix2pix [21] 4.12 6.48 10.17
Ours 3.35 5.73 9.01

Input Guide DJF DJFR pix2pix Ours TargetInput Guide DJF DJFR pix2pix Ours Target

Figure 7. Depth upsampling guided by an RGB image. Comparison of depth upsampling qualitative results for a scale factor of 16 with
the state-of-the-art methods. The zoomed-in crops show that our method is able to capture fine details with sharper edges.

Table 4. Conditioning schemes.
Conditioning method Depth Upsampling Pose Transfer Texture Transfer

Handbags Shoes Clothes
4x 8x 16x SSIM IS FID LPIPS FID LPIPS FID LPIPS FID

Input Concatenation 6.65 8.42 11.86 0.782 3.10 42.330 0.182 85.600 0.137 124.973 0.061 60.795
Feature Concatenation 6.67 7.63 11.59 0.770 3.26 14.672 0.196 87.052 0.145 104.227 0.085 44.900
uFT 5.55 7.26 11.41 0.765 3.18 13.988 0.174 85.273 0.126 119.588 0.071 56.66
bFT (Ours) 3.35 5.73 9.01 0.767 3.17 13.240 0.171 80.179 0.123 119.832 0.067 58.467

Table 5. Number of feature transformation (FT) layers.
#Layers Depth Upsampling Pose Transfer

uFT bFT uFT bFT
x16 x16 SSIM IS FID SSIM IS FID

1 10.79 10.79 0.786 2.92 59.678 0.786 2.92 59.678
2 10.75 8.96 0.784 2.98 47.411 0.785 3.01 51.458
3 10.26 8.82 0.768 3.15 16.069 0.766 3.24 13.392
4 11.41 9.01 0.765 3.18 13.988 0.767 3.17 13.240

Table 6. Different approaches to affine transformation.
Method Depth Upsampling Pose Transfer

x16 SSIM IS FID

Ours 9.01 0.767 3.17 13.240
bi-directional AdaIN 13.36 0.722 3.37 160.846
bi-directional CIN 13.97 0.721 3.36 157.335

Final Layer - FT 11.40 0.769 3.25 18.292
Final Layer - AdaIN 14.30 0.720 3.30 146.596
Final Layer - CIN 14.51 0.720 3.58 168.503

would propagate through the sketch without fully respecting
its texture as shown in Figure 9.

5. Conclusion

We have presented a new conditional scheme for guided
image-to-image translation problems. Our core technical
contributions lie in the use of spatially varying feature
transformation and the design of bi-directional conditioning
scheme that allow the mutual modulation of the guidance
and input network branches. We validate the applicability
of our method on various tasks. While being application-

Figure 8. User Study. The percentage of people that find our
method more realistic respecting the input and guidance signal
over state-of-the-art methods using pair-wise comparisons.

Figure 9. Failure examples. When the guided patch does not
match well with the given sketch, our model fails to hallucinate
the given texture.

agnostic, our approach achieves competitive performance
with the state-of-the-art. The generality of our method
opens promising direction of incorporating a wide variety
of constraints for image-to-image translation problems.

Acknowledgment. This work was supported in part by
NSF under Grant No. 1755785. We thank the support of
NVIDIA Corporation with the GPU donation.

Figure 2.7: Depth upsampling guided by an RGB image. Comparison of depth
upsampling qualitative results for a scale factor of 16 with the state-of-the-art methods. The
zoomed-in crops show that our method is able to capture fine details with sharper edges.
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2.4.4 Ablation study

We conduct an ablation study to the effectiveness of our proposed bi-directional conditioning

scheme.

Conditioning schemes We compare our proposed bi-directional feature transformation

scheme (bFT) to uni-directional feature transformation (uFT), feature concatenation, and

input concatenation schemes shown in Figure 2.2. We show quantitative results in Table 2.4.

Table 2.4: Conditioning schemes.

Conditioning method Depth Upsampling Pose Transfer Texture Transfer
Handbags Shoes Clothes

4x 8x 16x SSIM IS FID LPIPS FID LPIPS FID LPIPS FID

Input Concatenation 6.65 8.42 11.86 0.782 3.10 42.330 0.182 85.600 0.137 124.973 0.061 60.795
Feature Concatenation 6.67 7.63 11.59 0.770 3.26 14.672 0.196 87.052 0.145 104.227 0.085 44.900
uFT 5.55 7.26 11.41 0.765 3.18 13.988 0.174 85.273 0.126 119.588 0.071 56.66
bFT (Ours) 3.35 5.73 9.01 0.767 3.17 13.240 0.171 80.179 0.123 119.832 0.067 58.467

Number of feature transformation (FT) layers In our bFT model, we use FT in

place of every normalization layer. For pose transfer and depth upsampling tasks, we use a

Resnet base with 4 normalization layers. Replacing those layers with our proposed FT layer,

we end up with 4 FT layers. We compare our approach with using FT at l, 2, and 3 layers

both bi-directionally and uni-directionally. We show the quantitative results in Table 2.5.

Table 2.5: Number of feature transformation (FT) layers.

#Layers Depth Upsampling Pose Transfer
uFT bFT uFT bFT
x16 x16 SSIM IS FID SSIM IS FID

1 10.79 10.79 0.786 2.92 59.678 0.786 2.92 59.678
2 10.75 8.96 0.784 2.98 47.411 0.785 3.01 51.458
3 10.26 8.82 0.768 3.15 16.069 0.766 3.24 13.392
4 11.41 9.01 0.765 3.18 13.988 0.767 3.17 13.240
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Different approaches to affine transformation Using our bi-directional approach, we

compare our proposed FT with CIN and AdaIN. In both CIN and AdaIN, we use FiLM layer

in place of every normalization layer. In CIN, we learn the scaling and shifting parameters,

while in AdaIN, we use the mean as the scaling parameter and the standard deviation as the

shifting parameter. We also test feature transformation at only the last layer of the encoder

and compare the performance of our FT with CIN and AdaIN. We show the quantitative

results in Table 2.6.

Table 2.6: Different approaches to affine transformation.

Method Depth Upsampling Pose Transfer
x16 SSIM IS FID

Ours 9.01 0.767 3.17 13.240
bi-directional AdaIN 13.36 0.722 3.37 160.846
bi-directional CIN 13.97 0.721 3.36 157.335

Final Layer - FT 11.40 0.769 3.25 18.292
Final Layer - AdaIN 14.30 0.720 3.30 146.596
Final Layer - CIN 14.51 0.720 3.58 168.503

2.4.5 User study

We conduct a user study on pair-wise comparisons. We ask 100 subjects to answer 4 random

pair-wise comparisons per task and dataset. We ask the subject to select the image that

looks more realistic respecting the input and the given guidance signal. We show the user

study results in Figure 2.8.

2.4.6 Limitation

In the task of texture transfer, we observe a limitation of our work when the guidance patch

does not go well with the input sketch. In such a case, the color of the guidance patch would
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Figure 2.8: User Study. The percentage of people that find our method more realistic
respecting the input and guidance signal over state-of-the-art methods using pair-wise com-
parisons.

propagate through the sketch without fully respecting its texture as shown in Figure 2.9.

Figure 2.9: Failure examples. When the guided patch does not match well with the given
sketch, our model fails to hallucinate the given texture.

2.5 Conclusion

We have presented a new conditional scheme for guided image-to-image translation prob-

lems. Our core technical contributions lie in the use of spatially varying feature transforma-

tion and the design of bi-directional conditioning scheme that allow the mutual modulation

of the guidance and input network branches. We validate the applicability of our method
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on various tasks. While being application-agnostic, our approach achieves competitive per-

formance with the state-of-the-art. The generality of our method opens promising direction

of incorporating a wide variety of constraints for image-to-image translation problems.



Chapter 3

Pose with Style: Detail-Preserving

Pose-Guided Image Synthesis with

Conditional StyleGAN
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︸ ︷︷ ︸Pose-guided image synthesis ︸ ︷︷ ︸Virtual try-on

Figure 3.1: Detail-preserving pose-guided person image generation. We present a
single-image human reposing algorithm guided by arbitrary body shapes and poses. Our
method first transfers local appearance features in the source image to the target pose with
a human body symmetry prior. We then leverage a pose-conditioned StyleGAN2 genera-
tor with spatial modulation to produce photo-realistic reposing results. Our work enables
applications of posed-guided synthesis (left) and virtual try-on (right). Thanks to spatial
modulation, our result preserves the texture details of the source image better than prior
work.

27
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We present an algorithm for re-rendering a person from a single image under arbitrary poses.

Existing methods often have difficulties in hallucinating occluded contents photo-realistically

while preserving the identity and fine details in the source image. We first learn to inpaint

the correspondence field between the body surface texture and the source image with a

human body symmetry prior. The inpainted correspondence field allows us to transfer/warp

local features extracted from the source to the target view even under large pose changes.

Directly mapping the warped local features to an RGB image using a simple CNN decoder

often leads to visible artifacts. Thus, we extend the StyleGAN generator so that it takes

pose as input (for controlling poses) and introduces a spatially varying modulation for the

latent space using the warped local features (for controlling appearances). We show that

our method compares favorably against the state-of-the-art algorithms in both quantitative

evaluation and visual comparison.

3.1 Introduction

Controllable, photo-realistic human image synthesis has a wide range of applications, includ-

ing virtual avatar creation, reposing, virtual try-on, motion transfer, and view synthesis.

Photo-realistic rendering of human images is particularly challenging through traditional

computer graphics pipelines because it involves 1) designing or capturing 3D geometry and

appearance of human and garments, 2) controlling poses via skeleton-driven deformation

of 3D shape, and 3) synthesizing complicated wrinkle patterns for loose clothing. Re-

cent learning-based approaches alleviate these challenges and have shown promising results.

These methods typically take inputs 1) a single source image capturing the human appear-

ance and 2) a target pose representation (part confidence maps, skeleton, mesh, or dense

UV coordinates) and synthesize a novel human image with the appearance from source and
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the pose from the target.

Image-to-image translation based methods [46, 47, 48, 59, 60], building upon conditional

generative adversarial networks [21], learn to predict the reposed image from the source image

and the target pose. However, as human reposing involves significant spatial transformations

of appearances, such approaches often require per-subject training using multiple images from

the same persons [37, 61] or are incapable of preserving the person’s identity and the fine

appearance details of the clothing in the source image.

Surface-based approaches [49, 62, 63, 64] map human pixels in the source image to the

canonical 3D surface of the human body (e.g., SMPL model [65]) with part segmentation

and UV parameterization. This allows transferring pixel values (or local features) of visible

human surfaces in the input image to the corresponding spatial location specified by the

target pose. These methods thus retain finer-grained local details and identity compared to

image-to-image translation models. However, modeling human appearance as a single UV

texture map cannot capture view/pose-dependent appearance variations and loose clothing.

StyleGAN-based methods [6, 9, 66] very recently have shown impressive results for control-

lable human image synthesis [6, 9] or virtual try-on [66]. The key ingredient is to extend the

unconditioned StyleGAN network [2] to a pose-conditioned one. While their generated images

are photo-realistic, it remains challenging to preserve fine appearance details (e.g., unique

patterns/textures of garments) in the source image due to the global (spatially-invariant)

modulation/demodulation of latent space.

We present a new algorithm for generating detail-preserving and photo-realistic re-rendering

of human with novel poses from a single source image. Similar to the concurrent work [9, 66],

we use a pose-conditioned StyleGAN network for generating pose-guided images. To pre-

serve fine-grained details in the source image, we learn to inpaint the correspondence field
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between 3D body surface and the source image using a body symmetry prior. Using this

inpainted correspondence field, we transfer local features from the source to the target pose

and use the warped local features to modulate the StyleGAN generator network at multi-

ple StyleBlocks in a spatially varying manner. As we combine complementary techniques

of photo-realistic image synthesis (from StyleGAN-based methods) and the 3D-aware detail

transfers (from surface-based methods), our method achieves high-quality human-reposing

and garment transfer results (Figure 3.1) and alleviates visible artifacts compared with the

state-of-the-art (Figure 3.2). While StylePoseGan [9] (concurrent work to ours) also combines

pose-conditioned StyleGAN with the use of proxy geometry, its global modulation/demodu-

lation scheme limits its ability to preserve fine appearance details. We evaluate the proposed

algorithm visually and quantitatively using the DeepFashion dataset [8] and show favorable

results compared to the current best-performing methods. Our contributions include:

• We integrate the techniques from surface-based and styleGAN-based methods to pro-

duce detail-preserving and photo-realistic controllable human image synthesis.

• We propose an explicit symmetry prior of the human body for learning to inpaint

the correspondence field between human body surface and the source image which

facilitates detail transfer, particularly for drastic pose changes.

• We present a spatially varying variant of latent space modulation in the StyleGAN

network, allowing us to transfer local details while preserving photo-realism.
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Figure 3.2: Limitations of existing methods. Existing human reposing methods strug-
gle to preserve details in the source image. Common issues include identity (1st and 2nd
columns) and clothing textures (3rd, 4th columns) changes. Compare these results with ours
in Figure 3.1.
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3.2 Related Work

3.2.1 Pose-guided Person Image Synthesis

Pose-guided person image synthesis aims to transfer a person’s appearance from a source

image to a target pose. Example applications include motion transfer [61, 67, 68], human

reposing [6, 46, 47], and virtual try-on [6, 9, 66]. These approaches typically encode the

pose as either part confidence maps [46, 47, 67] or skeleton [5, 6, 7, 48, 59, 60, 61] and use

a conditional GAN to produce the reposed images. To handle large pose changes, existing

methods leverage per-subject training [37, 61, 67], spatial transformation/deformation [7,

48, 69], and local attention [7]. To retain the source identity and appearance, surface-

based methods first establish the correspondence between pixels from the source/target

image to a canonical coordinate system of the 3D human body (with UV parameterization).

These methods can then transfer pixels [49, 62, 63, 70] or local features [64] to the target

pose. As the commonly used UV parameterization only captures the surface of a tight

human body [65], methods either explicitly predict garment labels [68] or implicitly re-

render the warped features [64]. Very recently, pose-conditioned StyleGAN networks have

been proposed [9, 66]. To control the target appearance, pose-independent UV texture [9]

is used to modulate the latent space. Our method builds upon pose-conditioned StyleGAN

but differs from prior work in two critical aspects. First, instead of global latent feature

modulation used in prior work, we propose to use a spatially varying modulation for improved

local detail transfer. Second, we train a coordinate inpainting network for completing partial

correspondence field (between the body surface and source image) using a human body

symmetry prior. This allows us to directly transfer local features extracted from the source

to the target pose.
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3.2.2 Neural Rendering

Neural rendering methods first render a coarse RGB image or neural textures that is then

mapped to an RGB image using a translation network [71, 72, 73, 74, 75, 76]. Recent

research focuses on learning volumetric neural scene representations for view synthesis [77,

78]. This has been extended to handle dynamic scenes (e.g., humans) [79, 80, 81, 82, 83].

Recent efforts further enable controls over viewpoints [84, 85], pose [86, 87], expressions [85],

illumination [88] of human face/body. However, most of these approaches often require

computationally expensive per-scene/per-person training. Our method also uses body surface

mesh as our geometry proxy for re-rendering. Instead of using a simple CNN translation

network, we integrate the rendered latent texture with StyleGAN through spatially varying

modulation. In contrast to volumetric neural rendering techniques, our method does not

require per-subject training.

3.2.3 Deep Generative Adversarial Networks

Deep generative adversarial networks have shown great potentials for synthesizing high-

quality photo-realistic images [2, 25, 89, 90, 91]. Using the pre-trained model, several works

discover directions in the latent space that correspond to spatial or semantic changes [92,

93, 94, 95, 96]. In the context of portrait images, some recent methods provide 3D control

for the generated samples [97, 98] or real photographs [99]. Our work focuses on designing a

pose-conditioned GAN with precise control on the localized appearance (for virtual try-on)

and pose (for reposing).
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3.2.4 Image-to-Image Translation

Image-to-image translation provides a general framework for mapping an image from one

visual domain to another [21, 26, 100]. Recent advances include learning from unpaired

dataset [28, 31, 32], extension to videos [37, 101], and talking heads [102, 103]. Similar to

many existing human reposing methods [5, 6, 7, 46, 47, 59, 61], our work maps an input

target pose to an RGB image with the appearance from a source image. Our core technical

novelties lie in 1) spatial modulation in StyleGAN for detail transfer and 2) a body symmetry

prior for correspondence field inpainting.

3.2.5 Localized Manipulation

When editing images, Localized manipulation is often preferable over global changes. Exist-

ing work addresses this via structured noise [104], local semantic latent vector discovery [105],

latent space regression [106], and explicit masking [107]. Our spatial feature modulation

shares high-level similarity with approaches that add spatial dimensions to the latent vec-

tors in unconditional StyleGAN [104, 108] and conditional GANs [100, 109]. Our work differs

in that our spatial modulation parameters are predicted from the warped appearance fea-

tures extracted from the source image instead of being generated from random noise using

a mapping network.

3.2.6 Symmetry Prior

Symmetry prior (in particular reflective symmetry) has been applied for learning deformable

3D objects [110], 3D reconstruction of objects [111], and human pose regression [112]. Our

work applies left-right reflective symmetry to facilitate the training of coordinate-based tex-
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ture inpainting network. The symmetry prior allows us to reuse local appearance features

from the source and leads to improved results when source and target poses are drastically

different.

3.3 Method

Given an image of a person Isrc and a desired target pose Ptrg represented by Image-space

UV coordinate map per body part (shortly IUV) extracted from DensePose [3], our goal is

to generate an image preserving the appearance of the person in Isrc in the desired pose

Ptrg. Note that this IUV representation of dense pose entangles both the pose and shape

representation.

We show an overview of our proposed approach in Figure 3.3.

We use a pose-guided StyleGAN2 generator [2] that takes 16× 16× 512 pose features Fpose

as input. The pose features Fpose are encoded from the DensePose representation [3] using

a pose feature generator Gpose that is composed of several residual blocks. Using the source

and target pose, we use coordinate completion model to produce target coordinate that

establishes the correspondence between target and source image. To encode the appearance

information, we use a feature pyramid network [4] Gapp to encode the source image into

multiscale features and warp them according to the target pose. We then use the warped

appearance features to generate scaling and shifting parameters to spatially modulate the

latent space of the StyleGAN generator.
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Figure 3.3: Method overview. Our human reposing model builds upon a pose-conditioned
StyleGAN2 generator [2]. We extract the DensePose [3] representation Ptrg and use a pose
encoder Gpose to encode Ptrg into 16× 16× 512 pose features Fpose which is used as input to
the StyleGAN2 generator [2]. To preserve the source image appearance, we encode the input
source image Isrc into multiscale warped appearance features Fappi using the source feature
generator (Figure 3.7). To warp the feature from the source pose to the target pose we use
the target coordinates Tcoord. We compute these target coordinates Tcoord using 1) the target
dense pose Ptrg and 2) the completed coordinates in the UV-space inpainted using the coor-
dinate completion model (Figure 3.4). We pass the multi-scale warped appearance features
Fappi through the affine parameters network to generate scaling and shifting parameters α
and β that are used to modulate the StyleGAN2 generator features in a spatially varying
manner (Figure 3.6). Our training losses include adversarial loss, reconstruction losses, and
a face identity loss.
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3.3.1 Coordinate Completion Model

The IUV map of the source pose Psrc allows us to represent the pose-independent appearance

of the person in the UV-space. However, only the appearance of visible body surface can be

extracted. This leads to incomplete UV-space appearance representation and thus may not

handle the dis-occluded appearance for the target pose Ptrg. Previous work [9] encodes the

partial UV-space appearance to a global latent vector for modulating the generator. This

works well for clothing with uniform colors or homogeneous textures, but inevitably loses the

spatially-distributed appearance details. We propose to inpaint the UV-space appearance

by a neural network guided by the human body mirror-symmetry prior. Instead of directly

inpainting pixel values in UV-space, we choose to complete the mapping from image-space

to UV-space established by Psrc and represented by UV-space source image coordinates, in

order to avoid generating unwanted appearance artifacts while best preserving the source

appearance. We refer to this network as coordinate completion model. We show an overview

of our coordinate completion model in Figure 3.4.

Given a mesh grid and the dense pose of the input source image Psrc, we use a pre-computed

image-space to/from UV-space mapping to map coordinates from the mesh grid to appropri-

ate locations in the UV-space (using bilinear sampling for handling fractional coordinates).

We denote these base mapped coordinates as Cbase and the mask indicating where these

coordinates are as Mbase.

Since human appearances are often left-right symmetrical, in addition to these base coordi-

nates, we also map the left-right mirrored coordinates to the UV-space Cmirrored and denote

their respective mask as Mmirrored. Visualization of mapped base and mirrored coordinates

are shown in Figure 3.5.

We combine the incomplete UV-space base and mirrored coordinates and their respective
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(a) Coordinate completion model (b) Training losses

Figure 3.4: Coordinate completion model. The goal of the coordinate completion model
is to learn how to reuse the local features of the visible parts of the human in the source
image for the invisible parts (unseen in the source pose) in the target pose. (a) Given a
mesh grid and the dense pose of the input source image Psrc, we map the base coordinates
Cbase and their symmetric counterpart Cmirrored from the 2D mesh grid to the UV-space
using a pre-computed mapping table. We then concatenate the combined coordinates Cin

and their corresponding visibility mask Min as input to the coordinate completion model.
(b) We train the model to minimize the L1 loss between the predicted coordinates Cout and
the input coordinates Cin as shown in Eqn. 3.4. We also minimize the L1 loss between the
warped source image and the warped target image as shown in Eqn. 3.5.

masks, such that:

Mmirrored = Mmirrored − (Mbase ·Mmirrored) (3.1)

Min = Mbase +Mmirrored (3.2)

Cin = Cbase ·Mbase + Cmirrored ·Mmirrored (3.3)

We concatenate the combined coordinates Cin and their mask Min and pass them as input

to the coordinate completion model. To implement our coordinate completion model, we

follow a similar architecture to the coordinate inpainting architecture proposed by [62] with

gated convolutions [50].

We train our model to minimize the ℓ1 loss between the generated coordinates Cout and the
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input coordinates, such that:

Lcoord = ||Cout ·Mbase − Cbase ·Mbase||1

+λmirrored · ||Cout ·Mmirrored − Cmirrored ·Mmirrored||1,
(3.4)

where λmirrored is set to 0.5.

We also utilize the source-target pairs to train the coordinate completion model. Specifically,

we use the source dense pose Psrc to map the generated complete coordinates from the UV-

space to the source image-space Scoord. Similarly, we also use the target dense pose Ptrg to

map the generated complete coordinates from the UV-space to the target image-space Tcoord

using the pre-computed mapping table. We then use these target and source coordinates to

warp pixels from the input source image Isrc and minimize the ℓ1 loss between the foreground

of the warped images and the foreground of the ground truth images, such that:

Lrgb = ||warp(Isrc, Scoord) ·MPsrc − Isrc ·MPsrc ||1

+||warp(Isrc, Tcoord) ·MPtrg − Itrg ·MPtrg ||1,
(3.5)

where MPsrc and MPtrg are the source pose mask and target pose mask, respectively.

The total loss to train the coordinate completion model is:

L = Lcoord + Lrgb (3.6)
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(c) Sym.-guided
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(a) Base (without
symmetry)

(b) Ours (with
symmetry)︸ ︷︷ ︸Symmetry-guided inpainting ︸ ︷︷ ︸Reposed results

Figure 3.5: Symmetry-guided inpainting. (Left) Given a mesh grid and the source image
dense pose Psrc, we first map the coordinates from the 2D mesh grid to appropriate locations
in the UV-space using a pre-computed mapping table. We can then use these mapped base
coordinates Cbase to warp RGB pixels from the input source image Isrc. We show the base
coordinates and their warped RGB pixels in (a). (b) In addition to these base coordinates,
we can also map the left-right mirrored coordinates Cmirrored from the 2D mesh grid to the
UV space. To train our coordinate completion model, we combine the incomplete base and
mirrored coordinates in the UV-space. We then concatenate these combined coordinates
with their respective mask and pass them as input to our coordinate completion model. We
show our completed coordinates and the UV texture map in (c). (Right) We compare the
reposing results without and with the proposed symmetry prior.
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Figure 3.6: Spatial vs. non-spatial modulation of StyleGAN2 features. Our input
to the StyleGAN2 generator is the encoded target pose features Fpose (a) StyleGAN2 [2]
performs non-spatial modulation of features by modulating and demodulating the weights of
the convolutions using the learned style vector S. After the convolution the bias is added as
well as StyleGAN2 noise broadcast operation B. (b) To better leverage the spatial features for
preserving appearance details, we propose spatial modulation of styleGAN2 features. Instead
of modulating and demodulating the weights of the convolutions, we modulate the mean and
standard deviation of the features. We perform this modulation before the convolution using
the shifting and scaling parameters, α and β, generated by the affine parameters network
(APN). We then normalize the output of the convolution to zero mean and unit standard
deviation before adding the bias and StyleGAN2 noise broadcast operation B.
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3.3.2 Source Feature Generator

To preserve the appearance in source image Isrc, we encode it using several residual blocks

into multi-scale features F src
appi

. We utilize the pretrained coordinate completion model to

obtain the target image-space coordinates Tcoord such that it could warp the source features

F src
appi

from the source pose to the target pose F trg
appi

. We then concatenate these warped

features with the target dense pose mask Mptrg and pass them into a feature pyramid net-

work [4] to get our multi-scale warped appearance features Fappi . We show our source feature

generator in Figure 3.7.

3.3.3 Affine Parameters Network and Spatial Modulation

Prior to every convolution layer in each style block of StyleGAN2, we pass the warped

source features Fappi into an affine parameters network to generate scaling α, and shifting

β parameters. Each convolution layer has its own independent affine parameters network

which is composed of two 1 × 1 convolutions separated by a ReLU activation function for

each parameter. To preserve spatial details, we modify every convolution layer in each style

block of StyleGAN2 [2]. Instead of performing spatially invariant weight modulation and

demodulation, we use the generated scaling and shifting tensor parameters, α and β, to

perform spatially varying modulation of the features Fi as follows:

F̂i = αi ⊗ Fi + βi, (3.7)

where F̂i is now the modulated features that will be passed as input to the 3× 3 convolution

of styleGAN2 generator. The output features of the convolution F̂i
out is then normalized to
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Figure 3.7: Source feature generator. To preserve the source image appearance, we
encode the input source image Isrc into multiscale features F src

appi
and warp them from the

source pose to the target pose F trg
appi

using the target coordinates Tcoord computed from the
target coordinate generator (Figure 3.3). We further process the warped features with a
feature pyramid network [4] to obtain the multi-scale warped appearance features Fappi

which go through affine parameters network to generate scaling and shifting parameters α
and β that are used to modulate the StyleGAN2 generator features in a spatially varying
manner (Figure 3.6).
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zero mean and unit standard deviation. Such that:

F̄i =
F̂i

out
− mean(F̂i

out
)

std(F̂i
out

)
(3.8)

Similar to StyleGAN2, we then add the noise broadcast operation B and the bias to F̄i

to get Fi+1 which will be fed into the next convolution layer. In Figure 3.6, we illustrate

our detailed spatial modulation approach as well as the non-spatial weight modulation and

demodulation of StyleGAN2.

3.3.4 Training Losses

In addition to StyleGAN2 adversarial loss Ladv, we train our model to minimize the following

reconstruction losses:

• ℓ1 loss. We minimize the ℓ1 loss between the foreground human regions of the synthe-

sized image Îtrg and of the ground truth target Itrg.

Lℓ1 = ||Îtrg ·Mtrg − Itrg ·Mtrg||1, (3.9)

where Mtrg is the human foreground mask estimated using a human parsing method [113].

• Perceptual loss. We minimize the weighted sum of the ℓ1 loss between the pretrained

VGG features of the synthesized ˆItrg foreground and the ground truth Itrg foreground

such that:

Lvgg =
5∑

i=1

wi · ||V GGli(Îtrg ·Mtrg)− V GGli(Itrg ·Mtrg)||1 (3.10)
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We use w = [ 1
32
, 1
16
, 1
8
, 1
4
, 1.0] and VGG ReLU output layers l = [1, 6, 11, 20, 29] follow-

ing [26, 100].

• Face identity loss. We use MTCNN [114] to detect, crop, and align faces from the gen-

erated image Îtrg and ground truth target Itrg. When a face is detected, we maximize

the cosine similarity between the pretrained SphereFace [115] features of the generated

face and the ground truth target face. Such that:

Lface = 1−

(
SF (Îtrg)

⊤SF (Itrg)

max(||SF (Îtrg)||2 · ||SF (Itrg)||2, ϵ)

)
(3.11)

where SF is the pretrained SphereFace feature extractor, and SF (Îtrg) and SF (Itrg)

are features of the aligned faces of the generated and ground truth image respectively.

ϵ = e−8 is a very small value to avoid zero-dividing.

Therefore, our final loss is: L = Ladv + Lℓ1 + Lvgg + Lface.

3.4 Experimental Results

3.4.1 Experimental setup

Implementation details

We implement our model with PyTorch. We use ADAM optimizer with a learning rate

of ratio · 0.002 and beta parameters (0, 0.99ratio). We set the generator ratio to 4
5

and

discriminator ratio to 16
17

.
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Training

We first train our model by focusing on generating the foreground. We apply the reconstruc-

tion loss and the adversarial loss only on the foreground. We set the batch size to 1 and

train for 50 epochs. This training process takes around 7 days on 8 NVIDIA 2080 Ti GPUs.

We then finetune the model by applying the adversarial loss globally on the entire image.

We set the batch size to 8 and train for 10 epochs. This training process takes less than 2

days on 2 A100 GPUs. At test time, generating a reposing results with 384× 512 resolution

takes 0.4 seconds using 1 NVIDIA 2080 Ti GPU.

Dataset

We use the DeepFashion dataset [8] for training and evaluation. We follow the train/test

splits (101,967 training and 8,570 testing pairs) of recent methods [5, 6, 7].

3.4.2 Evaluations

Quantitative evaluation

is reported in Table 3.1. We report the human foreground peak signal-to-noise ratio (PSNR),

structural similarity index measure (SSIM), learned perceptual image patch similarity (LPIPS) [116],

and Frechet Inception Distance (FID) [117]. PSNR/SSIM often do not correlate well with

perceived quality, particularly for synthesis tasks. For example, PSNR may favor blurry

results over sharp ones. We report these metrics only for completeness.

Our method compares favorably against existing works such as PATN [5] ADGAN [6],

and GFLA [7]. Our method also compares favorably against the concurrent work Style-

PoseGAN [9]. We report the quantitative evaluation in Table 3.2. We train and test our
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Table 3.1: Quantitative comparison with the state-of-the-art methods on the DeepFashion
dataset [8].

PSNR↑ SSIM↑ FID↓ LPIPS↓
Resolution = 174× 256
PATN [5] 17.7041 0.7543 21.8568 0.195
ADGAN [6] 17.7223 0.7544 16.2686 0.175
GFLA [7] 18.0424 0.7625 15.1722 0.167
Ours 18.5062 0.7784 8.7449 0.134
Resolution = 348× 512
GFLA [7] 17.9718 0.7540 18.8519 0.170
Ours 18.3567 0.7640 9.0002 0.143

method using their DeepFashion dataset train/test split.

Table 3.2: Quantitative comparison on 348× 512 resolution with StylePoseGAN [9] on their
DeepFashion dataset train/test split.

PSNR↑ SSIM↑ FID↓ LPIPS↓
StylePoseGAN [9] 17.7568 0.7508 7.4804 0.167
Ours 18.5029 0.7711 6.0557 0.144

Visual comparison

in Figure 3.8 and Figure 3.9 show that our proposed approach captures finer-grained ap-

pearance details from the input source images.

Face identity

We evaluate our model’s ability to preserve the reposed person’s identity. For test images

with visible faces (7,164 from 8,570), we report in Table 3.3 the averaged cosine similarity

between the face features (Arcface [118] and Spherenet [119]) extracted from the aligned
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Source/Pose PATN ADGAN GFLA Ours Target

Figure 3.8: Visual comparison for human reposing. We show visual comparison of
our method with PATN [5], ADGAN [6], and GFLA [7] on DeepFashion dataset [8]. Our
approach successfully captures the local details from the source image.
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Source/Pose StylePoseGAN Ours Target

Figure 3.9: Visual comparison for human reposing. We compare our method with
StylePoseGAN [9] on their train/test split of DeepFashion dataset [8]. Our approach pre-
serves the appearance and captures the fine-grained details of the source image.
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faces in the source/target images. Our method compares favorably against GFLA [7].

Table 3.3: The ability to preserve the identity of the reposed person.
Arcface Spherenet

GFLA [7] 0.117 0.197
Ours 0.373 0.438
Ground truth 0.555 0.444

3.4.3 Ablation study

For the ablation study, we report the results of the foreground-focused trained model.

Symmetry prior

We evaluate the effectiveness of adding the symmetry prior to the input of the coordinate

completion model. We train our networks with and without this symmetry prior and report

the quantitative results in Table 3.4. Results show that adding the symmetry prior indeed

improves the quality of the synthesis. We note that the symmetry prior generally works well

for repetitive/textured patterns, but may introduce artifacts for unique patterns (e.g., text).

Table 3.4: The effect of symmetry-guided coordindate inpainting on the DeepFashion dataset
[8].

PSNR↑ SSIM↑ FID↓ LPIPS↓
Without symmetry 18.8810 0.7886 8.5240 0.129
With symmetry (Ours) 18.9657 0.7919 8.1434 0.124
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Modulation schemes

We quantitatively and qualitatively demonstrate the effectiveness of our proposed spatial

modulation. We show quantitative evaluation in Table 3.5. We show qualitative results

in Figure 3.10. Results show that spatially varying modulation improves the quality of the

synthesized human foreground and captures the spatial details of the source images regardless

of the input source image type.

Table 3.5: Ablation on source for appearance (Incomplete UV, Complete UV, and Image)
and modulation types (Spatial and Non-spatial).

ID Input Source Spatial PSNR↑ SSIM↑ FID↓ LPIPS↓
A Incomplete UV - 18.7385 0.7710 9.4150 0.151
B Incomplete UV ✓ 18.6005 0.7696 9.2321 0.146
C Complete UV - 18.9407 0.7770 9.7435 0.147
D Complete UV ✓ 18.7063 0.7720 9.0236 0.143
E Source image - 18.6027 0.7678 9.4367 0.154
F Source image ✓ 18.7420 0.7739 8.8060 0.139

Sources of appearance

We experiment with multiple variants for encoding source appearance. Specifically, the

incomplete UV, complete UV (completed using the coordinate completion model), and source

image (our approach shown in Figure 3.3). We report the quantitative results in Table 3.5

and visual results in Figure 3.10. The results show that extracting appearance features

directly from the source image preserves more details than other variants.

3.4.4 Garment transfer Results

Using the UV-space pre-computed mapping table, we can segment the UV-space into human

body parts (Figure 3.11). We can then use this UV-space segmentation map to generate the
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Source/Pose A
non-spatial

B
spatial

C
non-spatial

D
spatial

E
non-spatial

F
spatial Target︸ ︷︷ ︸Incomplete UV ︸ ︷︷ ︸Completed UV ︸ ︷︷ ︸Source image foreground

Figure 3.10: Ablation. We compare our results with other variants, including the modula-
tion types and source of appearance features. We show that the proposed spatial modulation
captures finer-grained details from the source image. Transferring appearance features from
the source image leads to fewer artifacts compared to features from the UV space.
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target pose segmentation map using the target dense pose Ptrg. The target segmentation

map allows us to combine partial features from multiple source images to perform garment

transfer. Figure 3.12 shows examples of bottom and top garment transfer.

𝑃"#$𝑆&' 𝑆()*+

UV-to-2D

Figure 3.11: Human body segmentation. We create a UV-space segmentation map Suv

of the human body using the UV-space pre-computed mapping table. We use the target
dense pose Pt to map this UV-space segmentation map to 2D target pose SPt which can then
be used to combine features from multiple source images to perform garment transfer.

3.4.5 Limitations

Failure cases

Human reposing from a single image remains challenging. Figure 3.13 shows two failure

cases where our approach fails to synthesize realistic hands and clothing textures. Hands

are difficult to capture due to the coarse granularity of DensePose. Explicitly parsing hands

could help establish more accurate correspondence between source/target pose (e.g., using

Monocular total capture [120]). Long-hairs and loose-fit clothes (e.g., skirts) are challenging

because they are not captured by DensePose. We believe that incorporating human/garment

parsing in our framework may help mitigate the artifacts.
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Figure 3.12: Garment transfer. We show examples of garment transfer for bottom (left)
and top (right) garment sources.
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Figure 3.13: Failure cases. Our method produces artifacts on the hands (left) and the skirt
(right).

Diversity

DeepFashion dataset consists of mostly young fit models and very few dark-skinned indi-

viduals. Our trained model thus inherit the biases and perform worse on unrepresented

individuals as shown in Figure 3.14. We believe that training and evaluating on diverse

populations and appearance variations are important future directions.

3.5 Conclusions

We have presented a simple yet effective approach for pose-guided image synthesis. Our core

technical novelties lie in 1) spatial modulation of a pose-conditioned StyleGAN generator

and 2) a symmetry-guided inpainting network for completing correspondence field. We

demonstrate that our approach is capable of synthesizing photo-realistic images in the desired

target pose and preserving details from the source image. We validate various design choices



56
CHAPTER 3. POSE WITH STYLE: DETAIL-PRESERVING POSE-GUIDED IMAGE SYNTHESIS WITH

CONDITIONAL STYLEGAN

Figure 3.14: Diverse in the wild cases. Our model inherits the biases of DeepFashion
dataset and thus performs worse on unrepresented individuals. Our method cannot accu-
rately synthesize curly hair (left) and fails in reposing dark-skinned individuals (right).

through an ablation study and show improved results when compared with the state-of-the-

art human reposing algorithms. Our controllable human image synthesis approach enables

high-quality human pose transfer and garment transfer, providing a promising direction for

rendering human images.
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Figure 4.1: Temporally consistent video semantic editing. We present a method
for editing the semantic attributes of a video using a pre-trained StyleGAN model. Here
we showcase free-form text based editing from SytleCLIP [10] to make the person appear
“angry” (2nd row) or wear “eyeglasses” (3rd row).

Generative adversarial networks (GANs) have demonstrated impressive image generation

quality and semantic editing capability of real images, e.g., changing object classes, modifying

57
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attributes, or transferring styles. However, applying these GAN-based editing to a video

independently for each frame inevitably results in temporal flickering artifacts. We present

a simple yet effective method to facilitate temporally coherent video editing. Our core idea

is to minimize the temporal photometric inconsistency by optimizing both the latent code

and the pre-trained generator. We evaluate the quality of our editing on different domains

and GAN inversion techniques and show favorable results against the baselines.

4.1 Introduction

Generative adversarial models (GANs) [25] have shown remarkable ability to generate pho-

torealistic images in various domains such as faces and scenes [90, 121, 122]. GANs take a

latent code (usually sampled from a Gaussian distribution) as input and produce an image

as the output. GAN inversion techniques allow us to project a real image onto the latent

space of a pretrained GAN and retrieve its corresponding latent code. The pretrained GAN

generator can then reconstruct that image using the estimated latent code. Modifying this

estimated latent code opens up exciting new opportunities to perform a wide range of high-

level editing tasks that are traditionally challenging, e.g., changing semantic object classes,

modifying high-level attributes of the object/scene, or even applying 3D geometric trans-

formations. We refer to the modification of the latent code with a semantic change in the

image as semantic editing, e.g., changing the semantic attributes of an object.

Semantic editing in images. A recent line of research work [11, 12, 123, 124, 125, 126,

127] has shown promising results in reconstructing an input image by either optimizing the

latent code (or latent variables) or directly predicting the latent code via an image encoder.

These GAN inversion techniques enable interesting semantic photo editing applications. For

image-level editing applications, several approaches [128, 129, 130] find specific semantic
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directions in the latent space, e.g., changing poses, colors, or age, while others [131] aim

to change the global style, e.g., photo → sketch, photo → cartoon. We denote them as

In-domain and Out-of-domain editing, respectively. With these image GAN inversion-based

semantic editing approaches, how can we extend them to videos?

Per-frame editing. One straightforward approach is to apply existing GAN inversion

techniques [11, 12, 126, 127] for each frame in a video independently. Figure 4.2 shows an

example of applying a StyleCLIP mapper [10] on two frames. The input and the inde-

pendently reconstructed frames look plausible when viewed individually. However, the two

edited frames exhibit inconsistency (e.g., the frame of the eyeglasses). Very recently, Yao et

al. [15] learns to predict per-frame semantic editing directions for editing face videos. How-

ever, the edited videos suffer from apparent temporal flickering and fail to preserve facial

identity.

Our work. In this paper, we present a method for temporally consistent video semantic

editing. We start from the existing GAN inversion approaches [11, 12] to obtain the latent

code for each frame. We first modify the latent code to achieve the initial per-frame editing

results. However, such a direct editing approach results in temporal inconsistencies in the

modified video’s appearance or style. To deal with this challenge, we propose to compute

bi-directional optical flow estimated from a frame pair sampled from the video. We can then

adjust the latent code and the generator to minimize the photometric loss (along with valid

flow vectors). We present a two-phase optimization strategy. In the first phase, we update

only the latent codes via an MLP (with generator parameters frozen) to adjust the consis-

tency of the detailed appearance. In the second phase, we finetune the generator with a

local regularization to maintain the editability of the latent space. Our two-phase optimiza-

tion approach helps achieve significantly improved temporal consistency while preserving the

edited contents.
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Input Inverted Edited

Figure 4.2: Issues with per-frame editing. While current methods achieve faithful in-
version and photorealistic editing, the results are inconsistent across frames (eyeglasses) and
may fail to preserve details of the input video (lips).
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Concurrent work. Two concurrent work [132, 133] also apply StyleGAN for video editing.

These methods either use per-frame pivot tuning [11] for maintaining the similarity between

the edited and input frame [132] or apply latent vector smoothing [133] with StyleGAN3 [134].

Our method differs in 1) the use of explicit temporal consistency optimization and 2) the

applicability of performing both in-domain and out-of-domain editing.

Our contributions

• We tackle a task on GAN-based semantic editing in videos. We propose a simple

yet effective flow-based approach to mitigate the temporal inconsistency of a directly

(frame by frame) edited video.

• We present a two-phase optimization approach for updating the latent code and gen-

erator to preserve the video details.

• Our method is agnostic and can be applied to different GAN inversion and editing

approaches.

4.2 Related Work

Generative adversarial networks. The quality and resolution of generated images

have been achieved rapidly in recent years [90, 121, 122, 134, 135]. These GAN models can

map a random latent code (a noise vector) to a photorealistic image. Many recent efforts

have been devoted to improving the generator architectures [121, 122, 134, 136], training

strategies [90], loss function designs [137, 138], and regularization [139]. Our work builds

upon existing pretrained StyleGAN models as they demonstrate disentangled latent space

for editing. Instead of generating synthetic images, our goal is to edit real videos.
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GAN inversion. GAN inversion [123, 140] allows us to reconstruct real images by pro-

jecting them onto a pretrained GAN’s latent space. These techniques facilitate interesting

photo editing applications. They can be split into encoder-based [12, 97, 141, 142, 143, 144,

144, 145, 145, 146], optimization-based [99, 106, 124, 125, 126, 147, 148, 149], and hybrid

methods [11, 127, 150]. Our method is agnostic to different GAN inversion approaches for

initializing the latent code. For example, our experiments explore using PTI inversion [11]

for in-domain editing and Restyle encoder [12] for out-of-domain editing.

Semantic image editing in latent space. Semantic image manipulation and editing

allow us to change the content and style of an image. It can be grouped into In-Domain

editing and Out-of-Domain editing. Targeting at finding semantic directions in the latent

space of a pretrained generator, in-domain editing [10, 98, 128, 129, 130, 151, 152, 153, 154,

155, 156, 157] manipulates the attributes of the object, but keeps the same style. Out-of-

domain [131, 158, 159], however, aims to change the style of the image. These techniques

usually perform well on a single image but fail to maintain temporal consistency if applied

to a video.

Semantic video editing. Recent and concurrent work [15, 132, 133] explore video edit-

ing with a pre-trained StyleGAN. The methods in [15, 132] apply per-frame editing and

show coherent editing without using any temporal information. However, these methods

support only in-domain editing. For localized editing (e.g., adding eyeglasses), we find that

the method in [15] produces inconsistency and fails to preserve identity. The work [133] ap-

plies temporal smoothing on the inverted latent vectors in StyleGAN3 [134]. Our approach,

in contrast, directly minimizes the temporal photometric inconsistency at the synthesized

frames.

Video editing and temporal consistency. Temporal consistency is one critical cri-
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terion in video editing. Existing methods achieve temporal consistency often by enforcing

the output videos to satisfy the constraints imposed by 2D optical flow [160, 161]. Alterna-

tively, several methods first estimate an unwarped 2D texture map (either explicitly [162]

or implicitly [163]) and then perform editing, e.g., adding a pattern or changing the style

of the 2D unwarped textures. The editing can then be propagated to the original video via

the estimated UV mapping. Several blind methods enhance the temporal consistency as a

post-processing step [16, 51, 164]. However, they typically have difficulty in handling videos

with significant appearance changes. Our work shares similar ideas with these methods to

enforce temporal consistency, using the optical flow fields estimated from the initial edited

video. Instead of directly optimizing the pixel values, our core idea is to leverage the pre-

trained generator, update the latent code and generator to achieve temporal consistent and

photorealistic results.

4.3 Method

4.3.1 Overview

GAN Inversion. Given an input video Vinput = {I1, · · · , IT} of T frames, our goal is to

semantically edit all the video frames while preserving the temporal coherence of the edited

video. To edit the input video Vinput, we first align its frames by using a facial alignment

method [165]. Then we use existing GAN inversion techniques (e.g., [11, 12]) to invert

the frames back to the latent code such that the inverted frame I invt = G(W inv
t ; θinv) is

similar to the input frame: I invt ≈ It. With the inverted frames, we can edit the inverted

video Vinv = {I inv1 , I inv2 , · · · , I invT } by independently editing its frames I invt . We denote this

frame-by-frame editing approach as “direct editing”.
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Figure 4.3: Video editing with flow-based temporal consistency. Given an input
video of T frames Vinput, we first spatially align the video frames using an off-the-shelf
face landmark detector. We then use existing GAN inversion techniques [11, 12] to obtain
the inverted frames {I inv1 , I inv2 , · · · , I invT } and their corresponding latent code in the W+-
space of StyleGAN {W inv

1 ,W inv
2 , · · · ,W inv

T }. We independently perform semantic editing on
these inverted frames to obtain {Iedit1 , Iedit2 , · · · , IeditT } and their corresponding latent code
{W edit

1 ,W edit
2 , · · · ,W edit

T }. To achieve temporal consistency, we choose an anchor frame Ieditanc

as the reference frame, and each time sample another frame Iediti from the edited video. To
generate a temporally consistent edited video, we first refine the latent codes of the directly
edited video W edit

anc and {W edit
i }i ̸=anc to Ŵ edit

anc and {Ŵ edit
i }i ̸=anc by optimizing an MLP fθ

(phase 1). These refined latent codes result in the temporally consistent frames Î
′
anc and

Î
′
i . To further improve the temporal consistency, we keep the refined latent codes Ŵ edit

anc and
Ŵ edit

i and only update the generator parameters (phase 2). This will generate Î
′′
anc and Î

′′
i

with improved temporal consistency. After our two phase optimization, we finally unalign
the frames to generate our final edited video Vout (phase 3).
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Figure 4.4: Photometric loss for temporal consistency. Given a frame pair Îi and Îanc
(either from phase 1 or phase 2), we compute the forward and backward flows Fi→anc and
Fanc→i using RAFT [13]. We then use these two flow fields to compute the visibility masks by
performing a forward-backward and backward-forward flow consistency error check. For in-
domain editing, we also use LPIPS to obtain a semantic mask that highlights the difference
between the aligned input frames I ini and I inanc and our edited frames Îi and Îanc. We then
fuse both the LPIPS semantic masks and the visibility masks to get our final masks Manc→i

and Mi→anc. To compute the photometric loss (Eqn. 4.1), we use the flows to warp the
directly edited frames and utilize the fuzed masks as shown in (a).

In-domain and out-of-domain GAN-based editing. Commonly used image-based

editing techniques via a GAN include (1) in-domain and (2) out-of-domain editing. We refer

to an in-domain editing [128, 129, 130, 151] as the editing that only manipulates the latent

code, given a fixed pretrained generator. That is, the generator parameters θinv remain

frozen (θinv = θedit), and only the latent code W edit
t is updated. The in-domain editing

usually changes semantic attributes such as color, age, or facial expressions. On the other

hand, out-of-domain editing may involve updating the pretrained generator to produce an

entirely new style (as shown in [131]). Here, the latent code remains the same W edit
t = W inv

t

and only the generator θedit changes.

Direct editing on a video. When applying both types of editing techniques to a

video independently for each frame, we obtain an edited video Vedit = {Iedit1 , Iedit2 , · · · , IeditT }.

For each directly edited frame Ieditt , there is a corresponding latent code W edit
t such that

Ieditt = G(W edit
t ; θedit). Due to the per-frame, independent process, the edited video Vedit
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often suffers from temporal inconsistency. Moreover, due to the poor disentanglement of

this per-frame editing, not only will the edited attributes differ among frames, but other

existing facial attributes also change (see the change in mouth in Figure 4.5). Our goal is

to ensure that the edited attributes remain temporally consistent while preserving the other

details from the input video.

Overview of our approach. To achieve this goal, we propose a two-phase optimization

approach: phase 1 updates the latent code via an MLP and phase 2 updates the genera-

tor. In both phases, we optimize the temporal photometric loss across frames. With the

finetuned latent code and generator, we unalign the edited frames to produce an edited

video. Figure 4.3 outlines our workflow. Below, we describe the details and the losses of our

approach.

4.3.2 Flow-based temporal consistency

We present a flow-based approach to explicitly encourage temporal consistency in the edited

video Vedit.

Frame sampling. As we cannot fit an entire video into the GPU memory, we choose to

perform our optimization from a pair of frames at a time. We choose to use an anchor frame

Ieditanc as one of the pair, which we set as the middle frame of the video. This is inspired by

recent video representation work [166], where a video is represented by a key frame and a

flow network. At each iteration, we sample a latent code W edit
i , corresponding to the frame

Iediti and optimize the pair of frames {Ieditanc , I
edit
i }. We perform our optimization in two phases

(Section 4.3.3). In phase 1, we generate temporally consistent pairs {Î ′
anc, Î

′
i}i ̸=anc as a result.

In phase 2, we further improve the temporal consistency, recover other affected attributes

brought by the per-frame editing due to the poor disentanglement, and generate the pairs
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{Î ′′
anc, Î

′′
i }i ̸=anc.

Flow estimation and warping. We use RAFT [13] to compute the forward and backward

flows Fi→anc and Fanc→i of the pair {Îanc, Îi}. This pair is either the output of phase 1

{Î ′
anc, Î

′
i} or phase 2 {Î ′′

anc, Î
′′
i }. We then use these two flows to warp the pair of frames

{Îanc, Îi}.

Visibility masks. To highlight the non-occluded regions, we compute the visibility masks

M vis
anc→i and M vis

i→anc ∈ [0, 1]. This mask shows lower weights for occluded pixels and higher

weights for the non-occluded pixels (Figure 4.4). To compute the visibility masks, we first

compute forward-backward and backward-forward flow consistency error maps ϵanc→i and

ϵi→anc and compute the error map by ϵi→anc(p) = ||p−Fanc→i(p+Fanc→j(p))||2 , where p is a

pixel in the flow field. These resultant error maps are mapped to [0, 1] using an exponential

function such that M vis
anc→i = exp(−10ϵanc→i) and M vis

i→anc = exp(−10ϵi→anc).

Perceptual difference mask. For in-domain editing, because the introduced editing is

temporally inconsistent, we observe that the visibility masks do not emphasize those edited

parts (e.g., eyeglasses). To highlight those edited parts, we compute the soft semantic per-

ceptual difference masks MPD
anc and MPD

i between the pair of frames and their corresponding

aligned input frames using LPIPS [167] (Figure 4.4). Due to the significant appearance

differences, we cannot use these semantic perceptual difference masks for out-of-domain

editing.

Fused masks. For in-domain editing, we fuse the visibility masks and the semantic

perceptual difference masks such that Manc→i = (M vis
anc→i ⊕MPD

i ) and Mi→anc = (M vis
i→anc ⊕

MPD
anc ). The masks will also be clamped to [0, 1]. This fusion is shown in Figure 4.4. On the

other hand, for out-of-domain editing, Manc→i = M vis
anc→i and Mi→anc = M vis

i→anc.
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Bi-directional photometric loss. We use the warped frames and the final computed

masks to compute the bi-directional photometric loss to achieve a temporally consistent

video. This loss measures the difference between the two frames to calculate the deviation

in the non-occluded parts.

Lphoto =
∑

Îi,Îanc∈P

Mi→ancLLPIPS(Îanc, warp(Îi, Fanc→i))

+Manc→iLLPIPS(Îi, warp(Îanc, Fi→anc)) ,

(4.1)

where Ît is either the output of phase 1 Î
′
t or phase 2 Î

′′
t . Intuitively, this bi-directional photo-

metric loss ensures colors along the valid (forward-backward or backward-forward consistent)

vectors across frames are as similar as possible.

Input Direct Editing W updated W,G updated
Figure 4.5: Motivation for two-phase optimization. Updating latent code W brings in
the eyeglasses, and tuning G with the perceptual difference mask recovers the expression in
the input.

4.3.3 Two-phase optimization strategy

We split our optimization into two phases. In the first phase, we refine the latent codes

{W edit
t } by only optimizing an MLP fθ. While in the second phase, we only update the

generator weights θedit.
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Motivation. We use a two-phase optimization approach for in-domain editing because we

observe that only refining the latent codes (phase 1) sometimes introduces undesired changes

to other facial attributes. We show an example in Figure 4.5. When we only update the

latent codes, we achieve temporal consistency of the introduced glasses; however, the mouth

expression of the person changes. To address this in the case of in-domain editing, we update

the generator weights (phase 2) using the perceptual difference mask to enforce the pixels

outside the mask to be the same as the input. This will maintain the facial expression of the

aligned input frame. The primary source of inconsistency for out-of-domain editing is the

global inconsistency (e.g., background). Hence, updating the generator (phase 2) introduces

this desired global change.

Phase 1: Latent code update. In this phase, we update the latent code W edit
t using

a Multi-layer Perceptron (MLP) fθ = (w; θf ) implicitly. We use the same architecture as

StyleCLIP mapper [10]. We use this MLP to predict a residual for the latent codes and

update the parameters of the MLP instead of directly optimizing the latent codes explicitly,

such that:

Ŵ edit
t = W edit

t + αfθ(W
edit
t ; θf ) , (4.2)

then for a pair of directly edited frames {Ieditanc , I
edit
i }, we can get the updated frames Î

′
i =

G(Ŵ edit
i ), Î ′

anc = G(Ŵ edit
anc ).

Our goal is to minimize:

argmin
θf

LI = argmin
θf

∑
t ̸=anc

Lphoto + λrfLrf + λϵLϵ , (4.3)

where Lphoto is the photometric loss, and

Lrf = ||fθ(W edit
t ; θf )||1 + ||fθ(W edit

anc ; θf )||1 (4.4)
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is a regularization term to make sure we do not deviate too much from W edit
t . We set

λrf = 0.1 for the experiments. Lϵ = ||ϵanc→i||1 + ||ϵi→anc||1 is the norm of error maps, and

we set λϵ = 10.

The reason we use an MLP to update the latent code implicitly is that we observe that

explicitly optimizing the latent codes results in an unstable optimization when using a large

learning rate. However, the running time becomes too long when using a small learning rate.

To address this, we introduce an MLP to predict the residual and update the latent codes

implicitly. This leads to a more stable optimization. We show an example of x-t scanline

in Figure 4.6 to demonstrate the effectiveness of introducing the MLP.

x-t slice x-t slice x-t slice

︸ ︷︷ ︸Input ︸ ︷︷ ︸Explicitly update W ︸ ︷︷ ︸Implicitly update W

Figure 4.6: x-t slices between updating latent codes explicitly and implicitly with
an MLP. We visualize the optimized frames and an x-t slice at y = 500. Explicitly updating
latent code W gives us an unstable x-t scanline, while updating W implicitly with an MLP
gives a smooth scanline.

Phase 2: Generator update. For in-domain editing, in this phase, we use the updated

latent codes {Ŵ edit
t }Tt=1 from phase 1, and our goal is to finetune the generator only to

minimize:

θ̂edit = argmin
θ̂edit

LII = argmin
θ̂edit

∑
t ̸=anc

Lphoto + λϵLϵ + λrLr + λMLM , (4.5)

LM = (1−MPD
i )LLPIPS(Î

′′

i , I
in
i ) + (1−MPD

anc )LLPIPS(Î
′′

anc, I
in
anc) . (4.6)



4.3. METHOD 71

MPD
i is the perceptual difference mask computed between Î

′′
i = G(Ŵ edit

t ; θ̂edit) and aligned

input I ini , and LLPIPS(·, ·) is the LPIPS distance loss [167]. We initialize θ̂edit as θedit. The

LPIPS term also plays a role to maintain the sharpness of the edited frames. This is because

the consistency can be achieved by pushing all the frames to become blurry.

Here, Lr is the regularization loss for the generator and λr is the strength of regularization.

We introduce this loss to help prevent the generator G from losing its latent space editability

as we do not wish to ruin its pretrained latent space. Therefore, similar to [11], we use

this local regularization to preserve the editing ability of our generator. More specifically,

we first obtain a latent code Wr by linearly interpolating between the current latent code

Ŵ edit
t and a randomly sampled code Wz with an interpolation parameter αinterp: Wr =

Ŵ edit
t + αinterp

Wz−Ŵ edit
t

||Wz−Ŵ edit
t ||2

. This gives us a new latent code in a local region around Ŵ edit
t .

To ensure that we do not lose the editing capability of the original generator, we add a

penalty on the distance between the generated image from the new generator and the old

one such that:

Lr = LLPIPS(xr, x̂r) + λr
ℓ2
Lℓ2(xr, x̂r) , (4.7)

where xr = G(Wr; θ
edit), x̂r = G(Wr; θ̂

edit), λr
ℓ2

is the weight for ℓ2 loss. This regularization

can alleviate the side effects from updating G within a local area. This is desirable since for

a video, the latent codes for the same identity tend to gather locally.

For out-of-domain editing, unlike in-domain editing, we cannot rely on the perceptual dif-

ference mask, so the optimization goal reduces to:

θ̂edit = argmin
θ̂edit

LII = argmin
θ̂edit

∑
t ̸=anc

Lphoto + λrLr + λϵLϵ . (4.8)

To compensate for the regularization effect of the perceptual difference mask, we freeze the
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last eight layers of the synthesis network in G to avoid blurry results. As all the computations,

including the GAN generator, flow estimation network, spatial warping, and photometric

losses, are differentiable, we can backpropagate the errors all the way back. After phase 1

and 2, we will have {Ŵ edit
t }Tt=1 and G(·; θ̂edit) as a result.

4.3.4 Phase 3: Unalign

After our two-phase optimization, we perform our final phase as post-processing. In this

phase, we put the aligned frames back to the original video to generate our final edited video

(see Figure 4.3). We follow the stitch tuning approach in [132] by tuning the generator to

reduce the edge artifact brought by editing. Note that this is only feasible for the in-domain

editing because the out-of-domain editing has a global appearance compared to the input

video.

4.4 Experimental Results

4.4.1 Experimental setup

Implementation details. We use StyleGAN-ADA [168] as our pre-trained generator. We

experiment with in-domain and out-of-domain editing techniques to validate our approach

for different GAN inversion methods. Specifically, for in-domain editing, we use the PTI

inversion [11] (based on e4e [145]) and StyleCLIP mapper [10]. For out-of-domain editing,

we use the Restyle encoder [12] and the StyleGAN-NADA [131]. We will release the source

code and pretrained models. In the following, we show sample results from the video frames.

We encourage the readers to view the videos in the supplementary material for video results.
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Datasets. We conduct our metric evaluation using 20 videos randomly sampled from

RAVDESS dataset [14]. We conduct 5 types of in-domain editing for each video and 5 types

of out-of-domain editing. To further demonstrate the capabilities of our method to handle

real videos, we also apply our approach to Internet videos and show the visual results.

Metrics. We aim to evaluate the method using two main aspects: 1) temporal consistency

and 2) perceptual similarity with the semantically edited frames. To evaluate temporal

consistency, we measure the Warping Error Ewarp:

Ewarp(It, It+1) =
1∑N

i=1 Mt(pi)
·

N∑
i=1

Mt(pi)||It(pi)− Ît+1(pi)||22 , (4.9)

where Ît+1 = warp(It+1, Ft→t+1), N is the number of pixels, pi is the i-th pixel, Mt is

a binary non-occlusion mask, which shows non-occluded pixels, we compute it using the

forward-backward consistency error the threshold in [169, 170].

We also measure the LPIPS perceptual similarity score [167] (with AlexNet [171]) between

the directly edited video V edit = {Iedit1 , Iedit2 , · · · , IeditT } and the output of our phase 2

{Î ′′
1 , Î

′′
2 , · · · , Î

′′
T} by measuring the averaged perceptual similarity between the corresponding

frames. The purpose of these two metrics is to evaluate whether the method can achieve a

balance between temporal consistency and fidelity degradation. This is an inherent trade-off.

Preserving all the details of per-frame editing inevitably leads to temporal flickering arti-

facts. Focusing only on temporal consistency may easily lead to blurry videos. Our goal is

that the final output video is visually similar to the directly (per-frame) edited video. Our

goal is that the final output video is visually similar to the directly (per-frame) edited video.
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Table 4.1: Out-of-domain editing comparison.

Ewarp ↓ LPIPS↓

Direct editing 0.0098 0.0000

Editing categories DVP [16] Ours DVP Ours

Sketch 0.0036 0.0085 0.2404 0.1314
Pixar 0.0031 0.0025 0.1074 0.1178
Disney Princess 0.0040 0.0078 0.2062 0.1204
Elf 0.0042 0.0108 0.2289 0.1310
Zombie 0.0040 0.0085 0.2033 0.1370

Average perfomance 0.0038 0.0076 0.1972 0.1275

4.4.2 Out-of-domain results

Setup. We first invert the videos frame by frame using the Restyle encoder [12] (psp-

based [144]). We then directly apply five different out-of-domain editing effects produced by

StyleGAN-NADA [131]. We perform our two-phase optimization approach on the directly

edited video using Adam optimizer [172]. For phase 1, we set the learning rate to αI = 0.005,

and update the latent codes for 5 epochs. In Eqn. 4.2, we set α = 0.04 for all the editing

directions. For phase 2, we set the learning rate to αII = 8 × 10−4, and finetune G for 5

epochs. We set the regularization weight λr to 200.

Evaluation. Table 4.1 shows that our method decreases the temporal error of the directly

edited video. The primary sources of inconsistency in out-of-domain editing can be seen in

the flickering background and the details of the hair. We show our visual results in Figure 4.7.

Our method preserves the temporal consistency and maintains the sharpness of the input

video.

4.4.3 In-domain editing results

Setup. We first invert the videos frame by frame by using the PTI method [11]. We then

directly apply five different semantic editing directions discovered by StyleCLIP mapper [10].
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Figure 4.7: Visual results on RAVDESS dataset [14]. We show both in-domain (“an-
gry” and “eyeglasses”) and out-of-domain (“Disney princess” and “Sketch”) editing results.
Our results maintain consistent changes with time preserving the temporal coherence.
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Table 4.2: In-domain editing comparison.

Ewarp ↓ LPIPS↓

Direct editing 0.0076 0.0000

Editing categories DVP [16] Ours DVP Ours

angry 0.0033 0.0032 0.2452 0.1100
beard 0.0038 0.0030 0.2444 0.1033
eyeglasses 0.0039 0.0034 0.1226 0.1097
Depp 0.0037 0.0031 0.2452 0.2024
surprised 0.0035 0.0028 0.1415 0.1012

Average perfomance 0.0036 0.0031 0.1760 0.1253

Next, we perform our two-phase optimization approach on the directly edited video using

Adam optimizer [172]. For phase 1, we set the learning rate αI = 0.05, and update fθ for 10

epochs. In Eqn. 4.2, we set α = 0.12 for the “eyeglasses”, and α = 0.04 for the rest of the

semantic directions. For phase 2, we set the learning rate of G to αII = 0.0001, and finetune

G for 5 epochs. We set the regularization weight λr to 200.

Evaluation. Table 4.2 shows that our approach improves the temporal consistency over

the directly edited video baseline by a large margin. When dealing with in-domain editing,

the primary source of inconsistency is the details of the newly added attributes, e.g., glasses

or beard and some background flickering. We show sample visual results in Figure 4.7, where

the introduced changes are consistent among the different frames.

4.4.4 Two-phase optimization strategy ablation study

We demonstrate the effect of our two-phase optimization strategy of updating the latent

codes first and following that with finetuning the generator G. We compare our two-phase

approach to: (1) No optimization (i.e., direct editing), (2) update latent code only (phase 1),

and (3) finetune generator G only. We show the results in Table 4.3. When we only update

generator G, we can achieve a low warping error Ewarp. However, this is not desirable since

finetuning G pushes the video to be consistent globally without modifying the local details.
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Table 4.3: Two-stage optimization strategy ablation study.

Optimization stage In-domain editing Out-of-domain editing

Update W edit
t Update G Ewarp ↓ LPIPS↓ Ewarp ↓ LPIPS↓

- - 0.0076 0.0000 0.0098 0.0000
✓ - 0.0064 0.2108 0.0094 0.1428
- ✓ 0.0027 0.2463 0.0057 0.1375
✓ ✓ 0.0031 0.1253 0.0076 0.1275

Therefore, the output video is different from the directly edited video (i.e., high LPIPS

distance). Thus, we follow our two-phase optimization of a) updating the latent codes via

an MLP fθ (to improve local consistency), b) finetuning the generator G (to modify the

global effect).

4.4.5 Comparison with Latent Transformer

We compare our method with Latent Transformer (LT) [15]. We show a qualitative compar-

ison in Fig. 4.8. LT edits video by updating the projected latent code independently for each

frame without using temporal constraints. Our method, in contrast, uses flow-based loss to

improve the temporal consistency, and our second phase uses a perceptual difference mask

as a regularization to preserve the facial details other than the edited parts. As a result, our

method can improve temporal consistency and preserve personal identity.

Input LT Ours
Figure 4.8: Visual comparison with Latent Transformer (LT) [15]. LT cannot pre-
serve the person’s identity very well. Our method can preserve the identity and achieves a
temporal consistent video.
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4.4.6 Comparison with Deep Video Prior (DVP)

We compare our method with DVP [16], a state-of-the-art blind video consistency approach,

using their default setting. We show the in-domain editing comparison in Table 4.2 and the

out-of-domain editing comparison in Table 4.1. For warping error Ewarp, our method achieves

improved results for in-domain editing and comparable results for out-of-domain editing.

However, in terms of LPIPS distance, our visual results are more similar to the directly

edited video for both in-domain and out-of-domain editing. We show visual comparison in

Figure 4.9. DVP can achieve temporally consistent results (i.e., low Ewarp). However, this

is at the cost of losing local details in the “eyeglasses” example or excessively smoothing the

results to get a blurry video as in the “Disney Princess” example.
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Figure 4.9: Visual comparison with DVP [16]. DVP achieves temporal consistency
by severely smoothing the image and hence losing its sharpness. Our method, however,
can achieve a balance between consistency and sharpness. In “eyeglasses” example (left),
DVP shows a different pair of eyeglasses across the time (zoom-in for better visualization),
while ours remain a good consistency for the eyeglasses; in “Disney princess” (right), DVP
shows a blurry result with an unstable x-t scanline, while ours is sharper and shows a stable
consistency in the scanline.
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4.4.7 In-the-wild results

To demonstrate the capabilities of our method to handle real videos, we apply our approach

to Internet videos and show the visual results in Figure 4.10.
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Figure 4.10: Results on Internet videos. Results on the Internet videos. We change the
first person to “surprised” expression, and change the second person to “angry”.

4.4.8 Limitations

We show several limitations of our approach in Figure 4.11. First, our approach relies on

plausible results from existing GAN inversion and editing techniques. We show an example

of added earrings in Figure 4.11(a), and an example of a rare pose in Figure 4.11(a). Second,

the GANs used in our experiments require the objects to be spatially aligned and thus may

not yet be suitable for inverting and editing unconstrained videos. Third, our method relies

on a high-quality GAN model that may be computationally expensive to train and often
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require diverse training images. Our full method (phases 1, 2 and 3) takes 40 minutes on a

150-frame video, on a single NVIDIA P6000 GPU.

(a) ”Zombie” (b) ”Rare pose”
Figure 4.11: Limitations. From (a), it can be seen that earrings are added by GAN editing
prior to our flow-based temporal consistency approach. Since our approach builds on existing
GAN inversion and editing techniques, it will be affected by their quality. From (b), it can
be seen that our method fails when there is a rare pose and a large motion.

4.5 Conclusions

We have presented a novel method for video-based semantic editing by leveraging image-

based GAN inversion and editing. We first perform direct per-frame editing, and then refine

the results using a flow-based method to minimize the bi-directional photometric loss. To

achieve temporal consistency, we adjust the latent codes via a multi-layer perceptron (MLP)

and fine-tune the generator (G). We show that the resulting edited video maintains its

similarity to the direct editing results and exhibits temporal consistency. Furthermore, our

method is model-agnostic, allowing for its application with different GAN inversion and

manipulation techniques.



Chapter 5

Conclusion

In this work, we tackled several controllable image synthesis problems. In Chapter 2, we

first proposed a generic approach for guided image-to-image translation. Although the pro-

posed approach can be applied to different guided image-to-image tasks, the conditioning

scheme builds on top of CNN decoders, which have limitations in synthesizing high-resolution

detailed content.

Therefore, in Chapter 3 we overcome this by extending the StyleGAN generator so that

it takes pose as input for controlling poses and introduce a spatially varying modulation

for the latent space for controlling appearances. This enables us to realistically hallucinate

occluded content while preserving the identity and fine details of the source image. However,

the resulting synthesized image is limited to 2D space and is not temporally consistent nor

view consistent.

Thus we tackle temporal consistent synthesis in Chapter 4. We propose an approach to edit

video frames using GAN-based editing techniques and flow-based refinement.

Future work. Our proposed methods have demonstrated promising results. However,

there are still more problems to tackle in order to push the boundaries of what is possible.

The following are some potential directions for future work:

• View consistent synthesis is an important research direction to explore in the future.

While our current methods can achieve temporal consistency, it would be interesting

81
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to achieve view consistency. This can have numerous applications such as in sports,

where analysts can dive into the field and analyze the game from different angles.

• Capture the whole scene! Currently, our focus is on a single human as the subject of

interest. However, including multiple subjects as well as the background and capturing

entire scenes would be an interesting avenue to explore. This would enable a more

immersive experience, allowing viewers to explore the scene from any novel viewpoint.
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