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Abstract

Supervised training methods require a lot of labeled training data which
often does not exist in sufficient amounts as the data has to be anno-
tated manually - a laborious task. This thesis describes a novel approach
of unsupervised domain adaptation which turns labeled simulated data
samples into labeled realistic data samples by using unlabeled real data
samples for training. It is shown that the proposed model is able to gen-
erate realistic labeled images of human faces out of simulated face models
generated from the Basel Face Model.
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Chapter 1
Introduction

Solving problems with artificial intelligence (Al) is currently experiencing a hype and
is more and more common in productive environments. Digital assistants like Siri
and Alexa are integrated in a steadily growing set of products from smartphones,
tablets and watches to glasses, speakers, remote controls, ovens and smart-home
devices. They are offering an increasing amount of functionalities and are connected
to more and more services. The automotive industry is pushing far into this area
selling intelligent driving assistanc{] or even self-driving carsﬂ Augmented and virtual
reality applications are moving into public focus. Manufacturers of mobile devices are
beginning to build dedicated AI chips into their product{} AI has a growing number
of use cases and there are a lot of models fitting well to one or another. But no matter
what Al model you look at, all of them require training to become good at their tasks.
Some of the models can be trained unsupervised or semi-supervised but for a lot of
models it is necessary to provide a huge amount of labeled training data for supervised
learning. Unfortunately, most of the times there is only unlabeled data available in
huge amounts which then has to be labeled by hand in a very time consuming process
(Sixt et al. | 2016). In some cases, there might not even be sufficient unlabeled data
available to do that. Sometimes it is possible to simulate labeled training data but the
simulated samples often differ much from real ones and can therefore not be used as a
substitute. In this case, domain adaptation methods can help. This thesis is about a

generative adversarial approach of domain adaptation which takes labeled simulated

thttps:/ /www.mercedes-benz.com/en/mercedes-benz/innovation /mercedes-benz-intelligent-
drive/

https://www.tesla.com/autopilot ?redirect=no

3https://www.apple.com /apple-events /september-2017/



data samples as input and creates labeled realistic data samples out of them by using
unlabeled real data samples for training. The considered use case for evaluating the
model is the generation of realistic human faces from simulated Basel Face Model

images which represents a relatively large domain shift.



Chapter 2

Related Work

At this point several approaches to solve the problem of not sufficiently available
labeled data to train on are known. One way is just to increase the number of usable
labeled data by augmenting existing labeled data in a way that the label information
is preserved and adding the results to the training data set (Goodfellow et al. |
2016). Data augmentation is especially working very good with image data, e.g. by
applying filters or adding noise, but requires existing labeled data and well designed
augmentation functions which in some cases can be hard to find (Goodfellow et al. |
2016). Another approach is to pre-train Deep Convolutional Neural Network (DCNN)
models on a large dataset and fine-tune its parameters afterwards with regard to the
actual task (Girshick et al. | |2013; |Shelhamer et al. | 2016). This approach can only
be used if there exists a large enough dataset and labeled data for fine-tuning is
available. Generative approaches which actually generate novel samples are mostly
built around autoregressive models like Pizel Recurrent Neural Networks (PixelCNN)
(Oord et al. , 2016), Variational Autoencoders (VAE) (Kingma & Welling, 2013) and
Generative Adversarial Networks (GAN).

The GAN framework was introduced by |Goodfellow et al. | 2014. The basic
idea can be seen as a minimax game of two competing players, a generator G' and a
discriminator D. The generator G produces samples of a specific kind (e.g. images
of faces) out of random noise from the latent space. The discriminator D tries to
distinguish generated from real samples. The goal of GG is to generate samples which
D perceives as real and the goal of D is to not get tricked by G. By using the
GAN framework, it is possible to generate natural images of such high quality that

even humans find it hard to distinguish them from real ones (Denton et al. , 2015;



Karras et al. | [2017). The GAN framework alone is not capable of generating labeled
data because there is no simple relationship between the latent space and dimensions
the GAN is learning in and the labels of interest (Sixt et al. |, [2016). It is therefore
impossible to trace generated samples back to the high-level information used to create
them. Conditional Generative Adversarial Networks (CGANs) (Gauthier, |2014) are
capable of generating samples conditioned on class labels by feeding a conditonal data
vector to both the generator and discriminator but require labeled training data. The
generation of samples belonging to specified categories can be learned unsupervised by
Categorical Generative Adversarial Networks (CatGANs) (Springenberg, [2015), but
the current restriction to categorical labels makes them unusable in several domains.
RenderGAN (Sixt et al. ,|2016) combines a 3D model with the GAN framework and
enables the cheap generation of high-quality labeled data without requiring labeled
data for training. The generator augments a basic 3D model based on a sequence
of augmentation functions with trainable parameters in a way that it looks more
realistic. Even though this framework does not need labeled data for training it
requires the careful definition and customization of augmentation functions and the
existance of a suitable 3D model (Sixt et al. , 2016).

Domain adaptation methods try to learn a model from a source domain that can
be applied to a different but related target domain afterwards. There has been a lot
of research in this area but the latest research is focused on transferring Deep Neural
Network (DNN) models unsupervised from a source domain with available labeled
data to a target domain where labeled data is sparse or non-existent (Tzeng et al.
, 2017). Most approaches for unsupervised domain adaptation focus on training a
classifier on the source domain which is also applicable to the target domain. The
main strategy is to train the classifier to extract features from samples of both domains
while minimizing the difference between their distributions (Ganin & Lempitsky,
2014; [Tzeng et al. | 2015, [2014; Long et al. ,[2015; Liu & Tuzel, 2016; Ghifary et al.
, [2016; [Tzeng et al. , 2017; Bousmalis et al. | 2016a). Several approaches trying to
find domain-invariant features are using the Mazimum Mean Discrepancy (MMD)
loss (Gretton et al. |, [2009) to minimize the difference between feature distributions
of source and target domain. Other approaches are using adversarial losses and
discriminative models consisting of a source label classifier in combination with a
binary domain classifier (Ganin & Lempitsky, 2014; Tzeng et al. , 2017, 2015). The

goal is then to find representations that the label classifier can discriminate but the



domain classifier can not.

An example for generative approaches of domain adaptation are Coupled Gen-
erative Adversarial Networks (CoGANs) (Liu & Tuzel, 2016). They use two jointly
trained GANs with tied high-level layer parameters which generate source and target
images respectiveley and are capable of approximating a joint distribution of source
and target domain. However, CoGANSs are only applicable on simple domains as they
depend on the ability of the GANs to find a mapping of shared high-level layer fea-
ture spaces to full images in both domains (Tzeng et al. | [2017). Another generative
approach described in |Bousmalis et al. | 2016b| called Pizel-Level Domain Adaptation
(PixelDA) uses a GAN-based model stabilized by a task specific loss and a content
similarity loss that learns a transformation in pixel space between domains. It adapts
images from a source domain in a way that they appear to belong to the target do-
main and decouples the domain adaptation process from task-specifc architecture.
This approach works very good in case of small domain shifts. In [Tzeng et al. |, 2017
a general adversarial adaptation framework subsuming previous generative and dis-
criminative approaches is described and an example instance of it is given in form
of the Adversarial Discriminative Domain Adaptation (ADDA). This approach com-
bines discriminative modeling, united weight sharing and a GAN loss but does not
treat any sample generating tasks and is only described for categorical label classi-
fication. Unsupervised domain adaptation is still an open theoretical and practical

problem.



Chapter 3

RenderBEGAN

The RenderBEGAN approach tackles the problem of establishing and explicitly con-
trolling a relationship between latent space and generated samples without using
labeled data or predefined and constraining augmentation functions. It combines a
3-D model as described in RenderGAN (Sixt et al. | [2016) with BEGAN (Berthelot
et al. , 2017; Karras et al. ,[2017) and unsupervised domain adaptation approaches
(Ganin & Lempitsky, [2014; Bousmalis et al. , 2016b,a)).

3.1 Background

3.1.1 BEGAN

The Boundary Equilibrium Generative Adversarial Net (BEGAN) framework (Berth-
elot et al. ,2017) is an extension of the GAN framework (Goodfellow et al. | 2014). It
is based on the autoencoder instantiation of Energy-Based GANs (EBGANs) (Zhao

et al. ,|2016) and extends it by an equilibrium concept for generator and discriminator.

GAN

The generator of the original GAN framework (Goodfellow et al. ,|2014) maps random
noise vectors z € R ~ PP, to data space by a neural network G(z;0q) : RY= — R=
with parameters 0. The generator learns to match its distribution Pyuz. to the real
data distribution P,.,. The generator is trained with the help of a discriminator.
The discriminator is another neural network D(z;0p) : RN+ — [0, 1] with parameters

0p whose single scalar output represents the propability that x is a real sample from
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Figure 3.1: Topology of a GAN - Generator and discriminator are playing a minimax
two-player game. The generator tries to generate samples that the discriminator
perceives as real. The discriminator tries to not get tricked by the generator and
distinguishes between generated and real samples.

data generating distribution P4 rather than model distribution P,k.. The topology
of a GAN can be seen in figure [3.1] The played minimax game can be described as

follows, where V (G, D) is the value function:
mGin max V(G,D) =Eyp,.,,[logD(z;0p)] + E.p.[log(1 — D(G(2;605);0p))] (3.1)

The global optimum of this game is reached when there is a Nash Equilibrium between
generator and discriminator yielding Ptqre = Preqi. Generator and discriminator are
trained jointly through backpropagation. The loss functions for discriminator and

generator for each update step can be written as:

Lp =log(D(x;0p)) + log(1 — D(G(zp;0¢);0p)) for Op
L =1log(1 — D(G(z2¢;05);0p)) for 04

(3.2)

where £p has to be maximized, L has to be minimized and zqg, zp ~ P..

EBGAN

The EBGAN framework (Zhao et al. ,2016) introduced the view of the discriminator
as an energy function, which assigns high energy to generated samples and low ener-
gies to real samples. The generator is trained to generate samples with low energy.
One instantiation of the framework uses an autoencoder as discriminator.

An autoencoder is a neural network that tries to approximate the identity function
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Figure 3.2: Simple Autoencoder - The autoencoder consists of one input- and one
output-layer connected through one hidden layer. The encoder maps the input to its
latent representation and the decoder reconstructs the original input out of it. The
autoencoder tries to approximate the identity function of its input.

H(x;0p) =~ z for samples of the data distribution PP,., through unsupervised learning
(D’Avino et al. , 2017). The simplest version is shown in figure |3.2| and consists out

of one input layer connected to one output layer through a single hidden layer. An

encoder function Enc(z;0pg,.) transforms the input into its latent representation h
and a decoder function Dec(h;0pe.) reconstructs the original data out of it so that
Dec(Enc(z;0gne); Ope.) = x. At first glance this problem seems trivial, easy to solve
and not to provide any meaningful information, but by adding constraints like a limit
on the amount of hidden units interesting structures of the data can be discovered. By
limiting the hidden units of an autoencoder to a value lower than its input dimension,
the searched for encoder function Enc(z; 0g,.) equals a compression of the input. The

input data will be reduced to an embedding h of its most important features which

are necessary for Dec(h; 0pe.) to reconstruct the original input (D’Avino et al. ,2017).

This task is very complex for completely random inputs but if the input is structured
(e.g. by correlated input features), the autoencoder will be able to discover it.
As it can be expected that samples from P,.,; are structured and contain correlated

features, an autoencoder can function as discriminator by using the reconstruction

error as the energy value for samples from Pyqre and Py (]Zhao et al. | |2016D. The

autoencoder is trained on real data which will lead to a small reconstruction error
for samples 2,eq ~ Preq; and a greater reconstruction error for samples « tare ~ Prage-

The better P,z approximates P,.q, the less difference will remain between xfqp.



and its reconstruction 2 fqr.. BEGANSs are aiming to optimize a lower bound of the
Wasserstein distance between autoencoder loss distributions of samples created by

generator G and real samples by minimizing the two losses (Berthelot et al. , 2017):

Lp=L(x) — L(G(zp;0g)) for Op
Lo = L(G(26;0c)) for O¢

(3.3)

L : RN s R* is the autoencoder loss of a pixel-wise autoencoder which is defined as

D : RMs 5 RN autoencoder function
L(v) = [[v—D(v; 6)D)”n with <7 € {1,2} target norm (3.4)

v € RN= sample of dimension N,

Equilibrium Concept

Additionally, the BEGAN framework introduced an equilibrium concept to maintain
a balance between Lp and L, which is not given most of the times because its easier
for the discriminator to win the game. Berthelot et al. | 2017 define the equlibrium
as

E[L(z)] = E[L(G(;66))] (3:5)

E[L(G(z:00))]
E[L(2)]

Lower values for 7 are focusing the discriminator on autoencoding real samples rather

and introduced a hyper-parameter v € [0, 1] = to relax this equilibrium.

than discriminating real from generated ones, resulting in lower sample diversity. The
final BEGAN objective using this equilibrium concept in connection with proportional

control theory is defined as

Lp=L(x)—k - L(G(zp;0c)) for 0p
Lo = L(G(2¢:0a)) for O (3.6)
kiv1 = ki + M- (v L(z) — L(G(2¢;0¢))) for each training step ¢

where k; € [0, 1] controls the emphasis on £(G(zp;0¢);0p) during training and is
updated in every training step with learning rate (or proportional gain) A to maintain
the equilibrium from equation relaxed by . The equilibrium concept is also used

to define a global measure of convergence Mg for BEGANs, which can be used to
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Figure 3.3: Topology of a BEGAN - The discriminator implemented as autoencoder
distinguishes between real and generated samples by the reconstruction loss. The
discriminator tries to keep the loss high for generated ones and low for real ones. The
generator aims to generate samples that lead to small reconstruction losses of the
autoencoder.

determine when the training is finished or the model has collapsed.
Mgiohar = L£(z) + |7 - L(z) = L(G(20;05))] (3.7)

The topology of the described BEGAN model is shown in figure

3.1.2 Unsupervised Domain Adaptation

An example for unsupervised domain adaptation is given in (Ganin & Lempitsky, [2014.
The proposed model is trained on a large amount of labeled simulated data samples
from source domain S and unlabeled realistic data samples from target domain 7.
It learns features invariant over both domains S and 7 which can still be used for
classification. The architecture is shown in figure[3.4] A simulator S creates simulated
samples out of label vectors. Real samples from 7 and simulated samples from S are
mapped by a feature extractor F(z;0r) to a feature vector f which is then used by a
label classifier P(f;60p) to predict the class label [ and by a domain classifier D(f;6p)
to determine the domain d. The aim of the training process is to find parameters
0r and Op that maximize the domain classification loss Liomain While minimizing the
label prediction loss L, and parameters 6p that minimize the domain classification
loss Lgomain. I will then ideally create domain invariant features f which P will be

able to discriminate while D will not be able to. This leads to the following losses to

10
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Simulated
Label Vector Sample Predicted

Label Vector

Figure 3.4: Unsupervised Domain Adaptation - Architecture proposed in (Ganin &
Lempitsky, 2014). Simulated and real samples are mapped to a feature vector which
is used by the predictor to reproduce the label vector and by the domain classifier to
deteremine the domain of the input sample.

be minimized in each update step:

Lrp = Liapert(P(F(S(1);0r);0p),1) — X+ Liomain(D(F(x;0F);0p),d) for O, 0p
Lp = Liomain(D(F(z;0r);0p),d) for Op
(3.8)
Ganin & Lempitsky, 2014 showed that standard stochastic gradient descent solvers
(SGD) are able to find parameters 0p,0p and 0p to achieve that. A trained model

will be able to classify samples from 7 related to classes of S.

3.2 Model

The basic consideration of the RenderBEGAN approach is that label information con-
tained in an image sample is of such importance that the autoencoder of a BEGAN
architecture has to encode it into its embedding to be able to successfully reconstruct
the original. Therefore it should be possible to reproduce the label information con-
tained in an image given the belonging embedding generated by the autoencoder. If
the generator is forced by the learning process to include the label information in its
generated images, it should have to encode the label information in a realistic way
leading to realistic generated images containing all the label information. The gen-
erated images could then also serve as labeled training dataset for a predictor model

which reproduces label information out of embeddings created by the discriminator.

11
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Figure 3.5: Topology of a RenderBEGAN - The generator recieves a label and a noise
vector as input and generates an image out of it. The simulator creates a simulated
image out of the same label vector. Generated and simulated image are processed by
a pretrained VGG model to compute a perceptual loss between them indicating the
similarity of their content. The discriminator works as an autoencoder. The predictor
reproduces label and noise vector out of the autoencoder embedding.

As the generated images should get more realistic while training, the predictor will
also get better and better in classifying actual real images. The proposed architec-
ture of the RenderBEGAN model using these considerations is shown in figure [3.5]
The generator G(z,1;0¢) : RY=TNt s RN= gets a noise vector z ~ P, and a label
[ ~ P, as input and generates an image xg ~ Ppqre out of it. A pretrained network
S(l;0s) : RN — RN= called simulator creates a simulated labeled image g ~ P, out
of [ and thus defines the semantic of the label. To ensure that the generator interprets
and encodes the label vector [ using the same semantic, xg and z are both processed
by a pretrained VGG model (Simonyan & Zisserman|, 2014) V (x, 0y ) : RN= s RNv,
Thereby computed high-level features f,, and f,, are extracted from V' to compute
a perceptual loss (Johnson et al. | [2016) between xg and xg which is, inspired by

Bousmalis et al. |, 2016b, used as content-similarity loss for GG to ensure that the label

12



information is contained and encoded correctly in generated images while giving the
freedom to change other details. As the high-level features are taken from a relatively
deep layer of the VGG, the content-similarity loss will hopefully reflect matchings of
important characteristics of the images used for classification rather than their exact
appearance. The last, discriminative part of the architecture is a modified version of
the model described in section[3.1.2. Real samples © ~ P, and generated samples z¢
are encoded into an embedding h by the encoder function Enc(z;0p,.) : RN +— RN
with O, C 0p . The predictor P(h;0p) : RVe s RN=N predicts given embedding h
the original noise vector z to reduce mode collapse as described in |Srivastava et al. |
2017 and the original label vector I. The decoder function Dec(x;0pe.) : RV — RN=
with Op.. C 0p reconstructs the original sample x or x4 out of h. Encoder and decoder
function are building the discriminator D(x;60p) : RN+ — R¥= which determines the
domain of an input image through reconstruction loss. The training objective of the
RenderBEGAN model is the minimization of the following three losses Lp, Lp and
La:

(
,CD :,Cd(fﬂ) —/{Jt'ﬁd(G(ZD,lD;Q(;)) for QD
Ep :,Cz(Zp,lp)—l—,Cl(Zp,lp) for Qp
Lo = La(G(2a,la;i0a)) +we - Lo(za,la) +w. - L(2a,lg) for Og

(K = ke + M- (7 La(x) — Lo(G(z6,1c;05))) for each training step ¢

(3.9)
The discriminator loss Lp is the same as the original discriminator loss shown in
equation L, is the autoencoder loss defined in equation [3.4 The newly added
predictor loss Lp used to update the parameters fp is a combination out of noise loss
L.(z,1) = ||z — Z||, between the original noise vector z and its predicted counterpart
Z and label loss £; = Hl —1 H2 between the original and predicted label vectors [ and L.
Both predicted vectors Z and [ are results of P(Enc(G(z,1;0¢);0p): 0p). Obviously,
the predictor will be trained to minimize the difference between an original vector
and its prediction. The generator loss L is the original generator loss from equa-
tion extended by content-similarity loss L.(z,1) = Hfg(z’l;gG) — fs(l;gs)HQ , with
fa(zi60) and fs@eg) being the high level features extracted from V' when processing
G(z,1;0¢) respectively S(I;0s) and the noise loss £,. The content-similarity loss will
be minimized to ensure that label information contained in a label vector is correctly

encoded into the generated image. The noise loss £, will be minimized to ensure

13



that the noise vector z is also encoded into the image and can be reproduced by
the predictor. As it is only important that z is encoded in a realistic way and not
exactly how, a content-similarity loss for z is not necessary. The weights w,, w,€[0,1]
are used to balance content-similarity loss £. and noise loss £, with regards to the
autoencoder loss L4. Higher values of w, will probably lead to better matchings of
simulated face models and generated faces. Higher values of w, should lead to higher

image diversity.

3.3 Implementation

The use case for the RenderBEGAN model considered in this thesis is the generation
of realistic labeled 32 x 32 images of human faces. The model was implemented in
Python using Pytorchﬂ

3.3.1 Simulator

The task of simulator S is to create a simulated labeled image of a face out of a label
vector [ to help the generator GG correctly encode [ in his generated sample. In this
case, S creates a face model image from a 400-dimensional label vector I ~ N(0,1)
containing the coefficients for a linear combination of principal components of the
Basel Face Model (Paysan et al. |, [2009). The vector contains 199 coefficients influ-
encing the shape of the face, 199 coefficients influencing its texture and 2 coefficients
describing the horizontal and vertical angle it is pointing at. It is important to keep in
mind that the elements of [ are not all having the same influence on the resulting face
model image. To compute a distance between two label vectors [; and 5 the texture,
shape and angle part of them should be compared seperately after normalizing them
related to the eigenvalues of the according principal components of the Basel Face
Model. The implemented simulator is a convolutional network shown in figure
which is trained supervised on images generated using the original Basel Face Model.
The reason why a neural network is trained on the Basel Face Model instead of just
using it directly is that the described approach should be as general as possible and
it would be conceivable to additionally learn helpful characteristics of the unlabeled

training dataset to let the simulator approximate them. Figure shows samples

Thttp://pytorch.org
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Figure 3.6: Simulator Architecture - The 400-dimensional label vector is processed by
a fully connected layer (FC) and reshaped to 4c x 4 x 4 (Channels x Height x Width)
with ¢ being the basic amount of channels used. Afterwards, four convolutions with
3 x 3 kernel, stride 1 and padding 1 (Conv k3 sl pl) are applied which are linearly
decreasing the amount of channels. After each of the first three convolutions batch
normalization (BN) and Leaky ReLU non-linearity with negative slope 0.2 are applied
and the result is upsampled by factor 2 (Upsample {2). The last convolution is only
followed by sigmoid activation and recuces the amount of channels to 3. The final
result is a 32 x 32 rgb image of a simulated human face.
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Figure 3.7: Basel Face Model - The upper row is showing examples of images gener-
ated from the original Basel Face Model and rescaled to size 32 x 32. The lower row
is showing results of the simulator described in section [3.3.1.

generated from the original Basel Face Model and results of the trained simulator

next to each other.

3.3.2 VGG

The used VGG model (Simonyan & Zisserman, 2014) is the pretrained VGG-16 model

contained in Pytorch’s torchvision.models packagdﬂ. The network needs input

images of atleast size 224 x 224. Because the implemented generator and simulator
networks are just producing 32 x 32 images, they are upsampled by factor 7 before
feeding them to the VGG. As the perceptual loss should only react to the similarity
of the generated and simulated faces on the images and not to the similarity of the
backgrounds, the generated images are masked so that the backgrounds of simulated
and generated images is the same. Results of this preprocessing step can be seen
in figure The high level features used for computing the content similarity loss
are the results of the ReLU layer before the penultimate max pooling layer of the

network.

3.3.3 Generator

The generator G takes a noise label z€ N(0,1) and a label vector I € N (0,1) as
input and generates an image of a human face out of them. First of all, the the N.-

dimensional noise vector z and the 400-dimensional label vector ! are concatenated.

Zhttp://pytorch.org/docs/master/torchvision /models.html
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Figure 3.8: Masked Generated Images - The content similarity loss should only react
to the similarity of the generated and simulated faces. The white, empty background
of a simulated image in the upper row is transfered to the related generated image in
the lower row before feeding them into the VGG.

The resulting (NN, +400)-dimensional vector is stacked to get a tensor of shape (IV, +
400) x 4 x 4 with each spatial location having all information about noise and label
available. Afterwards, the tensor is processed by four residual blocks of two 3 x 3
convolutions with stride and padding 1 each followed by leaky ReLLU non-linearity and
pixelwise feature vector normalization to reduce the escalation of signal magnitudes
especially when generator and discriminator are competing against each other. The
skip connections of the residual blocks should fascilitate the training process, lead
to sharper generated images and make it easier to propagate the label and noise

information to the deeper layers. Pixelwise feature vector normalization is a form

of local response normalization (LRN) (Krizhevsky et al. | 2012) and is defined in
Karras et al. || 2017 as

1 c-1 .
bxyy = ax,y/\/a ijo (a?c,y)Q + € (3.10)

with b, , and a,, being the normalized respectively original feature vector in pixel
(z,y), C being the number of feature maps (or channels) and ¢ = 1078, Each block
is reducing the amount of channels linearly. After the first three blocks the result is
upsampled by factor 2 by nearest neighbor interpolation, finally leading to a ¢ x 32
x 32 tensor. After the last block, a 3 x 3 convolution with stride and padding 1 is
used to reduce the amount of channels to 3 to get a rgb image of size 32 x 32. The
described generator architecture is shown in figure Algorithm outlines how

an update step of the generator is implemented.
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3.3.4 Discriminator

The discriminator is built out of two parts. The first part is an encoder that reduces
a generated image of the generator or a real image from the cropped Large-scale
CelebFaces Attributes (CelebA) (Liu et al. , 2015) and Labeled Faces in the Wild
(LFW) (Huang et al. | [2007) dataset to an embedding h. The sample is processed
by a 3 x 3 convolution with stride and padding 1 to increase the amount of chan-
nels. Then, 4 residual blocks with two convolutions similar to the ones used by the
generator described in section [3.3.3 are following. Instead of upsampling the result
by factor 2 after each block as done by the generator, the result is downsampled by
average pooling with a 2 x 2 kernel and stride 2. Before the last block of convolutions,
minibatch normalization (MBN) as described in Karras et al. ,|2017 is applied to in-
crease variation and therefore reduce mode collapse. After the last block, the result is
mapped by two fully connected layers to an N,-dimensional embedding h. A dropout
layer is placed between the two fully connected layers to increase the autoencoders
generalization capabilites. This embedding is afterwards again processed by two fully
connected layers with a dropout layer inbetween and reshaped to a tensor of shape 5n
x 4 x 4. This tensor is used by the second part of the discriminator, the decoder, to
reconstruct the original input sample. The decoder architecture of the discriminator
is, apart from the eventually different amount of channels of the input, identical to
the generator architecture described in section [3.3.3 and shown in figure [3.9f The
whole architecture of the discriminator is outlined in figure [3.10 An update step of

the discriminator network is outlined in algorithm [A.2

3.3.5 Predictor

The Predictor maps an embedding h created by the encoder part of the discriminator
to a (N,+400)-dimensional vector with the first N, elements being the predicted label
vector Z and the last 400 elements being the predicted label vector [. The predictor
consists out of three fully connected layers and a dropout layer as shown in figure

Algorithm outlines an update step of the predictor network.

19



ogewtt Indut 97} JONIISU0DDI 0) IOPOIIP 9} A Pasn ST PIYM JOSUd) § X § X 0G © 0] SIoAR] pPajooutod ANy om) Aq paddew
urege uoy) SI SUIPPaqUId SIY ], "SUIPPOUIO [RUOISUSWIP-1A] Ue 0] SIoAR] Pajooutod A[nJ om) Aq paddeur st gnsax oY) Y00[q Ise[
o) I9)]y UOIJRLIBA 9SRSIOUI 0} Pasn sI IoA®] Jurdwresumop jse[ oy} Ioye (NGIN) uonezieuriou yojeqruiy -pardde st (od gs
2 10048Ay) () Surpped pue g oplnis ‘(PuIey g X ¢ Yim Surjood aFeloar SYDO[( 99I) ISIJ 9] 193]y "I0JeIaULS oY) JO SoUO A1)
0} IR[IWIS SYOO[( [BNPISAI INOJ PUR UOIN[OAUOD ¢ X ¢ dUu0 A passenold st ofdures ot ], - 9IN309)IYDIY IOJRUIWLIISI(] ()] ¢ 2INSI

a3ew popoouoINy
TEXTEXE v Xy X0¢ —8 X 8 X 9 —9] X 9] X o¢ — 7€ X TE XO
| ] ] ] |
15p022(] \ 70U 199 AT / \ 70U (119 Ayes] / \ 70U 199 Ayea] / \ 70U (119 Ayes] /
X ¥ Xy X06 8X8 X9y 91 X 91 Xo¢ CEXTEXOT
¥ X x9¢ _|V®A|_ _|V@A|_ _|V®AJ _|V@A|_
— U.n— _ VX X906 VX Xo¢ 8X8Xop 8 X8 X9y 91 X 91 Xo¢ 91 X 91 Xo¢ TEXTEXIT TEXTEXIT
% Nid N ) T T
1X1X907
v.o&mom&ﬁ g 1d s €3 Auo) 1d [s € auo) 1d s €3 Auo) 1d 1s € Auo)
70U NTPY DpeaT | Ndd NAd NAd NAd
OM _ pXp X908 1d 1s € Auo) X8y 1d s €3 Auo) oL X oL XL 1d s €3 Auo) gexeexat 1d 1s €3 Auo)
1x1xIN A A A A
3 70U N'ToY AYea] 70U 119y AYedT 70U NToY Ayea] 70U N1y Aqea]
ppoqug [T T T Nid N T
1x1xIN 1d s €3 Auo) 1d [s € auo) 1d s €3 Auo) 1d 1s € Auo)
l
s & AN AN Y,
1 _|_|
ﬁv:»xoom vxvx_3+ovv 8Xg8x0¢g O1X91X9¢ mem_mxu
| d zs 00g3A dzs 00JSA
[ vodmodoig ( zmz ] ( odzs oi100d8ay | [ odzsprrood8ay | ﬁ . g
Xy xop ( X

[ zounTey et _
| od (0dzs pi100dBay |

(R e

mem_mxm

o8ewiy

20



Predicted

Label Vector
: o T — —
Embedding
- 2 - ol | = |3 = *
» E x 3 = 2 v 400x1x1
- [R5 i 25 e R4
Z ';} z é ¥ S ¥ T Npx1x1
— — = A = Z E
- - J
Predicted

Noise Vector

Figure 3.11: Predictor Architecture - The embedding is processed by three fully
connected layers. The first two are followed by leaky ReLLU non-linearity with negative
slope 0.2. The penultimate fully connected layer is followed by a dropout layer with
dropout probability 0.4 (Dropout p0.4). The result is a (N, +400)-dimensional vector.

The first N, elements are the predicted noise vector z, the last 400 elements the
predicted label vector [.
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Chapter 4
Evaluation

In this chapter the model described in section |3.2| implemented as outlined in section
is evaluated. It was trained in a Dockerf/| container instance running Debian?] The
used graphic processor was a Nvidia GTX 106(ﬂ

4.1 Training

One training iteration consists out of three discriminator update steps and one pre-
dictor and generator update step executed seperately after each other. The learning
signal the discriminator provides will therefore get better faster and all update steps
will take place in the most stable environment possible. Instead of standard SGD,
Adam optimization (Kingma & Bal [2014) was used for parameter updates. The used
default hyperparameters can be seen in figure The first thing to point out is that
the BEGAN equilibirum is not touched by the additional losses. As shown in figure
[4.2] neither the generator nor the discriminator is getting a big advantage over the
other after the initial balancing. The global measure of convergence Mopq shown
in figure approves this as well and indicates that generator and discriminator are
still able to learn from each other. The adjustments of k; shown in figure to
control the equilibrium are telling that the generator has an easier time to trick the
discriminator in the beginning of training and that it is getting harder with increasing
amount of iterations. The generator loss L is higher than the discriminator loss Lp
because he has to deal with the additional losses £, and £, shown in figure The

Thttps://www.docker.com
https://www.debian.org
3http://www.nvidia.de/graphics-cards/geforce /pascal /gtx-1060/
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Parameter Value Description
B 94 The used batch size. Relatively small
because of hardware limitations.
Maximum amount of iterations after
Lz 50,000 which the training stops. Small due to
time limitations.
N, 32 Dimension of noise vectors z.
N, 64 Dimension of the discriminators
autoencoder embedding h.
Basic number of channels used in
c 32 . L
simulator, discriminator and generator.
w 01 Weight of content-similarity loss £, on
¢ ' generator loss.
w, 0.05 Weight of noise loss £, on generator loss.
BEGAN parameter to relax equilibrium
y 0.7 . . .
and influence sample diversity.
A\ 1.10-3 BEGAN learning rate for k; updates
controlling the equilibrium.
Learning rates for discriminator,
Ap, AG, A 5-107° generatfr and predictor update steps.
Figure 4.1: The default hyperparameters used for evaluation.
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Figure 4.2: Plot of Discriminator and Generator Loss - After the initial balancing

neither discriminator nor generator is getting an advantage over the other.

Even

though the autoencoder loss for generated samples is kept smaller than the one for
real images by the equilibrium, the generator loss is higher than the discriminator
loss because of the additional losses £, and L.
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Figure 4.3: Plot of Global Convergence Measure Mg, - The model is converging.
Discriminator and generator are able to learn from each other.
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Figure 4.4: Plot of k; - It is easier for the generator to trick the discriminator in the
beginning of the training. It gets harder with increasing amount of iterations.
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Figure 4.5: Plot of L. and L, - The generator is learning to encode label information
correctly into generated images and to use the noise vector to realistically customize
them. It is harder for the generator to find a way to encode the noise vector realisti-
cally so that the predictor can reproduce it than to minimize the difference between
the VGG features of simulated face model images and masked generated images.

decrease of both losses proves that the generator is learning to include label informa-
tion correctly into his generations and is trying to customize the images realistically
by using the noise information from z. Finding a way to encode z realistically so
that the predictor can reproduce them is harder than minimizing the perceptual loss
between masked generated images and simulated face model images. The decreasing
label loss £; shown in figure shows that the training of the predictor is working
as well. Its interesting to see that the label loss is basically solely depending on the
difference between original and predicted horizontal and vertical angles the faces are
pointing at. The shape and texture seem to be easy to predict and it is impossible for
the predictor to get better at it. The training was interrupted after 50.000 iterations
even though some parts of the model were still making progress. Better results might

be possible by increasing the maximum amount of iterations.

4.2 Results

The previous section suggests that the training process works at least to a certain

degree. Figure 4.7 shows examples of images created by the generator after training
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Figure 4.6: Plot of £; and its Components - The loss related to the angles the faces
are looking at is by far the most influencing component. It seems to be impossible
for the predictor to get better in predicting the label vector parts related to texture
and shape.

next to samples from the training dataset of real images. The generator does create
realistic looking images. The most obvious difference between real and generated
images are the white borders around the faces. These borders correspond to the
simulated model faces used to enforce the correct encoding of the label information
which can be seen in figure .8l The generated images are also blurrier than the
real ones which is probably the result of the L1 image loss used to compute the

autoencoder reconstruction error and the blurry simulated face model images used

for computing the content-similarity loss. The white border and other artifacts are

) SN - R[S
fel l[zj{;_l L1

Figure 4.7: Real and generated Images - The upper row shows real images from the
training dataset. The lower row shows results of the generator.
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Figure 4.8: Generated and simulated Images - The upper row shows results of the
generator G(z,[;0q) after training. The lower row shows the related results of the
simulator S(I;6g).
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Figure 4.9: Generated Images and their autoencoded Counterparts - The autoencoder
is removing the white border around the faces and other artifacts in exchange of
blurriness.

removed by the autoencoder as can be seen in figure 4.9, The label information seems
to be encoded by the generator. The most obvious indication for that is that the lines
of sight and the shape of most generated faces correspond really good to the related
face models. This can be seen even better in figure which shows masked generated
images used as input for the pretrained VGG model next to the related original and
predicted face models. Exceptions are face models pointing at extreme vertical angles,
like faces looking straight to the top or bottom. The reason for this should be that
these type of faces are not at all or only sparsely represented in the training dataset
of real images. Textures are not transfered as good as the angles and the shape,
but the predictor has no problems in reproducing them. The cause of that might be

that the content-similarity loss using feature layers of the pretrained VGG model is
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Figure 4.10: Masked Generated Images next to simulated and predicted Face Models
- The top row shows samples of the masked results of the generator. The middle row
shows the related simulated face models used to ensure the correct encoding of the
label information by the generator. The bottom row shows the face models created
by the simulator out of the predicted label vector generated by the predictor.
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more focused on structures and contours than on textures so the generator is likely
to change them and that the textures of the simulated face models do not vary much.
The overall small difference between original and predicted face models in figure 4.10
shows that the predictor is able to reproduce the label vectors with high accuracy even
though the default value of w, is small. Higher values of w,. are leading to a smaller
difference between masked generated images and simulated face model images but
also make it harder for the generator to create images that trick the discriminator as
shown in figure and [4.12] Increasing w. therefore causes a decrease of diversity of
generated images. Figure shows that the predictor is able to classify real images
from the training dataset to a certain degree. The label predictions are good in most
cases. Extreme angles are posing a problem again and the texture is not predicted as
good as the lines of sight and the shape. Because the simulated face models do not
cover all of the characteristics of faces in the training dataset of real images especially
with regard to textures or face properties like beards, this was to be expected. It
is also important to note that increasing w,. reduces the capability of the predictor
to reproduce correct label vectors out of autoencoder embeddings from real faces, as

can be seen in figure [4.14, The reason for that is that higher values of w. prevent
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0.1 — w. =01
—w,=0.2
—w, = 0.3 \J

B i

| | | |
0 10,000 20,000 30,000 40,000 50,000

|G(z,1;0c) — S(;09)|l;

Iteration
X —2 | 7'LUC - 0.1 |
3-10 W, =02
& 2_1072, 7'1,00:03 .

| | | |
0 10,000 20,000 30,000 40,000 50,000

Iteration

Figure 4.11: Influence of w,. on the generator - Higher values of w,. lead to better
matches of generated images and simulated face models but make it harder for the
generator to create realistic images tricking the discriminator which is reflected by an
overall lower value of k;.
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Figure 4.12: Generated Images for different values of w,. - With increasing w, the
image diversity is decreasing and the matching of masked generated images and sim-
ulated face models is increasing.
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Figure 4.13: Real Images and predicted Face Models - The upper row shows samples
of real images from the training dataset. The lower row shows the face model images
created by the simulator from the predicted label vector the predictor generated out
of the according autoencoder embeddings of the real images.
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Figure 4.14: Influence of w. on the predictor - Higher values of w, are decreasing the
capability of the predictor to predict correct label vectors for real images.
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the generator from adapting the faces to appear more realistic. Because of that the
domain shift between generated images and real images stays higher. The samples
the predictor is trained on are therefore not very similar to real images and learned
characteristics of the domain of generated images can not be transfered to the real

image domain that easy.
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Chapter 5
Discussion

The proposed model has two outcomes. The first one is a generator that is able to
generate realistic images corresponding correctly to label information given to him
in form of a label vector [ and which can be customized realistically through a noise
vector z. Figure shows that the model actually learned to create those images by
itself and is not reusing real images from the training dataset. Artifacts like white
borders around the faces are removed by the discriminator in exchange of blurriness.
Difficulties are arising from face models pointing at extreme angles because they are
not represented well in the training dataset of real images. There is no mode collapse,
but increasing w,. to put more emphasis on correctly encoding label information into
the generated images decreases the image diversity. The reason for that is most
probably the domain shift between the face models and real faces in the training
dataset which makes it hard to create realistic images when being forced to include

the face models one-to-one. Figure shows a matrix of results of the generator for

Figure 5.1: Generated Images next to their Nearest Neighbours in the Training
Dataset - The difference between the generated images and their nearest neighbours
shows that the model learned to actually create new images by itself.
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Figure 5.2: Generator Results for fixed Label or Noise Vectors - The label information
is preserved when changing the noise vector. Changing the label vector while using
the same noise vector does lead to different images of the same style.

fixed label respectively noise vectors. It can be seen that it is possible to generate
different realistic samples containing the same or different label information which
theoretically enables the generation of infinite labeled, realistic training datasets of
images of human faces. The difference of images generated from a fixed label vector
and varying noise vectors are not huge but definetely noticeable. Ideally, the label
information given by the label vector should only be encoded into the part of the
image where the human face is located. Additionally, label information solely related
to for example the nose should only change the appearance of the nose and not of the
eyes. Figure shows that in some cases changing the label vector does in fact not
only change the representation of the human face, but also the whole image. That
means that some label information may not be encoded correctly or influencing more
parts of the image than it should be. The problem is to tell the generator what the
label information actually means, force him to only encode it accordingly, maybe let
him omit information he can not encode realistically and give him the freedom to
change other details. The pretrained VGG model does not seem to be able to provide
the generator with a perfect learning signal, even though it works quiet well overall.

The second outcome is a predictor that can predict label vectors related to the

Basel Face Model from generated as well as real images of human faces. The predictor
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is working better for generated images than for real ones. Original and predicted face
models of generated images shown in figure [4.10| are almost equal. Predicting the
horizontal and vertical angles real faces are pointing at and the shape of them is
working well. The prediction of textures is not working that well because of the

limited range of textures provided by the simulated face models.
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Chapter 6
Conclusion

In this thesis a novel generative approach of unsupervised domain adaptation based on
the BEGAN architecture was described. The implementation of the proposed model
was set out in detail. It was shown that the model is able to overcome a relatively
large domain shift between simulated images of face models and real images of human
faces. The model created realistic, labeled images of human faces and was able to

predict label vectors from images of real human faces to a certain degree.

6.1 Final Thoughts

The biggest problem was to force the generator to encode label information in the way
it should be encoded while giving the freedom to change other details. The generator
should for example encode the face model label information only into human faces
and not at all into the background as well as label information solely related to the
nose should not be changing the appearance of the eyes. This obviously gets harder
with increasing semantic complexity of the labels. The usage of a pretrained VGG
model to enforce content-similarity of simulated and generated image is working pretty
well for the considered use case but it is also the biggest drawback of the described
approach. It should work for most domains whose labels are describing objects in
images but it might have to be substituted to apply it on other domains. A first step
to tackle this problem could be to evaluate if feature layers of the encoder part of the
discriminator can be used instead of the feature layers of a pretrained VGG to ensure

the content-similarity.
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6.2 Future Studies

There are a lot of things that could be done following up the approach described
in this thesis. A basic one could be to apply the approach on other domains than
images of human faces, like images of cars in street environments. It may also be
possible to improve the image quality of generated samples by letting the generator
and discriminator grow with increasing amount of iterations as described in Karras
et al. |, 2017. Using images of higher resolution than 32 x 32 might improve the
results as well. Finding other ways to ensure label-aware content-similarity is probably
the most promising but also hardest subject of future studies. Another interesting
idea would be to let the generator directly create embeddings out of a noise and
label vector for a pretrained autoencoder. The generator could then be trained to
generate embeddings that are decoded to realistic looking images whose embeddings
created by the pretrained encoder part of the autoencoder are still containing the
label information included in the original ones. For this approach Deep Invertible

Networks (i-RevNets) (Jacobsen et al. | 2018) might be useful.
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Appendix A

Algorithms

Algorithm A.1 Generator Update Step

1
2
3
4
5
6
7
8
9

10

11
12

13
14
15
16
17
18
19
20
21
22
23
24
25
26
27

for i€1...B:
Sample noise and label vector
sample 2! ~P,
sample I! ~ P,

#Create face model from label
zy = S(I")
#Generate and discriminate fake sample

zh = G(2,1)

: R i
aex’Ga hz’G * D($G)
#Predict label and noise vector from embedding

#Process generated face and face model through VGG
#and extract high level features

mask = getMask (z%)

fai, = VGGIG(mask'mia).reluél_?)

fai, = VGGI16(2Y ). relud _3

Compute losses (baselLoss: normalized loss from section
Li= 53 laes — 2l

Le= 55 ar, — faill2

L.= 521z — 2l

Lo=Lg+we Le+w,- L,

fCompute gradients and perform SGD update
gradgc < VQGEG
Oq < 0 — A\c - g?“adgc

3.3.1)




Algorithm A.2 Discriminator Update Step

1
2
3
4
)
6
7
8
9

10
11

12
13
14
15

for ic1..B:
#Sample real image, noise
sample 2/ ~P,
sample I ~ P,

and label vector

#Generate and discriminate fake sample

zt = G(2',1)
aexiaﬁ h’ac’G - D(xG)

#Compute losses

Lp =} Xillaegs — s ~ ko i llacyy, — 5l

#Compute gradients and perform SGD update

grang — VGDED
HD — GD — >\D . grang

Algorithm A.3 Predictor Update Step

1
2
3
4
)
6
7
8
9

10

11
12

13
14
15

16
17
18
19

for i€ 1...B:
#Sample real image, noise
sample 2! ~P,
sample I' ~ P,

and label vector

# Discriminate real sample

aeyi, hy — D(z%)

#Generate and discriminate fake sample

zt, = G(24,1) ‘
aeyi s Tyi = D(zg)

#Predict label and noise
z iG, li = P(h

T zl, :rzc)

#Compute losses (baselLoss:

vector from embedding

normalized loss

Lp=%>, baselLoss (I, , Iy v %Zin%—Zin

#Compute gradients and perform SGD update

gradgp — Vgpﬁp
(9p < 9p — )\p . gradgp

from

section

3.3.1)
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Appendix B

Additional Results

Figure B.1: Predictor Results - Real images above the related predicted face models
produced by the simulator out of label vectors created by the predictor.
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Figure B.2: Generator Results and Face Model Images - Generator results under the
according simulated face model images.
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Figure B.3: Generator Results for fixed Label or Noise Vectors - Generator results
for different noise vectors from left to right and for different label vectors from top to
bottom.
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