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Abstract

In this thesis, we present a novel neural network method to synthesize a person’s face imagery
with frontal face and neutral expression, given a single unconstrained face photograph. We
achieve this by a data-driven approach to train neural networks with a large-scale in-the-wild
dataset of face images. The most common way to tackle this is supervised learning, which
requires many ground-truth input-output pairs. Moreover, in our problem context, find-
ing clean frontal and neutral expression faces without occlusions leads to other challenging
problems.

To avoid this, we take a neural knowledge transfer approach, where we first train modular
networks for each well-defined sub-task and exploit them to instill semantic senses to train the
face decoder, i.e., neutral face synthesizer. For sub-tasks, we utilize face landmark detection
and recognition modules, where curated datasets exist. In particular, the face recognition
sub-task learns features strongly invariant to lighting, pose, and facial expression variations.
Given the recognition feature, we leverage this invariance to train our face decoder to produce
consistent frontal and neutral expression faces, while constraining each generated face: 1)
to be a forward facing pose using the network trained for the landmark detection, and 2) to
preserve the same identity as the input face using the network trained for face recognition.
Furthermore, we attempt to boost the realism of the output faces using adversarial loss, in
which a discriminator competes with the generator network and guides the generation of
higher quality faces. In test time, only the face recognition network and face decoder are
used to synthesize neutral faces.

Our approach does not require supervised data and further minimizes sensitive data
pre-processing pipelines. Compared to competing fully-supervised methods, our method
produces comparable or often even favorable face appearances.

Thesis Supervisor: Wojciech Matusik
Title: Associate Professor
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Chapter 1

Introduction

Figure 1-1: Examples of face frontalization achieved by our method on a set of 4 input faces.
The left two columns image are our input images. The right two columns are our outputs.

There are many face based applications that people are interested in, such as face detec-
tion, veri cation, recognition, and sentiment analysis, each of which can be used in various
elds such as criminal justice, phone technology, avatar creation, digital art, etc. The reason
is that out of the ve human senses: sight, sound, touch, smell, and taste, visual signals by
facial appearance form a dominant part of human social perception. For instance, existing
research shows that deep learning can strongly predict subjective measures of trustworthiness
solely from facial pro les [12].

In most face-based applications, the technical challenges come from variations in head
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pose and facial expression, as well as real world perturbations such as accessories like makeup,
varying light conditions, blurry image quality, and so on. Consequently a valuable and funda-
mental technique that can bene t many subsequent face applications is face neutralization,

or the ability to take an arbitrary face image, and produce the corresponding front-facing
face with neutral expression.

In this thesis, we accomplish this task with a neural knowledge transfer approach through
the application of sub-modules pretrained with labeled data. We demonstrate that despite
lacking labels required to form a superior dataset as in the method of Cole et al. in [5], this
is su cient for the task of frontalization and face decoding. We additionally compare our
results to the method of Cole et al. and demonstrate that information used by their method
ie. identity labels, are not needed at all. Even without this information it su ces to produce
comparable results.

The intuition behind our encoder-decoder architecture is that the classical face encoder
can be leveraged to guide the learning scheme due to its invariant property. For instance,
the face encoder termed \FaceNet" produces a 128-dimensional vector encoding of any face
image that is invariant to changes in pose and illumination [17]. Face decoders on the other
hand, attempt to generate a face from the output encoding of face encoders. Several face
decoders have been proposed in the last couple years to varying degrees of success such as
the 3D face decoder of [20] and the separated landmark-texture learning approach of [5].

That said, the biggest challenge to face frontalization and neutral expression generation is
the absence of supervised data. Whereas there are numerous datasets of unconstrained faces,
they do not provide the corresponding frontal and neutral-expression face for each identity.
Without this direct supervision, we split the larger problem into smaller sub-tasks for which
supervised data exists. These components are: 1) a face encoder that maps a cropped
face into a latent space containing identity info, provided by Facenet [16] and 2) a 3D facial
landmark detector, provided by PRNet [8]. Our strategy given these two components is to use
a CNN that learns a decoding of the identity latent space to frontal-facing neutral-expression
images. Although we lack a ground truth face image to perform direct pixel correspondence,
we are able to warp the input face image to an approximately frontal-facing and neutral-

expression face for to arti cially create such correspondence. Finally, to further guide the
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learning of the network, we also exploit the 3D landmark detection to enforce similar facial
geometries of the input and output. To prevent the freely varying background of the image
from negatively impacting the network training, we additionally learn an attention mask
that e ectively forms a white background.

We note that our approach is similar in design to the approach of the recent Cole et al.
[5], except for several di erences such as the attention mask as mentioned above, adversarial
loss, and major simpli cation of the data preprocessing step. Our results are insensitive to
ad-hoc preprocessing while showing comparable performance. On the other hand, Cole's
method requires preprepared identity labels with su cient faces per identity along with very
carefully designed landmark detector and warping module to augment data.

To evaluate our model performance, we visually inspect our results on a small set of
images during training, and show a sampling of the results as compared with related works
that also deal with face neutralization such as that of Cole et al. [5] and Yin et al. [22].
We prepare the results of these methods side-by-side with our own and visually inspect the
di erences and provide reasoning as to dierences in results. These results demonstrate
that our model is capable of results on par with supervised approaches, but also show some
limitations. As an example, a high texture loss results in a possible over-dependence on
super cial color which results in the undesired leaking of dark shadows onto the output
frontalized face. Furthermore, the output faces are somewhat lacking in high frequency
details such as ne wrinkles. Although the facial geometry in general re ects that of the
input quite well, there are some cases when the appearance is di erent, notably around the
jawline. Even despite these limitations, we nd that a novel use of the landmark detection
submodule to control output facial geometry and major simpli cation of previously sensitive

data preprocessing pipelines result in comparable results to supervised approaches.
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Chapter 2

Related Work

In this chapter, we describe related work to our own, mostly concerning or indirectly related
to the goal of face frontalization. The structure of this chapter is as four sections. In the
rst, we describe face encoders and their applications. In the second, we talk about the
method of Cole et al. which also utilizes pose-invariant features calculated by face encoders
to create frontal neutral faces. In the third, we discuss a technique for frontalization using
an underlying model to represent face texture and geometry. In the fourth, we talk about
the potential of face encoders to be generalized to de ne audio-visual latent spaces and their

ability to reconstruct face images.

2.1 Face Encoders

Face encoders learn essential information behind distinctive face features that can discrimi-
nate identity while remaining invariant to head pose, facial expression, accessories, environ-
mental light conditions, etc. This invariant property is the key to mapping diverse perturbed
faces of a person to a canonical face. Some well known examples of face encoders include
FaceNet by [17] and VGG-Face [14]. In our work, we primarily use FaceNet encodings, so
we provide an overview of the work and bene ts of using this particular encoder, but give a
high level explanation of both.

As described in its original paper, FaceNet is a uni ed system designed with the following

goals in mind: face veri cation, recognition, and clustering. To accomplish these goals, the
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deep convolutional network learns a 128 dimensional Euclidean embedding such that the
squaredL, norm of the embedding is a measure of similarity between faces. Tasks such as
veri cation can then be mapped to simple operations on the embedding vectors. In addition,
FaceNet demonstrates invariance in pose, illumination, occlusion by other objects, and age;
the only requirement is that the input face image is cropped to the face. These two properties
together mean that multiple pictures of the same person, under many di erent environmental
conditions, will map to a cluster of 128-dimensional FaceNet embeddings. Because the
network is trained using triplet loss which maximizes embedding distance between non-
matching images, the embeddings of a separate facial identity are also distant from that of
the original.

As discussed, the bene ts of FaceNet are many. However, the VGG-Face encoder as
described in [14] also performs well on face veri cation tasks as measured on both the LFW
(Labeled Faces in the Wild) [10] and YTF (YouTube Faces) [21] datasets. VGG-Face, which
is based on the popularized VGG networks as described in [18], outputs a 1024-dimensional
embedding and is trained using classi cation loss. FaceNet [17] on the other hand is trained
using triplet loss, so its output manifold in latent space is smoother than that of VGG-Face.

We consequently choose to work with the Facenet encoder during experiments.

2.1.1 Face Encoder Applications

Face encoders are used for a variety of applications; One particularly e ective use case is
in multi-modal domains. The work of Ephrat et al [7] for instance uses face embeddings as
a vital part of their pipeline to recognize speakers and isolate a single person's audio from
audio-visual video clips. In their example video clip consisting of two comedians Rory and
Jon simultaneously carrying out separate standup routines, they are able to isolate either
comedian's speech to play during the video. Face encoders play a vital role in capturing
essential visual signals from the video: By concatenating the output of their dilated CNN
face encoder with their processed audio signals, they can achieve better audio isolation results
than with state of the art audio-only processing techniques.

Another example of face encoders used in multi-modal applications is the work of Nagrani

et al [13], which designs a pipeline for determining which face is more likely to have spoken
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a particular speech clip. In their base pipeline involving exactly two faces, both faces are
forwarded through the same VGG-M architecture [3] to obtain a 1024-dimensional feature
vector. They are then concatenated with a feature vector produced by a voice sub-network,
then passed through three fully connected layers to produce a binary output that selects from
the two faces. Their model can match human performance in easy scenarios with di ering
gender and even exceed human performance when gender, age, and nationality match.
Face encoders are an important tool in face image analysis. As demonstrated by these
examples of multi-modal applications that heavily rely on visual signals, we can easily incor-
porate visual signals by running images through well-known face encoders like FaceNet and
then simply concatenating the output encoding with other signals. Utilized this way, the face
encoder can be considered a plug-and-play component of any neural network architecture.
In addition, the FaceNet encoder's invariant properties prove particularly valuable in terms

of mapping a single identity under di erent environmental conditions to nearby embeddings.

2.2 Frontalization through Pose-Invariant Features

Cole et al. recently published a paper called \Synthesizing Normalized Faces From Facial
Identity Features” [5] that utilizes an encoder-decoder architecture where the encoder is a
pretrained FaceNet model. As a quick summary, the decoder network takes the corresponding
latent space learned by the FaceNet model and proceeds to learn geometry and texture
information separately in the form of landmarks and texture map. The geometry and texture
are then combined into the nal output using a di erentiable warping method that is now
written into the Tensor ow contrib library under the function name sparse .image warp() .
The dataset preparation involves non-trivial Iters and operations on existing datasets.
Starting with the entire set of 2.6M face photos from VGGFace?2 [2], they use the Google
Cloud Vision API to lter for monochrome, blurry, high emotion score, eyeglasses, and high
tilt and pan angles; additionally obtaining highly reliable ground truth landmarks. They
are strict with the pan and expression lters, so that they can guarantee that the ltered
set of images is frontal. Prelabeled identity information is used to warp and average each

identity's set of photos into a single photo with relatively soft colored background. These
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photos' landmark labels further enable Cole et al. to combine faces into new identities and
avoid the issue of insu cient training data.

Unlike our own, the method of Cole et al. uses a decoder that separately decodes geometry
and texture from the FaceNet embedding. Additionally, the preprocessing step is intricate
and requires highly reliable landmark detection. We show that even without such costly
operations and implementation, with a decoder that outputs the decoded face directly, we

can achieve comparable results.

2.3 Frontalization with Model-based Techniques

FF-GAN [22] is an example of model-based face frontalization. It relies on a neural network to
learn parameters of 3D Morphable Models [1] which aim to represent faces as a combination
of a PCA combination of a predetermined set of textures and geometries. By leveraging
the underlying model and also applying an adversarial loss, they aim to and succeed in
accomplishing large pose frontalization in highly di cult scenarios where large portions of
the face are not visible. They also succeed in the di cult task of reproducing high frequency
features of the original face.
3DMM or 3D morphable model represents faces as a combination of textufe and

geometry S in PCA space.

S=S+Aq4 gt Aexp exp (2 1)

T=T+ Awex tex;

whereS is the mean face shapéy is a basis of face shapes,, is a basis of expressions, is
the average face texture, and\. is a basis of face textures. The coe cient$ i4; exp; tex9
determine a linear combination of the bases.

These coe cients along with a projection matrix m representing pose of the face are
su cient for FF-GAN to generate a face image. Therefore the goal of the neural network in
FF-GAN is to learn these particular parameters.

The FF-GAN reconstruction module solves the problem of heavily occluded faces by
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applying a symmetry loss. By projecting the silhouette of the frontalized 3D Morphable
Model, they recover a binary maskM indicating the visible portions of the face. The
symmetry loss then demands that the generated frontal images and its ipped version should
be similar, but only within the visible portion of the face as de ned byM . In the case where

a face is turned 90 degrees and only one side of the face can be seen, the symmetry loss is
able to reconstruct the non-visible side of the face based on the visible side alone. In cases
where the mask and its horizontally ipped version do not cover the entire face, FF-GAN
rely on adversarial loss to generate the hidden regions.

An obvious di erence between FF-GAN and our technique is that FF-GAN relies on
the underlying representation of the face as a 3D Morphable Model whereas our technique
generates the face directly pixel-wise. Although using an underlying model provides the
bene t that the solution space is easier to navigate, it also entails that the solution space is

smaller and thus entails less exibility. We provide comparisons in section 4.3.

2.4 Audio-Visual Representations

Several recent works concern the closely tied problem learning of audio-visual latent spaces
[4, 23, 11].

For example, Chung et al. developed a method termed \Speech2Vid" [4] to generate
a frame-by-frame video of a talking face given a single still face image and a speech audio
segment not necessarily spoken by the given identity. Their neural network takes a single
stillimage and a 0.3-second audio clip as input, passes them through an identity encoder and
an audio encoder to create an audio-visual representation, and decodes a single frontal facing
image with changing expression. By stitching these together for consecutive sliding windows
over the entire audio segment, they can reconstruct a complete frame-by-frame video.

In another example, Zhou et al. [23] developed a generalized method that again creates
a video, but with either audio or video. By creating a disentangled audio-visual latent space
and using a temporal GAN to link frames, they can construct a smooth video with better
preservation of identity and facial detail. The more intricately designed latent space allows

the retrieval of speech information from either the separated audio clip or the separated
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video clip. Consequently providing a still face image with either external speech audio or
external video can make for high quality talking face video generation.

In both of these cases, the learned representation explicitly captures both identity and
expression information which facilitates the construction of face along with the pose. The
case of [23] further demonstrates that either visual and audio cues can provide su cient
information to capture expression information. Although these methods are less directly tied
to our main goal of face frontalization, they nevertheless provide insight to the degree in which

the speci ¢ face encoding method captures relevant identity and pertaining information.
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Chapter 3

Approach

Figure 3-1: Architecture of our entire network, except for the discriminator module (more
details in gure 3-7.) FaceNet and PRNet are pretrained components while the decoder and
mask decoder are learned during network training. The input is a 160160 loose-crop of a
face on the left of the diagram, and the output is a 320 320 frontal-face image found on the
right side of the diagram. Each dotted line connects two tensors to compute a separate loss,
where Ly is texture 10Ss,L jandmark 1S landmark loss, andL g is identity loss. See Section
3.5 for more details.
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Figure 3-1 describes the overall encoder-decoder architecture of our network. The input
is the 160 160 image on the left. It is a loose crop where the face is centered in the image.
The input image is passed through a pretrained FaceNet module (see section 3.1) to produce
an identity embedding. The identity embedding is then decoded into a 320 320 \noisy"
face image through the decoder module (see section 3.3.) An intermediate tensor of the
decoder module is upsampled through a mask decoder to produce an attention mask that
dictates the background of the image. The attention mask is then merged with the \noisy"
face to produce our nal output.

The rest of the components are only used to specify loss during training. The texture
loss is computed as ar; loss after warping both the input image and the cropped face
to a canonical set of landmarks. The landmark loss utilizes landmarks determined by a
pretrained landmark detector module (see section 3.2) to enforce various requirements of
the output face geometry such as symmetry of the face, and similarity to the original input
geometry. The identity loss is computed by comparing the FaceNet embeddings of both the
input and output images. Additionally, we calculate an adversarial loss that is not shown in
our gure.

This chapter detailing our approach begins with this summary of our overall architecture,
then detailing di erent modules including FaceNet, PRNet, and the decoder, then ends with

descriptions and de nitions of our loss functions.

3.1 Face Encoder Module

In this section, we describe the particular face encoder that we used. In practice however,
we may use any face encoder that takes a face image as input and outputs a meaningful
embedding containing identity information.

FaceNet as introduced by Schro et al in [17], is a state of the art neural network model
for producing embeddings for face recognition and clustering. The authors at Google have
not released a public pretrained model, so in practice we rely on the open source repository
by Sandberg [16] which contains FaceNet models trained on the VGGFace2 dataset [2] with

evaluation accuracy scores of 0.9965 on the LFW dataset [10].
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Notably, the FaceNet network has been demonstrated to produce embeddings that are
pose, lighting, and expression-invariant. This is essential to capturing identity information,
since faces from the same identity under di erent environments and poses are guaranteed to
discard unrelated information in the embedding space. By structuring the embedding space
as a compact Euclidean space through triplet losses, operations such as face recognition and
clustering can be performed directly using the embeddings themselves.

The original FaceNet paper experiments with several CNN architectures and discover
that it performs best when using an Inception based architecture, similar to that described
in [19]. Their best performing Inception based architecture is denoted by NN2 and di ers
slightly than the Inception Resnet V1 architecture. Speci cally, it replaces some of the max
pooling with L, pooling and also uses 3 3 pooling, other than the nal pooling.

In more technical detail, FaceNet trains directly on the embedding itself, rather than use
an intermediate bottleneck layer as prior techniques have done. They use a triplet loss, but
instead of using hard-negative mining to select triplets, they use the self-termed \semi-hard
mining" to avoid bad local minima in the early training process. Intuitively, the negative
sample faces are chosen so that the distance between the negative sample and the anchor
image is larger than that between the anchor and the positive samples, but the negative

sample is still close to the anchor.

3.2 Dierentiable Landmark Detection

The particular di erentiable landmark detector module we use is termed Position Map Re-
gression Network or \PRNet" by the authors Feng et al. in [8].

PRNet takes a 2D face image and can perform dense 3D face reconstruction and face
alignment simultaneously. In our use case, PRNet is able to regress the widely used 68
Dlib facial landmarks in a cheap, di erentiable and reliable manner due to its dense face
reconstruction.

We start with a brief introduction of the PRNet technique: in order to regress the 3D
facial geometry along with dense correspondence, PRNet introduces a representation called

UV position map. This is a 256 256 3 RGB image where the R,G,B values are the x,y,z
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Figure 3-2: The leftmost is the UV texture map. The second from the left is the UV
position map, where RGB colors dictated 3D position of each point in the texture map.
The second from the right is the colored texture map, where each color dictates di erent
weights / priorities during training ie. eyes are important so the purple region gets higher
priority. The rightmost is the actual weight mask, in which weights / priorities are coded
into grayscale. This is taken from gure 4 in the PRNet paper by Feng et al.[8].

coordinates of the corresponding points in the UV texture map (see Figure 3-2.) Intuitively,
the position map is used to store 3D coordinates of points from the 3D face model and can
be used to form a dense correspondence from the texture map to the 3D point cloud.

This method depends on the 3DMM model [1] to provide semantic meaning to these
points and construct a Tutte embedding for the UV maps. For this purpose Feng et. al
use the 300W-LP dataset [24] which contains 60K images annotated with the tted 3DMM
parameters. These annotated faces provide a ground truth UV position map which can be
compared with the network output during training.

Furthermore, since 3DMM face meshes use 53,490 vertices, PRNet regresses a position
map of resolution 256 256 = 65,536 to get a high precision point cloud. Due to the
embedding of the face in UV space, PRNet uses a weight mask as seen in Figure 3-2 to
give higher weight to facial regions with more discriminating features. There are a total of
ve prede ned regions for eyes, nose, mouth, general face, and background. This way, the
network places a higher priority around the eye, nose, and mouth region without noise from

the neck and clothes.
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Figure 3-3: Architecture of face decoder. The face embedding is rst passed through two fully
connected layers, reshaped into a volumetric tensor and then passed through six convolutional
layers. Here we shorten fully convolutional layer to FC and convolutional layer to C. See

table 3.1 for details.

3.3 Face Decoder Module

The face decoder generates a \noisy" output face image as well as an attention mask. The
attention mask simultaneously guides the learning of color, and masks the background of the
noisy face image with white. The input of the reconstruction module is the output of the
lowest non-spatially varying layer, the \avgpool" layer of David Sandberg's Facenet imple-
mentation, based on the Inception Resnet-v1 architecture [19] and trained on the VGGFace2
dataset [2]. By relying on the lowest such layer, we can capture the most information when
reconstructing an image of the face.

We add a fully connected layer to change our latent space to one of sSM&K where
W =5 and K = 192. This 1D tensor is then reshaped into a volumetric tensor of size
W W K. TheseW;K are speci cally chosen such that by upsampling image dimensions
by a factor of 2 and dividing channels by a factor of 2, we may arrive at a 320320 3
tensor that de nes a color image. We repeatedly transform our volumetric tensor using a
repeated sequence of two residual blocks followed by a singular upsample convolution. The
sequence repeats until we reach a tensor of size 32820 3.

In summary, the tensor sizes are as listed in table 3.2:
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layer tensor shape
FC1 4800
FC1 4800

Reshape 5x5x192

C1 10x10x96
C2 20x20x48
C3 40x40x24
C4 80x80x12
C5 160x160x6
C6 320x320x3

Table 3.1: Shapes of intermediate tensors in face decoder.

We then map the output range to [-1,1] using tanh activation. Output images in the [0,1]
or [0,255] range can be obtained using a linear mapping.

The attention mask, also of size 320 320 1, is created using the same architecture
except it stems from the intermediate 80 80 12 tensor. In addition, we apply a nal
convolutional layer to reduce the 320 320 3 tensor to shape 320 320 1.

The nal output face image Fo is dened asFo = WFy +(1  W)B whereW is our
attention mask, broadcasted to the shape d¥y and B is a tensor of ones, corresponding to

a white background.

3.4 Generative Adversarial Networks

Generative adversarial networks are an important framework for capturing data distributions
from Goodfellow et al [9]. They are composed of two networks, namely a genera@®ithat
learns to generate samples from the input training distribution, and an adversam that
learns to discriminate samples from the input distribution and the generated outputs. The
generator seeks to better mimic samples from the input distribution based on feedback from
the discriminator, which also seeks to improve its performance. Based on this concept, GANs
have produced images with high level of realism [15].

GANs have been used for a variety of di erent tasks including image generation, 3D

object generation, etc [6]. The widely popular Deep Convolutional GAN (DC-GAN) [15] for
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instance extends the original multi-perceptron architecture to use convolutional layers and
provides a very successful architecture for many neural network designs seeking to employ
an adversarial training technique.

Our system uses the GAN architecture, where our generat@ is the encoder-decoder
architecture that maps input unconstrained face images to the frontal facing and neutral
expression image. The discriminatdD is a separate convolutional network that discriminates
the output of G. On one hand, our generative model is capable of producing a decent output
even when training without the discriminator. On the other hand, our goal in introducing
D as an adversary to the system is to generate faces with as much realism as the input
dataset. Our conjecture is that this is possible, considering that our target distribution of
frontal, neutral faces is an existing subset of the input distribution of unconstrained faces.

We discuss the results in a later section.

3.5 Loss functions

3.5.1 Texture Loss

Texture loss penalizes pixel level di erences between the output face image and the input
face. To set up pixel correspondences, we rst warp the images according to a preselected,
reliable set of landmarks. Those landmarks refer to the chin, nose, inner eye corners, outer
eye corners, four outer mouth corners, and four inner mouth corners. Their 0-based DLib
indices are [8, 33, 36, 39, 42, 45, 48, 51, 54, 57, 60, 62, 64, 66]. They are the red highlighted
points in gure 3-4.

We choose these landmarks based on our own subjective experience on how reliably
PRNet is able to calculate these landmarks. An example of unreliable landmarks is the set
of landmarks denoting the back of the jaw. Due to the 3D nature of PRNet, these landmarks
tend to be located in a range of locations when projected from their 3D coordinates to the
2D image, and may experience some incorrect detections as well. In gure 3-5 we see that
sometimes the back of the jaw is occluded by hair and PRNet has some trouble making a

guess as to where those occluded landmarks are. Sometimes, the jaw is of a particularly
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Figure 3-4: Subjectively most reliable set of landmarks detected by PRNet landmark detec-
tion submodule. These are marked by the fourteen red colored landmarks on the diagram.

square shape and PRNet produces a more rounded jaw structure. In addition, PRNet is
often unable to exactly locate the eyebrows, although it can make a decent guess.

To warp the images, we use the di erentiablesparse .image warp() function from the
tensor ow contributions library. This function is in fact based on the technique described in
Section 4.1 of [5], and as such we use the radial basis functioffr) = r such that the spline
interpolant is less prone to overshooting and artifacts.

Our nal loss is

y(W
Liex = My 1y Oy (3.1)
1)
where M is the learned mask, is the warped input, O is the warped output and is

element-wise multiplication

3.5.2 Landmark Loss

Now that we have a way to enforce texture, we additionally require a method of enforcing

geometry. Our landmark detection module facilitates very exible de nitions according to
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Figure 3-5: Landmarks detected by PRNet on 4 di erent photos of identities n000002 and
n000003 of the VGGFace?2 training dataset [2] to varying degrees of success.

our needs. Landmark loss is composed of four separate components that govern di erent
aspects of the face shape we wish to control.

To enforce the geometry to be as close to that of the input face as possible, we use a
geometry loss that enforces similarity between the ratio of 3D distances between landmarks.

We introduce the concept of a landmark distance matri® which is de ned as

ngi;j =jLi  Ljly; (3.2)

wherelL;;L; are the 3D coordinates of the'th and j 'th landmarks. We useL ; norm in these

calculations to avoid discontinuities of square root function during gradient calculation for
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Figure 3-6: Example faces from identities n000002 and n000003 of VGGFace2 dataset [2]
warped according to a predetermined sparse set of landmarks.

L, norms.
Our geometry loss is then the cosine distance between the landmark distance matrices

for the input and output face images.

_ Dinp Dout

]DianJDoutJ ( )

geo

Because we are normalizing the distances between landmarks using cosine distance, we
e ectively x the geometry of the face in the output image while leaving extra degrees of
freedom such as rotation, location, and size of the face to the other loss functions. Most
notably, the scale of the output face is not in any way impacted by this particular loss.

We further employ a symmetry loss that enforces that all left-right pairs of landmarks

are centered around the center vertical axis.

Lix]+ Li[x] m

I—sym = E 2 )

(3.4)

wherelL i [x]; L, [X] refer to the x coordinates of thei'th pair of left and right landmarks and
m refers to the middlex coordinate.

In addition, we employ a tilt loss that enforces all left-right pairs of landmarks have the
same height in the output image. Our tilt loss is de ned as the mean absolute di erence in

height for each pair of landmarks:
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Lae = Ei[JLity Leiyjl (3.5)

Finally, we use an expression loss that enforces the expression to be neutral. Here, we

have simply de ned neutral expression to be when the lips are shut together.

Lexr = jL[61}y  L[67]y]
+jL[62]y L[66lLy] (3.6)
+jL[63ly L[6S]yj;

where these particular pairs of landmarks ief (61; 67); (62; 66); (63; 65)g refer to the three
vertically paired landmarks on the inner lips.

Our nal landmark loss is then

Liandmark = geolgeot symLsym * it Lt +  exprLexpr; (3.7)

where the hyperparameters we use areye, = 160, sym =1, i =1, expr = 1. These
values are approximately chosen so that the magnitude of the losses are approximately equal

and have not been tuned very much.

3.5.3 Mask Loss

The generated attention mask tends towards values of 1 everywhere, so we penalize the mask
using an exponential penalty term.

This exponential penalty is de ned as:

E A} i (3.8)
]

where A is our attention mask andp is the penalty exponent for which we use = 1 in
practice.
In addition, we penalize variation in the mask to enforce smoothness. The total variation

penalty is de ned as the average sum af;, di erences between each pixel and the neighboring
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pixels to the right and below.

E (Ai+1 i Ai;j )2 + (Ai;j +1 Ai;j )2 (39)

Our total mask lossL mask is de ned as the sum of the above two penalties from equations
3.8 and 3.9.

3.5.4 Adversarial Loss

We construct our discriminator as another convolutional network that learns to di erenti-
ate the output images from the input images. Because our nal output incorporates the
white background of our attention mask, we employ an earlier output as the input to the

discriminator, namely the \noisy" face imageFy .

Figure 3-7: Discriminator architecture consisting of four pairs of convolutional layers with
an ultimate layer to convert to the output, each followed by leaky RelLU activations. Here
we shorten the term convolutional layer to C. See table 3.2 for more details
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layer | kernel / stride tensor shape

input 320 320 3
C1 3 31 320 320 32
Cc2 3 3=2 160 160 32
C3 3 31 160 160 64
C4 3 3=2 80 80 64
C5 3 31 80 80 128
C6 3 3=2 40 40 128
C7 3 31 40 40 256
C8 3 31 20 20 256
C9 3 31 20 20 1

Table 3.2: Kernel, stride, and output tensor shape for all convolutional layers in the discrim-
inator module.

Our discriminator takes as input a tensor of shapeé 320 320 3. Itis followed by
a sequence of convolutional layers with leaky RelLU activations. We follow popular practice
with = 0:2. Our nal output is @a 20 20 1 tensor whose elements' receptive elds
correspond to patches of the original image.

Our generator losd_g is then determined by Equation 3.10.

Le = E; p[D(G(2) 1F (3.10)

Our discriminator lossLp is determined by Equation 3.11.

Lo = Ex pga 0 [D(X)  1F+ E, 1,1 [D(G(2)) +1]° (3.11)

During training, we update generator 4 times for every update of discriminator. We
schedule the training in this manner according to the intuition that the discriminator learns
more easily than the generator. Additionally, when updatings, we sum the generator loss

L g with the original Liex; L jandmark ; Lid:
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Chapter 4

Experiment Results

In this chapter, we detail the results of testing our model. First, we include pictures of some
of the example output as well as failure cases, providing some analysis as to limitations of
our model. We follow with a section on comparisons to closely related techniques of Cole et
al. [5] and FF-GAN [22]. Finally, we perform an ablation study in which we remove certain

portions of the network to inspect their contribution.

4.1 Output Samples

Figures 4-1 and 4-2 contain samples of our output for various demographics and face shapes
and skin colors. All of these photos are taken from the test set of VGGFace2 and were not
used to train the network.

As displayed by these photos, we perform well across multiple ethnicities, genders, types
of facial hair, and expressions. Furthermore, even given extreme face pose variations ie.
left and right in rst row of gure 4-1 and left in rst and second rows of gure 4-2, our
model is capable of generating reasonable face frontalizations that well-re ect the input
identity's facial geometry, identity, and skin tone. Naturally, our model is thus also capable
of generating frontalized output for input faces where the eyes are closed ie. left second row
in gure 4-1.

Curiously, in some cases where the input photo contains a second person on the side ie.

left second row and both images in the third row in gure 4-2, our model frontalizes the face
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of the center-most person. In another case where the input photo has irregular hues ie. left
third row in gure 4-1, we see that the our model can re ect the same hue. For relatively
blurry photos ie. right third row in gure 4-1, we see that our method is able to construct

a face that is higher resolution than the original.

Figure 4-1: Results of our method on images from test set of VGGFace2: Page 1. The rst
and third columns contain input photos. The second and fourth columns contain outputs of
our model for the corresponding input photos directly to the left.

One comment we have on the limitations is that our model tends towards slight smiles,
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