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3D FACE ANIMATION GENERATION FROM AUDIO
USING CONVOLUTIONAL NEURAL NETWORKS

SUMMARY

Problem of generating facial animations is an important phase of creating an artificial
character in video games, animated movies, or virtual reality applications. This is
mostly done manually by 3D artists, matching face model movements for each speech
of the character. Recent advancements in deep learning methods have made automated
facial animation possible, and this research field has gained some attention.

There are two main variants of the automated facial animation problem: generating
animation in 2D or in 3D space. The systems that work on the former problem work
on images, either generating them from scratch or modifying the existing image to
make it compatible with the given audio input. The second type of systems works
on 3D face models. These 3D models can be directly represented by a set of points
or parameterized versions of these points in the 3D space. In this study, 3D facial
animation is targeted. One of the main goals of this study is to develop a method
that can generate 3D facial animation from speech only, without requiring manual
intervention from a 3D artist.

In the developed method, a 3D face model is represented by Facial Action Coding
System (FACS) parameters, called action units. Action units are movements of one or
more muscles on the face. By using a single action unit or a combination of different
action units, most of the facial expressions can be presented.

For this study, a dataset of 37 minutes of recording is created. This dataset consists of
speech recordings, and corresponding FACS parameters for each timestep. An artificial
neural network (ANN) architecture is used to predict FACS parameters from the input
speech signal. This architecture includes convolutional layers and transformer layers.

The outputs of the proposed solution are evaluated on a user study by showing the
results of different recordings. It has been seen that the system is able to generate
animations that can be used in video games and virtual reality applications even for
novel speakers it is not trained for. Furthermore, it is very easy to generate facial
animations after the system is trained. But an important drawback of the system is that
the generated facial animations may lack accuracy in the mouth/lip movement that is
required for the input speech.
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EVRISIMSEL AGLAR iLE SESTEN
3B YUZ ANIMASYONU URETILMESI

OZET

Yiiz animasyonu iiretme problemi, sanal ortamlardaki yapay karakterlerin konugmalari
icin 3 boyutlu (3B) yiiz modellerinin hareket ettirilmesi isidir. ~ Bu problem,
oyunlarda, animasyon filmlerde ve sanal gerceklik uygulamalarinda kargsilagilan
karakterlerin konusturulmasi, bu karakterlerin konusmalar1 sirasinda, yapimcilar
tarafindan aktarilmak istenen duygularin gercek bir insana ait duygularmis hissi
verebilmesi i¢in ¢oziilmesi gereken bir problemdir.

Bu is cogunlukla alaninda bilgisi olan 3B cizimciler tarafindan yapilmaktadir.
Animasyonun iiretimi i¢in, bu ¢izimcilerin her konusma ve her 3B yiiz modeli icin
oynatilmasi gereken animasyonu onceden hazirlamasi gerekmektedir.

Makine 6grenmesi ve 0zellikle bunun bir dali olan derin 68renmeye dayali yontemlerin
son yillarda gelisip yayginlagsmasi ile, konusmalar i¢in yiiz animasyonu iiretilme
isinin otomatik olarak yapilmasi iizerine ¢aligmalar yapilmistir. Bu c¢alismalar ile
animasyonun 3B ¢izimciler tarafindan elle iiretilmesi icin gereken maliyet ve emegin
diistiriilmesi hedeflenmedir. Boylece bu yontemler sadece biiyiik stiidyolar disindaki
yerlerde de kullanilabilir hale gelebilecektir.

Literatiirdeki ¢calismalar incelendiginde, otomatik yiiz animasyonu iiretilmesi problem-
inin iki ana baglik altinda incelendigi goriilebilir. Bunlardan ilki, animasyonun sadece
2B goriintiisiinii elde etmeye yonelik ¢aligmalari, ikincisi ise tamamen 3B bir yiiz
modeli elde etmeye yonelik calismalar1 icermektedir. Birinci ana grupta gelistirilen
yontemler dogrudan resimler iizerinde ¢aligirlar ve sifirdan bir resim liretme iizerine,
veya elde olan temel bir resim iizerinde gerekli degisiklikleri yaparak resmi, sisteme
girdi olarak verilen konugma bilgisine uygun bir hale gelecek sekilde degistirirme
lizerinedir. Ikinci ana gruptaki calismalar 6nceden hazirlanmis 3B yiiz modelleri
tizerinde calisirlar. Bu yontemlerin c¢iktilari, baz alinan 3B yiiz modelinin o anki
verilen konusma sinyaline gore durumudur. Elde edilen ¢ikti ortamdan bagimsiz bir
yiiz modelidir. Bu ¢alismalarda baz alinan yiiz modeli dijital ortamda farkli sekillerde
temsil edilebilmektedir. Temsil sekli, dogrudan yiiz modeli iizerindeki noktalarin 3B
uzaydaki koordinatlar1 olabilecegi gibi, yiizdeki degismesi olas1 bolgelerin parametrik
hale getirilmis bir temsil de olabilir. Bu tez calismasinda, konugsma animasyonunun
3B bir yiiz modeli baz alinarak iiretildigi bir yontem aciklanmistir. Calismanin temel
hedeflerinden biri, herhangi bir 3B ¢izimcinin elle miidahalesine gerek kalmadan,
tamamen otomatize bir sekilde girdi olarak verilen konusma sesinden 3B bir yiiz
animasyonu iiretebilecek bir yontem tasarlamaktir.

Gelistirilen yontem icin, yiiz modeli temsili olarak yiizdeki hareket eden kaslar
temel alarak olusturulmus Yiiz Hareketleri Kodlama Sistemi (Facial Action Coding
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System (FACS)) kullanilmaktadir. Bu sistemde yiiz, aksiyon birimleri denen ve her
biri ylizdeki bir veya bir grup kasin hareketi sonucu yiizdeki noktalarin degisimini
tanimlayan parametreler ile temsil edilmektedir. Bu aksiyon birimleri temel alinarak,
herhangi bir aksiyon biriminin veya bir grup farkli aksiyon biriminin hangi durumlar
sonucu degistigi belirlenebilmekte, bdylece neredeyse istenen biitiin olasi yiiz ifadeleri
daha az parametre kullanilarak ifade edilebilmektedir. Caligmada onerilen sistem ile
yiiz animasyonu elde edebilmek i¢in, hareketli bolgeleri FACS ile uygun olacak sekilde
onceden ayarlanmig bir 3B yiiz modeli gerekmektedir. Fakat egitim icin kullanilan
veri kiimesindeki model ile daha sonra animasyon elde edebilmek i¢in kullanilan yiiz
modeli ayn1 olmak zorunda degildir.

Calismanin gerceklenebilmesi icin, toplam 37 dakika siirelik bir veri kiimesi
olusturulmugtur. Veri kiimesi, farkli hikaye ve film kesitlerinin seslendirilmesiyle
olusan 11 farkli kayittan olugmaktadir. Veri seti igerisinde konusma kayaitlari,
konugsmacinin gorsel kaydi ve videodaki her kare icin konugsmacinin yiiz modelinin
FACS temsili i¢in gereken parametrelerin degerleri bulunmaktadir.

Sisteme girdi olarak gelen konusma sesi sinyalinden, 3B yiiz modelinin animasyonu
icin gereken FACS parametre degerlerini tahmin etmek igin evrigimsel sinir agi
katmanm1 ve doniistiirlicii katmani iceren bir Yapay Sinir Agi (Artificial Neural
Network) mimarisi tasarlanmistir. Girdi olarak kullanilacak olan ses sinyali, yapay
sinir ag1 mimarisine aktarilmadan 6nce baz1 ses islemlerinden gecmektedir. Oncelikle
ses, 16 milisaniye uzunlugundaki pencerelere boliiniir. Her penceredeki ses sinyali
normalize edilip Hizl1 Fourier Doniisiimii (Fast Fourier Transform) hesab1 yapilir ve
son olarak MFCC oznitelikleri elde edilir. Yapay sinir aginin girdi format1 bu MFCC
oznitelik vektorleridir. Uretilecek her bir animasyon karesi i¢in, o anin éncesinden ve
sonrasindan toplam 520 milisaniye olacak sekilde bir pencere kiimesi alinir ve yapay
sinir agina girdi olarak verilir.

Tasarlanan yapay sinir ag1 mimarisi icerisinde evrisimsel (convolutional) katmanlar ve
doniistiiriicti (transformer) katmanlar1 bulunmaktadir. Egitim performansim artirmak
icin ¢esitli normalizasyon yontemleri de uygulanmuisgtir.

Geligtirilen sistemin sonuclarin1 degerlendirmek icin, sistemin bazi sesler icin
iirettigi video ciktilar1 bir grup katilimciya gosterilip goriisleri alinmistir.  Rastgele
seslerden elde edilen videolara ek olarak, baska bir takim 3B yiiz animasyonu iireten
calismalarda kullanilan ve ¢ikti videolart mevcut bulunan belirli ses kayitlari i¢in de
video ciktilar iiretilmis ve katilimcilardan bunlar karsilagtirmalart istenmistir. Elde
edilen sonuclara gore, sistemin irettigi animasyonun bilgisayar oyunlar1 ve sanal
gerceklik uygulamalar i¢in yeterli kalitede oldugu gozlenmistir.

Sistemin avantajlarindan biri, egitim veri kiimesinde olmayan kullanicilarin sesi
icin de konugsma animasyonlar iiretebilmesidir. Bagka bir avantaji da, bir seferlik
egitim siireci tamamlandiktan sonra herhangi bir ses i¢in konugsma animasyonu
tiretmenin kolayligidir. Fakat mevcut sistemin 6nemli bir dezavantaji, elde edilen
animasyonlardaki agiz ve dudak hareketlerinin detaylar1 acisindan her zaman dogru
sonuglar verememesidir, bazi durumlarda girdi olarak veren ses i¢in gereken
agi1z/dudak senkronizasyonunda sapmalar goriilmektedir.

XX1V



Calismaya daha sonrasinda yapilabilecek gelistirmeler arasinda, daha saghikli bir
karsilastirma yapabilmek i¢in diger 3B yiiz animasyonu iireten ¢alismalarda kullanilan
yiiz modelleri ve veri kiimelerinin formatinin bu ¢alismaya uyarlanmasi, egitim i¢in
kullanilan veri kiimesinin farkli konugmacilari igerecek sekilde olusturulmasidir.
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1. INTRODUCTION

1.1 Purpose of Thesis

The main goal of this study is to propose a system that is able to generate facial
animation for an artificial character from the audio speech signal. For this purpose, a
deep neural network architecture is proposed and implemented. Also, a 3D face model
representation that is easy to interpret is used for the output of the system, which allows

easy post-processing by 3D artists if desired.

A dataset is created which includes the audio recordings, the camera recordings of a
voice actor during these audio recordings, and the face parameter values representing

the facial expression in each frame.

1.2 Motivation

Creating 3D facial animation of a talking person in a digital environment is a
mandatory work in applications such as animated movies, video games, and some
virtual reality applications. There are different methods of obtaining the facial
animation of a speech. The existing methods differ in terms of the desired level
of animation detail, the required budget, and the available amount of time. The
most commonly used method is to record a voice actor during dubbing of the given
speech with cameras and then transfer these recordings to a digital environment
using computer vision techniques. Although the resulting animation quality of this
method has been improved over recent years, due to the cost of obtaining the required
software/hardware for processing and post-processing of the first obtained result makes
this method expensive. Therefore, only a small amount of studios can afford to use

such methods.

Another problem with creating the required facial animations for speeches manually

is that sometimes a face model needs to be animated for a newly encountered



speech, therefore, it is not possible to create animations beforehand. This problem
usually occurs in virtual reality applications where people are represented by artificial
characters in a digital environment, and their characters need to be animated as they
speak. It can also be a problem in video games if the game contains dynamically

generated text/speech but such usage is rare, if ever.

Upon viewing methods in the literature of procedurally generating facial animation, it
has been observed that the level of animation detail obtained using these methods is still
not as high as manual animating methods. Furthermore, some methods require more
hand-tuning than just receiving audio input. The purpose of this study is to propose a
method that can procedurally generate facial animation from speech without the usage
of any specialized recording devices or studios, just by using audio input and obtaining
the facial animation output for the given speech. For this purpose, we propose a neural
network architecture that is composed of convolutional layers and self-attention layers.

With this system, it is possible to generate facial animations from speech.

The dataset required for the training of the proposed neural network architecture
consists of speech recordings of an actor and the FACS [7] parameter values that
animate the target 3D face model. Once the training process is complete, the system
can be used to generate facial animations for speeches of different people other than
the people in the training dataset. The quality of these generated animations depends

on the generalization of audio features during the training process.

Using FACS [7] representation, different facial expressions can be obtained by linear
combinations of different parameters. Also, FACS parameters being easier to interpret
by people allows easier modifications on the output if desired. Figure 1.1 shows an
example of changing the value of a single FACS parameter thus making the animation

model open its mouth.

The most important contributions of this study are designing a convolutional (based on
Karras et al [2]) and transformed based neural network architecture that can be used
to generate facial animations from speech and the creation of a dataset that consists of
speech voice recordings and corresponding FACS parameter values for each frame of

the speech.
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Figure 1.1 : An example 3D face model used in the study in which moving parts of
the face are encoded as FACS parameter values. The image on the left is the base
model and the image on the right is the resulting model after the value of parameter
22 is changed.






2. BACKGROUND

In this chapter, the methods used in this study are described in order to understand
the presented work. First, neural networks are explained briefly as they are the core
of the used method. Then Convolutional Neural Networks (CNN) and Transformer
architecture are explained as they are the main feature extractor components in our
neural network architecture. Lastly, a system to encode facial expressions is presented
which is used for representing facial expression parameters in the dataset created for

the study and in the 3D face model used for rendering the obtained results.

2.1 Artificial Neural Networks

Neural networks are systems composed of processing units called neurons. The terms
"neural network" and "neuron" are given because the system is claimed to be inspired
by the neural system in the body. Neurons take the numerical value(s) as their input
and output a new numerical value by performing some operations. Each input of a
neuron x; is multiplied by a weight value w;. The results of these multiplications are
summed up, and a bias value is added to this sum, then an activation function is applied

to the final sum:

fQwixi+b) =1 2.1)

The number obtained from the function becomes the output of the neuron. Figure 2.1

shows the inputs and outputs of a single neuron in a neural network.
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Figure 2.1 : Demonstration of inputs and outputs of a single neuron [3].

The activation function at the end of the neuron is the main reason why neural

networks can approximate any function. This function should be a non-linear function,

otherwise, the neural network can only learn linear functions. Some of the commonly

used activation functions such as Sigmoid, Tanh, ReLU, Leaky ReLU and their graphs

are shown in Figure 2.2.

sigmoid tanh
17 / Y
0 0
-1 -1+
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RelLU Leaky RelLU
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-5 —51
-5 0 5 -5 0 5

Figure 2.2 : Some of the commonly used non-linear activation functions in artificial

neural networks.



Neural networks are formed by groups of neurons. Each group is called a layer. Each
neuron is connected to all neurons in the previous layer, and all neurons in the next
layer. Outputs of neurons in a layer are the input of the next layer. The first layer is

called the input layer, and the last layer is called the output layer.

input layer

hidden layer

Figure 2.3 : An example neural network architecture with one hidden layer [3]

Training of a neural network is an optimization process. Parameters of the neural
network are adjusted so that for an input value, the obtained output value from the
neural network is closer to the true output value. Error in the prediction is measured
by a loss function. Different loss functions are used depending on the type of the
problem being solved. The most common way to optimize neural network parameters
is the backpropagation [8] algorithm. Learning the correct values of neural network

parameters is done by minimizing the loss function for the given samples.

2.2 Convolutional Neural Networks

Although neural networks are capable of learning any target function, using fully
connected neural networks for every problem may not be practical due to the large
number of parameters required for some problem domains. One of these domains is

computer vision.

Convolution in computer vision is a method that is based on applying a sliding window
filter to the image. Figure 2.4 shows an example convolution operation process. This
method is used for extracting local features from the image. The technique was already

popular in the computer vision field without the usage of neural networks. After the



success of Krizhevsky et al. [9] in ImageNet competition 2012, combining convolution
with neural networks by using parametric filters became the mainstream approach to
solve many computer vision problems. For each position of the filter, after applying the
dot product between image values and filter parameters, the resulting value is passed

to a non-linear activation function such as ReL.U.
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Figure 2.4 : An example convolution operation performed on a 3x4 matrix, with
kernel size 2x2 and stride 1x1. [4]

Downsampling methods such as max-pooling are also frequently used in convolutional

neural networks, to reduce input size.

2.3 Transformer

In order to capture dependencies in a sequential input in neural network architectures,
using Recurrent Neural Networks (RNN) was the standard solution for a long time.
Although naive RNNs could only capture short-time dependencies in a sequence, their
performance is improved by variants such as LSTM (Long Short Term Memory), GRU

(Gated Recurrent Unit), etc.

Vaswani et al. [S] have shown that the self-attention mechanism can be used instead of
neural networks to capture dependencies in the sequences. Not only it performs better

on similar data, but it is also able to capture dependencies that are farther away.
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Figure 2.5 : Transformer architecture shown in Vaswani et al. [5].

In this study, we do not perform sequence-to-sequence generation. Instead, the main
purpose of using the transformer component is to have an encoder-decoder structure
that is able to capture important parts of the given speech signal sequence. The output

of the transformer component is used as a feature vector.

2.4 FACS

There have been various studies about whether facial expressions can be used to
decide the emotions of a person, regardless of linguistic and cultural differences.
One of the main research areas in which this topic is being researched is psychology.
Psychologists often try to relate some facial expressions to known emotion types such

as anger, happiness, sadness, etc.

Paul Ekman and Wallace Verne Friesen were two of the psychologists who worked on

the relationship between facial expressions and emotions. In 1978, they published



Facial Action Coding System (FACS) [7]. In FACS, different moving muscles or
groups of muscles on the face are defined as action units. Movements on the face are
defined as contracting and relaxing of these muscles. Figure 2.6 shows some example

action units and which region/muscle of the face they represent.

| Upper Face Action Units |
AU 1 AU 2 AU 4 AU S5 AU6 AU 7
| ] = ¥ | " 1 ! 5 ¥
o B o oD D®
Inner Brow | Outer Brow | Brow Upper Lid Cheek Lid
Raiser Raiser Lowerer Raiser Raiser Tightener
*AU 41 | *AU 42 *AU 43 AU 44 AU 45 AU 46
s cdmED Y
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h — SN —dh =l — A\ —d
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Depressor | Depressor Raiser Puckerer | Stretcher | Funneler
AU 23 AU 24 *AU 25 *AU 26 *AU 27 AI:T 28
Ll -d=Rk=/k=il 1
Lip Lip Lips Jaw Mouth Lip
Tightener Pressor Part Drop Stretch Suck

Figure 2.6 : Demonstration of action units in the FACS from [6].

Ekman and Friesen also claimed that using these action units can be used to identify
the emotion of people from their facial expressions [1]. Table 2.1 shows an example
mapping between emotions and some action units. Although, FACS representation
is not the only way used in emote recognition tasks. Other feature representations,
such as landmark points, or just using raw face image input are also used in emotion

recognition.
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Table 2.1 : An example matching from emotions to action units [1].

Emotion Action Units
Happiness 6+12
Sadness 1+4+15
Surprise 1+2+5B+26
Fear 14+2+44+5+7+20+26
Anger 4+5+7+23
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3. LITERATURE REVIEW

Procedurally generating facial animations from the speech is a known problem in
computer graphics. Before the adaptation of deep learning methods, approaches to
solve this problem relied mostly on rule-based solutions such as Cohen et al. [10].
There are also methods such as Taylor et al. [11] that try to group similar-looking
sounds, known as visemes, by clustering instead of using a completely rule-based
approach. The drawback of these methods is that they are not only trying to detect the
correct pose of the lips from audio, but they also need to have a method for transitioning

between different poses.

With the recent success of deep learning methods, the problem is also revisited. The
facial animation generation from speech problem has different variations. Studies that
use machine learning methods for solving the problem can be categorized based on the
inputs and outputs used in the proposed systems. Based on the input, the studies can
be categorized as follows:

1. Only audio input

2. Audio and text input

3. Audio and single image input

4. Audio and video input

5. Combinations of different modalities

And based on the output, studies can be categorized as follows:

1. 2D face image

2. 3D face model

13



Most of the studies in the literature about facial animation generation problem aim
to generate a 2D image of a talking person. Works in these studies consider the
facial animation generation problem as a supervised machine learning problem, and
the aim is to find a mathematical relationship between input speech audio signal and
the output images. These studies again can be separated into 2 groups whether they
use Generative Adversarial Networks (GAN) [12] or not. Studies such as [13], [14],
[15], [16] model the problem as a classical machine learning problem and try to learn a
function that matches from the input speech signal to output image. The second group
consists of studies that use GANs to produce the desired facial animations [17], [18],

[19].

Studies on the 3D face models [2], [20], [21] differ from each other in terms of:

1. Input type
2. Used method

3. Output format

In one of the studies, Karras et al. [2] propose a system which only takes speech audio
signal as its input, and the output of the system is the raw 3D coordinates that represent
a mesh of a person’s face. After training is complete, the system also uses an additional
embedded vector during inference time which is called an emotion vector in the study.
In Cudeiro et al. [20], the input of the proposed system is speech audio signals and
a 3D face model defined in FLAME [22] format, and the output is the parameters
that represent the changes on a 3D FLAME model. In Zhou et al. [21], the input is
speech audio signals and the output is the keypoints around the mouth that represents
the position/movement of lips. Also, the system tries to identify phonetic groups in the

speech as its auxiliary output.

The problem that is investigated in this study lies in the group of 3D facial animation
generation studies. We propose a different 3D face model representation and a different
network architecture. In the study, it is observed that using CNN layers and transformer
layers together produces better results compared to using only CNN layers. Also, using

FACS parameters for face model representation allows greater control over the output
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of the system compared to the systems that use 3D raw points directly or only use
points around the mouth, thus allowing easier modifications either in the system itself

or by a 3D artist for post-processing.
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4. FACIAL ANIMATION GENERATION

In this section, the stages of the proposed system are explained. First, how the created
3D face model and its moving parts are represented is presented. Then, collection of a
dataset consisting of audio recordings and corresponding face model parameters with
30 frames per second is explained. Then, preprocessing operations performed on the
input audio signal before feeding it to the neural network are explained. Finally, the

deep neural network architecture used in the study and its loss function is explained.

4.1 Face Model Representation

In this study, facial animation generation is performed on a 3D face model and
the moving muscles that are defined on this face model. In order to present facial
expressions, moving muscles on the face must be defined with Facial Action Coding
System (FACS). For the 3D face model used in this study, 69 different FACS
parameters are defined where each of them takes values in range [0, 1]. Different facial
expressions and emotions can be obtained by using different linear combinations of
these FACS parameters. The artificial neural network model that is used in this study

predicts the values of these 69 parameters as its output.

Representing the face model with these FACS parameters instead of directly using 3D
points in the space makes it easier to use a trained model on a different face it is not
trained for. This is because the learned parameters of the model are not specific to the
topology of the used 3D face model, but they are rather specific to moving parts of a
high-level face definition, such as upper lip. But an important disadvantage of this face
representation is that in order to obtain results from the model, a face model whose

moving parts are defined as FACS parameters must be defined beforehand.
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4.2 Dataset

A 37-minute long dataset is created for the training process that is formed by collecting
stories and film scenes voiced by a single actor. Speeches are chosen in such a way that
the voice actor needs to speak with different tones of voice. The dataset is composed of
speech audio recordings and values of FACS parameters that correspond to the facial
expression of the speaker at each frame. The sampling rate of the recorded audio clips
is 48 kHz. In order to obtain FACS parameter values required for the dataset, the voice
actor is recorded from multiple views during the dubbing, as shown in Figure 4.1. Then
these recordings are processed using Dynamixyz ! recording program. Finally, the

animation information is transferred to a 3D computer graphics application Autodesk

Maya? to a 3D face model.

Figure 4.1 : A scene from the dataset recording process. The face of the voice actor
is recorded from multiple angles during voice recording.

Thttps://www.dynamiyz.com/
Zhttps://www.autodesk.com/
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Table 4.1 : Recordings in the created dataset for the study.

Recording | Duration
1 01:06
2 07:31
3 04:43
4 00:52
5 01:30
6 04:13
7 02:26
8 08:34
9 00:48
10 05:21
11 01:28

Each recording includes 30 FPS image and animation data. Image data is not used
during the training process directly. Inputs of the system are only speech audio signals
and the FACS parameter values. An example speech sequence from the created dataset

is shown in Figure 4.2.

Figure 4.2 : An example short speech from the dataset created for the study. Speaker
is saying word "for" in English.

4.3 Preprocessing

The input speech signal is converted into Mel Frequency Cepstral Coefficients (MFCC)
features and then processed in the neural network. Using MFCC features instead of raw
audio signals is a widespread practice in audio processing tasks. During the processing
of audio signals, audio is divided into windows with length of 16 milliseconds, then the
audio signal is converted from the time domain to the frequency domain by applying
Fast Fourier Transform (FFT) to all windows. MFCC feature vectors with length of 32
are calculated for each audio window. The audio signal of each window is normalized

by subtracting DC (Direct Current) component during the calculation of MFCC feature
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vectors. The whole audio signal is processed by using a sliding window approach. In
this operation, the window stride is decided as 8 milliseconds. In order to output a
single frame of animation, the neural network model takes a total of 64 windows as its

input, which corresponds to 520 milliseconds of an audio signal.

Since input audio signal can be recorded with different recording devices, there might
be a difference in the sampling rate of recorded audio clips among training time audio
clips and test time audio clips, or even among different training audio clips. Input

audio signal is always resampled at 16 kHz frequency to prevent this problem.

During the training process, data augmentation is used for both enlarging the dataset
and increasing the generalization performance of the model, a common approach in
machine/deep learning projects. This is done during the processing of 16 ms audio
windows. While processing these windows using a sliding window approach, starting
points of some windows are randomly shifted up to 16 ms backwards or forwards.
Since this shift operation results in a time between two discrete animation frames, we
need to sample face value parameters for this new in-between frame. This information

is generated by linearly interpolating between two neighbour frames.

4.4 Artificial Neural Network Architecture

At the beginning of the study, a convolutional neural network model is developed based
on the model proposed by Karras et al. [2]. This model is composed of 3 main blocks.
These blocks are: (i) Input layer, (ii) sound analysis layer, and (iii) output layer. The
input of the model is decided as MFCC features unlike the proposed model in Karras
et al. [2] which uses autocorrelation coefficients. In the first two layers, components
of human speech are analyzed, and face structures such as tongue, lip, and chin are
analyzed morphologically. A structure with 10 convolutional layers is formed for this
purpose. Each convolutional network layer performs a 2D convolution operation on
its input. Each layer is defined with 3 parameters: filter size K, stride S and number
of filters N. After all these 10 convolutional layers, a feature vector with size 256 is

obtained at the end.
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After the first results are obtained, some modifications are done to the base neural
network architecture. The number of filters in each convolution layer is changed. Batch
normalization and dropout layers are added after each convolutional layer. Dropout
probability is set to p=0.1. This value is determined after experimenting with different
p values. Added dropout layers help avoiding the overfitting problem. Non-linear

activation function after convolutional layers is changed from ReLLU to Leaky ReLLU.

After investigating the recent works in the literature, it has been seen that works that use
attention methods seem to increase the performance of the artificial neural networks in
sequence generating problems. Transformer [5] based methods are one type of these
attention methods. In this study, Multi Head Self Attention (MHSA) is used. This
transformer module works in parallel with the CNN module similar to [23] and also
uses MFCC feature vectors as its input. The used transformer has 4 heads and the

output of this transformer layer is a feature vector with size of 64.

The output layer of the model is composed of 2 fully connected layers. The output
feature vectors of CNN and Transformer layers that are working parallel in previous
layers are concatenated into a single feature vector. This combined feature vector is
used as input to the first fully connected layer. This first fully connected layer outputs
a feature vector with size of 150, and then these values are passed into Leaky ReLLU
activation function and passed into the last fully connected layer. The output of this
final layer is the 69 FACS parameters of the face model the network is trying to predict.
Figure 4.3 shows all components of the used artificial neural network that is used in

the study.

4.5 Loss Function and Training Process

The loss function is the combination of two different terms: Shape loss and motion
loss. For a single timestep ¢, shape loss (Lg) is calculated from the mean squared error
between the two vectors y;, the ground truth FACS parameter values, and y;, FACS

parameter values predicted by the model.
Ls(t) = 5 201 =¥/)° (4.1)
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In this equation, N is the number of face parameters. y' and y;i are ith scalars of y; and

y;, respectively.

For the calculation of motion loss (Lys), the difference between the ground truth
FACS parameter values of two consecutive frames is calculated first, and then the
difference between the FACS parameter values of two consecutive predicted frames is
calculated. Finally, the motion loss is defined as the mean squared error between these

two differences:

lN

Lin(0) = 3 Y(OFe1 =) = s = 3)? 4.2)

1

The total loss term is defined as the sum of the shape loss term and the motion loss
term:
L=Lg+Ly (4.3)

The model is trained by using the Adam [24] optimizer method. Usually, a training
process is performed for 500 epochs. Learning rate is determined as le-4 by

experimenting with different values, and batch size is determined as 256.
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Figure 4.3 : Visualization of the neural network architecture used in the study that
uses CNN and transformer components.
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S. EXPERIMENTS AND RESULTS

In this section, a brief summary of the tested architectures and their results during the
study is presented in the first part. In the second part, the evaluation of our proposed
architecture (the architecture with CNN and transformer layers working in parallel) is

presented.

5.1 Experimenting with Different Architectures

Different neural network architectures are tested for this study on the generated dataset.
During the development of the thesis, a CNN model from Karras et al. [2] is used as

the baseline architecture. Other architectures:

1. LSTM Model
2. Wav2Vec2 Model

3. Transformer Model

are created by modifying this baseline CNN architecture appropriately.

5.1.1 Baseline CNN Model

This is the neural network architecture from the work of Karras et al. [2]. The
architecture of the model is shown in Table 5.1. It is used as a baseline to generate
facial animation videos and compare the results of other models. In the implementation
of the framework, there are some minor modifications done to the described model: Its
activation functions between layers are changed from ReLU to Leaky ReL.U, batch
normalization layers are added between convolution layers to normalize input values,
and dropout layers are added after convolutional layers to perform regularization of

network weights.
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Table 5.1 : Neural network architecture of our baseline model from Karras et al. [2].

Baseline CNN Model
Input Layer 32 MFCC Feature

Formant Analysis Layer | 2D Convolution K:1x3, S:1x2, N:144
2D Convolution K:1x3, S:1x2, N:216
2D Convolution K:1x3, S:1x2, N:324
2D Convolution K:1x3, S:1x2, N:243
2D Convolution K:1x2, S:1x2, N:256
Articulation Layer 2D Convolution K:3x1, S:2x1, N:256
2D Convolution K:3x1, S:2x1, N:256
2D Convolution K:3x1, S:2x1, N:256
2D Convolution K:3x1, S:2x1, N:256
2D Convolution K:4x1, S:4x1, N:256
Output Layer Linear 256 Neurons

Linear 69 Neurons

5.1.2 LSTM Model

In this model, an LSTM layer is used to process sequence data. First neural network
layers are changed from CNN layers to LSTM layer as shown in Table 5.2. The input
of the model consists of 64 consecutive frames and for each frame, there are 32 MFCC
features.

Table 5.2 : The neural network architecture of our LSTM model, feature extraction

from the sequence is replaced with LSTM layers instead of CNN layers with
appropriate window length.

LSTM Model
Input Layer 32 MFCC Feature
Formant Analysis Layer | Long Short Term Memory (LSTM)
Length of processed sequence: 64
Number of neurons: 256

Articulation Layer 2D Convolution K:3x1, S:2x1, N:256
2D Convolution K:3x1, S:2x1, N:256
2D Convolution K:3x1, S:2x1, N:256
2D Convolution K:3x1, S:2x1, N:256
2D Convolution K:4x1, S:4x1, N:256
Output Layer Linear 128 Neurons

Linear 69 Neurons
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5.1.3 Wav2Vec2 Model

Wav2vec2 model by Baevski et al. [25], which is also a transformer based model,

is used as the feature extractor. The earlier part of the full architecture is separated

and its output is connected directly to the last linear output layers that generate FACS

parameters.

At the start of the training process, neural network parameters of the wav2vec2 model

are transferred from an instance which is trained on Librispeech [26] dataset consisting

of 1000 hours of audio recordings. Since the pretrained model works on the raw audio

signal, the raw audio signal is just divided into windows and fed into the neural network

without any feature extraction steps when using this architecture.

5.1.4 Summary of All Tested Models

Here, we give a summary of methods/models which have been tested during this study

in table 5.3.
Table 5.3 : Comparison of results obtained with different models

Model Input NN Archi- | Description Results

Num- tecture

ber

1 MFCC CNN Baseline model This model can learn a

representation from the
dataset.

2 MFCC CNN + | Changed formant | Capacity of the model

LSTM 1 analysis layer from | seems lower compared to
Model 1 to LSTM the CNN based model.
3 MFCC CNN + | Changed output layer | Model sometimes could
LSTM 2 from Model 1 to | notachieve smooth trans-
LST™M lations between 520-ms
windows.

4 Autocorrelation | CNN Input of Model 1 | Itis observed that MFCC
changed to autocor- | features produce similar
relation features or slightly better results

than autocorrelation fea-
tures.
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5 MFCC CNN, Trans- | Loss contribution of | It is observed that model
former, a few determined | can learn selected regions
Weighted action  units  are | more accurately.
Loss 1 increased
6 MEFECC CNN, Trans- | Coefficients of shape | Similar to Model 5, this
former, and motion loss are | model is heavily affected
Weighted determined as 1 and | by changes in voice tone
Loss 2 10 during speech.
7 MFCC CNN, Trans- | Transformer  layer | With added
former added to Model 1 attention-based
Transformer layer,
the quality of the model
is increased compared to
that of the baseline.
8 Raw Audio Sig- | Wav2Vec2 Model trained on | The model was unable
nal Base Librispeech dataset | to learn a good repre-
used as  feature | sentation even from the
extractor training dataset. Poten-
tial reasons are different
audio characteristics be-
tween datasets or the lack
of different speakers in
the study dataset.
9 Raw Audio Sig- | Wav2Vec2 The model trained on | Same as Model 8.
nal Large Librispeech dataset
used as  feature
extractor
10 Mel Spectogram | CNN Input of Model 1 | Mel spectrogram features
changed to mel spec- | have similar representa-
togram tion quality compared to
MFCC features, but the
resulting animation qual-
ity is slightly worse in test
audios.
11 Mel Spectogram | CNN, Trans- | Transformer layer is | Same as Model 10.
former added to Model 10
12 Mel Spectogram | Resnetl8 Resnet18 The model is unable to
architecture is | generate  good-looking
trained with random | animations compared to
weight initialization | the baseline model.
13 Mel Spectogram | Resnetl8 - | Resnetl8 Same as Model 12.
pretrained architecture with

weights trained on
ImageNet is used
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14 Mel Spectogram | Vggish VGG architecture is | The model is unable to
trained with random | learn a good representa-
weight initialization | tion with random initial-

ization.

15 Mel Spectogram | Vggish - | VGG  architecture | Although the model is

pretrained with weights trained | able to learn audio from
on AudioSet the train set, videos pro-
duced in test audios have
errors around different
parts of the face model.

16 Mel Spectogram | Vggish - | Transformer layer is | Similar to Model 15.

pretrained, added to model 15
Transformer

Example results of CNN+Transformer models can be seen at: https://bit.ly/3tmBjRX .
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5.2 Evaluation

Since there is no ground-truth information available outside of our training data, we
separated last 10 seconds of recordings from the training data and used them as our
validation data. There are 11 recordings in the dataset. Since recordings consist of 30
frames per second, validation data has 3300 frames in total. For each frame, we have

69 face parameters.

The rest of this section consists of the evaluation of our transformer-based model.

5.2.1 Perceptual Evaluation

5.2.1.1 Quality of animations for a single speaker

In this user study, the quality of the produced animations for a single speaker is
measured. The study is performed by presenting the ground truth animation video and
the animation video produced by our network side by side to the participants. In each
question, the orders of two videos are shuffled. The participants are asked to choose
the video that looks better. There is also a third option "Similar", in case both videos
The parts of the face models except the mouth region are cropped from the video so

participants can focus only on the mouth movements as seen in Figure 5.1.
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Which speaker looks more natural? *

() Left

() Right

[ ) Similar

Figure 5.1 : Example question from user study for evaluating the quality of the
generated face animation for a single speaker.

Figure 5.2 shows the results of the study. In 22.22% of the cases, the participants
preferred the outputs generated by our model, in 45.45% of the cases, the participants
preferred the ground truth animation over the neural network output, and in 32.32%
of the cases, the results are indifferent to the participants. These results indicate that
although it appears that the ground truth has a higher preference rate than the generated
facial animation, when we look at the overall results considering the cases where the
participants are indifferent between the animations, the artificially generated facial

animations with our model are preferable in the majority of the cases.
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B Generated
Animation

Similar

Figure 5.2 : The results of the user study for evaluating the quality of generated face

animation for a single speaker. The participants involved in the user study are shown

the ground truth animations and the animations produced by our neural network side
by side (in random order).

5.2.2 Quantitative Evaluation

Table 5.4 shows the scores obtained for the metrics calculated from the validation data.
Error criterion is the L1 distance between the ground truth face parameter values and
the face parameter values predicted by the neural network. Accuracy is calculated

since we know that predicted values are bounded and always in range of [0, 1].

Table 5.4 : The scores obtained for the metrics calculated from the dataset by
comparing ground truth face parameter values and predicted face parameter values.

Recording | Total L1 Error | Accuracy | Duration(s)
All 9459.228 95.48 110
1 811.29 96.08 10
2 877.25 95.76 10
3 628.34 96.96 10
4 1048.99 94.93 10
5 1220.62 94.10 10
6 638.75 96.91 10
7 955.79 95.38 10
8 685.05 96.69 10
9 1136.31 94.51 10
10 702.33 96.60 10
11 754.45 96.35 10

Although numerical values show good results, error in just a few parameters (such
as upper lip movement) may cause overall mouth movement to look incorrect, hence

numerical evaluation is not completely reliable.
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5.2.3 Qualitative Evaluation

5.2.3.1 Adding noise to audio

Similar to Cudeiro et al. [20], audio input used for generating facial animation is

combined with a noisy audio input. Used noise is a realistic city noise [27].

Noise audio is added to speech audio with a negative gain of 36dB (low), 24dB
(medium), 18dB (slightly high), 12dB (high) and 0dB (hard to hear original speech).

Effects of different noise levels were observed as:

Low level noise does not have an important effect on the result.

Medium level noise: Sometimes it causes errors in the lip position after words are

spoken, as seen in Figure 5.4.

Slightly high level noise: Results in clearly visible errors in the animation.
Transitions from the resting position of the mouth to talking position of the mouth

become less accurate.

High level and full noise: Mouth movement is mostly/completely out of sync.

Unlike Cudeiro et al. [20], damped facial movement start to appear at slightly high
level instead of high level. Also they reported that their facial animations still look
plausible in slightly high and high levels despite not being accurate. It shows that the

proposed system in the study could be improved slightly further if desired.
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Noiseless -36dB

-18dB 0dB(Full Noise)

Figure 5.3 : Example animations with different noise levels (noiseless, low level
(-36dB), medium level (-24dB), slightly high level (-18dB), high level (-12dB) and
full noise from top-left to bottom-right). With low level noise and medium level
noise, the mouth correctly returns to the resting position, but with higher level noise
movements are incorrect.
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Noiseless -36dB

-18dB 0dB(Full Noise)

Figure 5.4 : Example animations with different noise levels (noiseless, low level
(-36dB), medium level (-24dB), slightly high level (-18dB), high level (-12dB) and
full noise from top-left to bottom-right). Animations should appear similar to
"noiseless" figure, but errors started to be seen in the medium level noise level.

5.2.3.2 Visualizing network feature layer outputs with different moods

First, we divided validation audio recordings into two classes:

1. Excited/Angry speech recordings

2. Soft/Neutral speech recordings

During the evaluation of these audio recordings, the outputs of feature layers (layers
before the last linear layers that predict face parameters) are extracted. For each frame,

we obtain a feature vector with length 288. We visualized these feature vectors using

t-SNE [28] as seen in figure 5.5:
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Figure 5.5 : Visualization of feature vectors extracted from audio clips by neural
network with transformer component.

It can be seen from these results that the neural network is able to generate feature
vectors that allow separation between these two moods. It is possible that high-level
features such as the talking speed of the speaker and amplitude of the speaker’s voice
were the main factor and these information are encoded into these vectors. It can
be investigated further if there would be speakers with different voice tones in the

dataset.
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6. CONCLUSIONS AND FUTURE WORK

In this study, a method is proposed to solve the problem of generating 3D facial
animation from audio. Firstly, a face model is defined using FACS parameters.
Secondly, a dataset is collected that contains both audio recordings and face parameter
values for FACS. In the dataset, there is a total of 37-minute long audio data, and the
face parameter values are available at 30 FPS. Finally, a CNN architecture that uses
the Transformer component in addition is proposed to generate facial animations from
the speech audio signals. As the output face model representation, high-level FACS
parameters are used instead of using raw 3D points in the space, thus reducing the size

of the underlying machine learning problem.

Before the architecture is finalized with CNN and Transformer, different architectures
are tested and their results are presented briefly in the study. The proposed model at the
end can produce facial animations with good results for the same speaker it is trained
for, including newly encountered speeches of the same actor. Although the results for
different voice actors have a lower level of detail, animations look consistent during

the speeches.

Future studies about the topic involve:

1. Having speeches from multiple speakers in the dataset allows to measure the

generality of the trained model more objectively.

2. Making use of research in the speech recognition literature to improve the
generalization of the trained model so it is less affected by speaker differences,

and also more robust to noise in the audio.

3. Integrating datasets (with the used face meshes) of similar studies to FACS format
to enlarge the training dataset and allow better comparisons of different algorithms

on the same dataset.
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