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Abstract

Filling virtual environments with realistic-looking avatars is essential for games, film

production, and virtual reality. Creating a fun and engaging experience requires a wide va-

riety of different-looking avatars. There are two main methods to create realistic-looking

avatars. One is to scan a real person’s face using a light room. The second is for the

artist/designer to create the avatar manually using advanced tools. Both of these ap-

proaches are expensive in terms of time, computing, and human labour. In this thesis, we

leveraged the power of generative models to automate the process of creating face avatars.

Generative models such as Generative Adversarial Networks (GAN) and Variational Auto-

Encoders (VAE) are used throughout our pipeline. In the process of creating face avatars,

we can control the appearance of the face avatar on three different levels: Level 1: En-

abling control over the face shape geometry. Level 2: Controlling the skill colour of the

avatar. Level 3: Editing fine-grained details of the avatar, such as adding/removing beard,

wrinkles, and pores. These three steps provide enough control to the artist to create a face

avatar suited for the case. This pipeline can be used with other existing tools (such as

MOSAR [10]), enabling the control of face avatars extracted from a 2D image.
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Chapter 1

Introduction

Video games are one of the many entertainment sources available today. To create a fun

and engaging experience for users, it is essential to develop an environment with realistic-

looking avatars. It is also important for games to have a wide variety of diverse-looking

avatars. Video games or virtual reality environments with a single-looking avatar are not

appealing. However, the creation of diverse and realistic-looking face avatars on a large

scale presents significant challenges. This process requires a considerable amount of time

and expertise in facial modelling. These challenges drive the search for more efficient

methods to produce and modify 3D head assets.

A common method for generating head assets uses 3D Morphable Models [4], which

are statistical models for producing diverse 3D facial geometries. These techniques de-

velop a statistical model from a collection of head scans [12]. New head representations

can be generated by blending the base elements from this model. However, the face in-

ference it produces often lacks detailed features. Researchers have explored approaches
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using generative models such as Generative Adversarial Networks (GANs) [19] to create

more detailed face avatars [35, 49]. These approaches aim to improve the details of head

textures by using high-quality texture maps, such as colour, specular, and normal maps.

However, experience has shown that GANs are generally difficult to train (challenges

such as mode collapse, non-convergence, and instability problems) and are prone to pro-

duce artifacts during generation. One way to generate 3D assets while leveraging Convolu-

tional Neural Networks (CNN) is to represent geometry in a canonical space by projecting

the 3D vertex positions onto a 2D UV map, which has its advantages and drawbacks. As

an advantage, it is much easier for a GAN to generate 2D data rather than 3D due to the

complexity of the structure of 3D data. One main drawback would be that it is not pos-

sible to unwrap a 3D head geometry to 2D without any cuts. This causes some vertices

that are close in 3D space to appear far in the 2D UV space. Additionally, depending

on the UV parametrization, vertices of facial features, such as the mouth and eye con-

tours, may be close in UV space but far in 3D space, which results in artifacts during

generation. For this reason, most methods that estimate geometry in the UV space rely

on post-processing steps. For instance, in [35], a separate linear model is applied to the

problematic areas (eyes and mouth), which are later integrated into the geometry produced

by the non-linear generator. In contrast, methods that use Graph Neural Networks (GNNs)

[50] work directly on the vertex-level geometry, avoiding the limitations associated with

GANs. GNN-based generative methods can produce complete head geometry without the

need for additional post-processing because they operate at the vertex level. However,

these methods are not ideal for generating detailed texture maps, which are typically rep-

resented as high-resolution images (e.g., 4K or 8K in modern games and films).

2



Recent approaches in research papers do not allow users to interact with the face in-

stance for precise manipulation of the produced head. For instance, methods such as

[34, 33, 46] are conditioned on images, which requires manipulating face attributes in the

input image space in the hope that the network will accurately replicate the details. Recent

systems conditioned on text prompts [67, 62] allow users to change face attributes on a

global level but are not capable of producing details and the exact location (e.g., you can’t

precisely tell the system where you want a detail to exist based on just a prompt). More-

over, sometimes words can fail to precisely describe a skin tone or facial features, such

as the shape of the eyebrows, leading to extensive trial and error. This limitation restricts

the utility of these techniques in high-end tools for projects with particular artistic require-

ments and constraints. However, there are some paid software programs that provide a

certain level of control for users to interact with the face instance, such as MetaHuman,

iClone, and others.

In this work, we introduce a novel framework for generating 3D face assets tailored

to provide artists with precise control over the generated assets. Our approach combines

a GNN-based model for generating geometry at the vertex level coupled with a texture

generator that uses a CNN-based network to generate intrinsic 2D texture maps.

Notably, we propose a geometry-aware texture generation process that is specifically

designed to learn the correlations between head geometry and skin texture. In addition to

the ability to generate different geometry, our work provides artists with more control over

the final output. Our texture generation pipeline includes the following capabilities:

1. Precise skin tone control, which controls the skin colour of the generated face avatar.

2. Add/remove fine-grained details such as beard, wrinkles, and pores.
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This is achieved using a novel method that separates the high-frequency and low-

frequency attributes of the skin, allowing for separate control over both skin tone and

fine-grained details. Additionally, these modifications are cohesively propagated across

the intrinsic texture maps (colour, specular, and normal). This approach significantly saves

artists time, as they only need to edit a single map to affect all related aspects of the texture.

Figure 3.2 displays a high-level view of the proposed pipeline.

In this thesis, we make the following contributions:

• We developed a GNN-based Variational Autoencoder (VAE) capable of various face

geometry without requiring any post-processing steps.

• We combine a geometry-aware texture generator with the GNN-based VAE(the one

responsible for generating the face geometry) to generate the essential texture maps

(colour, specular, and normal). This enables the creation of high-quality head assets

that match the identity of the face geometry.

• We present a data-driven method that allows precise skin tone manipulation while

trying to preserve other texture aspects.

• We introduce a novel method that simplifies the editing of fine-grained details on

intrinsic texture maps. This approach allows artists to modify a single texture map

using standard image editing tools, which automatically propagates those modifica-

tions across all intrinsic texture maps. This streamlined process enhances efficiency

and consistency in texture editing.
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Chapter 2

Background

In this section, we will review some essential concepts and background knowledge neces-

sary to understand this thesis. Initially, we will discuss various face representations, the

methods used to capture them, and the dataset that was captured using that representation.

Subsequently, we will explain some common deep generative models frequently utilized

in this thesis and explain their functionality and training scheme. Finally, we will cover

previous works that shared a goal similar to ours, which is developing a pipeline capable

of generating face avatars.

There are many different 3D face representations; however, in this section, we will

discuss the three common ones. We will also mention datasets previously introduced in

this field, detailing their construction and providing additional information about them.

• Basel Face Model: The Basel Face Model (BFM) [48] is a statistical 3D face model

that represents human facial shapes and textures. It is created using 3D scans of

human faces and is often used in computer vision, computer graphics, and ma-

5



Figure 2.1: Samples of Basel Face model

chine learning applications. The same group also captured a large dataset of 3D

facial scans, capturing the variations in human facial geometry and appearance. This

dataset includes a collection of vertices that define the 3D shape of the face, as well

as texture information that represents the surface appearance. A fundamental way to

create new face instances using the Basel Face Model is to use Principal Component

Analysis (PCA) [14] to model the statistical variations in facial shapes and textures.

PCA is a method that identifies the most significant variations within a dataset and

represents them as a set of orthogonal axes known as principal components. Figure

2.1 illustrates some examples of this face model.

• FaceWarehouse: FaceWarehouse [5] is a notable initiative in the realm of facial

modelling and computer vision. It is also a 3D facial expression database that pro-

vides the facial geometry of 150 subjects aged 7-80, covering a wide range of ethnic

backgrounds. The authors captured the RGBD data of different expressions, includ-

ing the neutral expression and 19 other expressions such as mouth-opening, smile,

kiss, etc. For each RGBD scan, a set of facial feature points on the colour image,

such as eye corners, mouth contour, and nose tip, are automatically localized and

manually adjusted if better accuracy is required. Its primary objective is to cap-

ture statistical variations in facial shape and texture through an analysis of a 3D
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facial scan dataset. FaceWarehouse is primarily a diverse dataset characterized by

high-resolution 3D facial meshes that precisely define the geometric aspects of facial

structure. In addition, this dataset also consists of corresponding texture feature map

information for understanding both the physical structure and visual appearance of

a human face. One of the key advantages of FaceWarehouse is its use of advanced

statistical methods, such as Principal Component Analysis (PCA), to identify and

represent the complex variations in facial characteristics. By analyzing this dataset,

FaceWarehouse employs methods such as PCA to extract patterns and variations in

facial shape and texture. These components are foundational for generating a wide

spectrum of facial shapes and appearances. Compared with the Basel database, ev-

ery person in the FaceWarehouse database has a much richer matching collection of

expressions, enabling the depiction of most human facial actions. This versatility

makes FaceWarehouse an invaluable resource for various applications, including fa-

cial image manipulation, face component transfer, real-time performance-based fa-

cial image animation, and facial animation. Figure 2.2 showcases some face model

samples from the FaceWarehouse dataset.

• Faces Learned with an Articulated Model and Expressions (FLAME): Faces

Learned with an Articulated Model and Expressions (FLAME) [36] is an advanced

3D head representation that offers a practical balance between high-end and basic

facial modelling techniques. FLAME achieves this by leveraging a large dataset of

3D scans, which are accurately aligned, and using a combination of linear shape

space with expressive blend shapes. The face’s linear shape representation is trained

from 3,800 scans of human heads. In addition to the shape, FLAME also learns pose
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Figure 2.2: Samples of FaceWarehouse dataset. Top: The input scan, middle: Input depth
map, bottom: Refined face mesh

and expression-dependent articulation from a 4D face sequence in the D3DFACS

dataset alongside the 4D sequence. Over 33,000 scans were required to learn the

pose and expression-dependent aspects. Overall, FLAME is low-dimensional yet

more expressive than both the FaceWarehouse and Basel Face Model. This is evident

when comparing FLAME to these face representations by fitting them to static 3D

scans and 4D sequences using the same optimization method. FLAME demonstrates

significantly higher accuracy compared to the other face representations mentioned,

and it is also available for research purposes. FaceWarehouse is the only publicly

available 3D face database that offers a large number of facial expressions and comes

with template meshes aligned to raw scan data (from a depth sensor). The D3DFACS

dataset, while having much higher-quality scans, does not contain aligned meshes.

Registering such 4D data presents an additional challenge. Figure 2.3 shows some
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Figure 2.3: Samples of FLAME Face model

face model samples from the FLAME.

2.1 Generative models

Generative models have shown impressive results in generative tasks, such as image gen-

eration. Designed to produce new data samples that resemble a given dataset, they have

gained popularity in the domain of computer vision and graphics due to their remark-

able ability to generate realistic images and videos. Among the various types of gener-

ative models, Variational Autoencoders (VAEs) [32], Generative Adversarial Networks

(GANs) [19], and Diffusion models [22] stand out as leading technologies in this field. In

this thesis, we primarily used Variational Autoencoders (VAE) and Generative Adversarial

Networks (GANs), which we will explore in further detail in subsequent sections.
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2.1.1 Variational Auto-Encoder (VAE)

Variational Autoencoders (VAEs) are a class of generative models that are based on the

principles of Bayesian inference. They aim to learn the underlying probability distribution

of a given dataset, allowing them to generate new data points that resemble the original

dataset. VAEs are particularly useful in unsupervised learning tasks, where the goal is to

understand the structure of the input data without any explicit labels. At a high level, a

VAE consists of two main components: the encoder and the decoder.

• Encoder: The encoder maps the input data x to a latent representation z, capturing

the essential features of the data in a compressed form. The encoder is a neural

network. The size of the latent representation must be smaller than the input size.

• Decoder: The decoder then reconstructs the input data (denoted as x̂) from the la-

tent representation z, attempting to generate an output that is as close as possible to

the original input.

Mathematical Formulation

The core idea of a VAE is to model the latent variable z using a probability distribution

q(z|x), which approximates the true posterior distribution p(z|x). The encoder parameter-

izes q(z|x) as a Gaussian distribution with mean µ(x) and variance σ2(x), both of which

are functions of the input data generally represented by a neural network. The VAE op-

timizes the variational lower bound—or evidence lower bound (ELBO)—on the marginal

likelihood of the observed data. The ELBO can be expressed as:
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Figure 2.4: VAE architecture

ELBO = Eq(z|x)[log p(x|z)]−DKL[q(z|x)||p(z)] (2.1)

where:

• Eq(z|x)[log p(x|z)] is the expected log-likelihood of the data given the latent vari-

ables, which encourages the decoder to accurately reconstruct the input data from

the latent variables.

• DKL[q(z|x)||p(z)] is the Kullback-Leibler (KL) divergence between the approxi-

mate posterior q(z|x) and the prior distribution p(z), which acts as a regularization

term, encouraging the approximate posterior to be close to the prior.

The first term of the ELBO ensures that the reconstructed data is similar to the orig-

inal data, promoting the accuracy of the reconstruction. The second term regularizes the
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learned latent space by penalizing deviations of the learned distribution q(z|x) from the

prior distribution p(z), typically assumed to be a standard Gaussian distribution. In prac-

tice, to optimize the ELBO, a reparameterization trick is used to allow gradients to flow

through the stochastic nodes of the network. Instead of directly sampling z from q(z|x), z

is expressed as a deterministic function of x and some random noise ϵ, as follows:

z = µ(x) + σ(x) • ϵ (2.2)

where ϵ ∼ N (0, I) and • denotes element-wise multiplication. This formulation al-

lows for efficient gradient-based optimization of the ELBO with respect to the parameters

of the encoder and decoder networks, facilitating the training of VAEs through backprop-

agation. Figure 2.4 illustrates the architecture of the VAE, where the parameters of the

latent distribution (µx, σx) are derived by the encoder network. Subsequently, the latent

representation z is sampled from a Gaussian distribution with parameters (µx, σx). Finally,

the decoder model reconstructs the input by processing the latent representation z.

2.1.2 Generative Adversarial Network (GAN)

Generative Adversarial Networks (GANs) are a type of generative model used to produce

new data samples that resemble a given dataset. They consist of two neural networks,

the generator and the discriminator, which are trained simultaneously in an adversarial

fashion. Here’s a detailed explanation of each component and how they work together:

• Generator: The generator is a deep neural network that takes in a random noise

vector as input and generates synthetic data that resembles the training data. Its

12



purpose is to create data that is indistinguishable from real data.

• Discriminator: The discriminator, on the other hand, is like a binary classifier that

evaluates whether a given input is real (from the actual dataset) or fake (generated

by the generator). Its goal is to correctly distinguish between real and synthetic data.

Training Process: GANs have a unique way of training. During training, the generator

and the discriminator are trained simultaneously through adversarial training. The gener-

ator tries to generate more realistic images to fool the discriminator, and the discriminator

tries to learn the ability to classify real and fake data samples. Ideally, this training process

reaches an equilibrium where the generator produces data that is indistinguishable from

real data, and the discriminator cannot reliably differentiate between real and generated

samples.

Loss: The GANs loss function can be viewed in equation 2.3, where the R is the real

image distribution and N is the Normal distribution. The standard GAN loss function,

also known as min-max loss, was first described in Goodfellow et al. [19]. The generator

tries to minimize this function while the discriminator tries to maximize it. Looking at it

as a min-max game, this formulation of the loss seemed effective. In practice, it saturates

for the generator, meaning that the generator quite frequently stops training if it doesn’t

catch up with the discriminator.

L = Ex∼R[log(D(x))] + Ez∼N [log(1−D(G(z)))] (2.3)

The Standard GAN loss function can further be categorized into two parts: Discrimi-
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nator loss and Generator loss.

• Discriminator loss: While the discriminator is trained, it classifies both the real

data and the fake data from the generator. It penalizes itself for misclassifying a real

instance as fake, or a fake instance (created by the generator) as real, by maximizing

the below function. In equation 2.4 log(D(x)) refers to the probability that the

generator is rightly classifying the real image, maximizing log(1−D(G(z))) would

help it to correctly label the fake image that comes from the generator.

∇θd

1

m

m∑
i=1

[logD(x(i)) + log(1−D(G(z(i))))] (2.4)

• Generator loss: While the generator is trained, it samples random noise and pro-

duces an output from that noise. The output then goes through the discriminator and

gets classified as either “Real” or “Fake” based on the ability of the discriminator

to tell one from the other. The generator loss is then calculated from the discrimi-

nator’s classification – it gets rewarded if it successfully fools the discriminator and

gets penalized otherwise.

∇θd

1

m

m∑
i=1

log(1−D(G(z(i)))) (2.5)

Different GANs: In this section, we will explain the different existing GANs.

• StyleGAN: StyleGAN [28, 30, 29, 31] is one of the members of the GAN fam-

ily that uses a specific stylization technique for generating realistic-looking images.

Figure 2.6 shows 3 of the most well-known models from the StyleGAN family, with
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Figure 2.5: High-level overview of StyleGAN

their architectural differences. Primarily, StyleGAN was designed to create realistic

images while manipulating and controlling certain features or styles of the image.

These styles associated with the generated images could be features like colour,

texture, pose, etc. Figure 2.5 shows an overview of the training scheme of the Style-

GAN. Traditionally, a GAN generator takes a noise vector z as an input, and then the

model returns the output (it could be an image or any sort of data). In StyleGAN,

instead of feeding the noise vector z directly into the generator, the noise vector

z goes through a mapping network, producing an intermediate style representation

w, which has information regarding the style of the content. Subsequently, w gets

injected through an operation called adaptive instance normalization (AdaIN) [23]

into multiple layers of the Synthesis network of the StyleGAN which will then result

in the generation of the fake image. Additionally, in order to add more randomness

and better generalization, an extra random noise is passed to the Synthesis network.

To get a better perception of how StyleGAN works, check Figure 2.5.
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Figure 2.6: Architectures of StyleGAN generators from left to right: (a) StyleGAN [28],
(b) StyleGAN2 [30], (c) StyleGAN3 [31]

• Pix2Pix Pix2Pix [25], also known as the image-to-image translation network, is a

type of conditional generative adversarial network (cGAN) specifically designed for

image-to-image translation tasks. This model architecture enables the conversion of

an input image into a corresponding output image, following a certain learned trans-

formation pattern. It’s widely used for tasks such as photo enhancement, colouriza-

tion, style transfer, and more. Here’s a breakdown of how Pix2Pix operates:

– Generator: The generator takes an image (from domain A) as input and gen-

erates a corresponding image that attempts to resemble a target style or format

(domain B). It typically uses a U-Net architecture, which is effective for these

tasks because it allows for the preservation of spatial hierarchies between input

and output through skip connections.

– Discriminator: The discriminator’s job is to differentiate between the real im-

ages (drawn from the training dataset) and the fake images (generated by the
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generator). It acts like a critic that helps the generator produce better outputs.

The discriminator usually has a PatchGAN [9] structure, which means it eval-

uates the real/fake status of different parts (patches) of the image separately

rather than classifying the entire image at once.

The training process for training this Pix2Pix model is as follows:

– Adversarial Training: In the adversarial training process, the generator and

discriminator are trained simultaneously. The generator tries to produce im-

ages that are indistinguishable from the real images to fool the discriminator.

The discriminator, in turn, learns to become better at distinguishing the fake

images from the real ones.

– Objective Function: The loss function used in Pix2Pix is a combination of a

traditional GAN loss and an L1 loss (which encourages the generated images

to be close to the target images in terms of pixel-wise content). The L1 loss

helps in reducing blurring and preserving structural details in the generated

images.

Figure 2.7 shows the type of output the Pix2Pix model generates, given a specific

input. Additionally, the ground truth data is also displayed for comparison.

Architecture: Figure 2.8 shows the architecture that has been used for pix2pix is

displayed. The generator is inspired by U-net [51], which is well-known for its

performance for image-to-image tasks. For the discriminator, unlike traditional dis-

criminators, which attempt to classify an entire image as real or fake, the PatchGAN

classifies patches of an image. This method allows the discriminator to focus on
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Figure 2.7: left: Input Image, middle: Ground Truth, right: Predicted Image

high-frequency details, effectively teaching the generator to pay attention to fine

details and textures, thereby producing more realistic images.

2.2 Metrics

In this section, we will briefly explain some well-known metrics that are used to evaluate

the fidelity and diversity of generated assets. In the end, we will explain which ones are

useful for our case and why. In the section 4, we will show the evaluation of the metrics

and how we used them.

2.2.1 Fréchet inception distance (FID)

The most well-known metric to evaluate generated images is Fréchet inception distance

(FID)[21]. FID is a metric for quantifying the fidelity and diversity of images generated by

generative models. Fidelity in the sense that generated images would look like real images

of people. Diversity in the sense that the generated images cover a large distribution and
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Figure 2.8: Diagram illustrating the Pix2Pix network architecture.

produce the same results repeatedly. FID is generally used for analyzing images and not

text, sounds, or other modalities. Other related metrics are being developed for these

domains. FID assesses visual quality and diversity well within a single metric. A lower

score can be measured when generated images are more like real images. Equation 2.6

shows how the FID score is calculated, where the Inception-v3 [53] pre-trained model

is used to extract the feature vector of real images and generated images. µr and µg are

the mean feature vectors of the real and generated images. Notably, Σr and Σg are the
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covariance matrix of the feature vectors of the real and generated samples.

FID = ||µr − µg||2 + tr(Σr + Σg − 2(ΣrΣg)
1/2) (2.6)

2.2.2 Kernel Inception Distance (KID)

One other similar metric is Kernel Inception Distance (KID) [21]. KID is defined as

the squared Maximum Mean Discrepancy (MMD) distance between Inception representa-

tions, employing a polynomial kernel, k(x, y) = (1
d
xTy+1)3 where d is the representation

dimension. Similar to the Frechet Inception Distance (FID), KID utilizes a pre-trained

Inception-v3[53] network. However, unlike FID, KID does not assume a parametric form

for the distribution of activations and is unbiased. The lower the KID score, the better the

performance of the generative model (similar to FID).

2.2.3 Inception Score (IS)

Inception score (IS)[53] is one other well-known metric to evaluate how realistic an image

is. Unlike the earlier FID and KID, which compare the distribution of generated images

with the distribution of a set of real images, IS evaluates only the distribution of generated

images. It applies the Inception model to every generated image to get the conditional

label distribution p(y|x) based on two assumptions: (1) Images that contain meaningful

objects should have conditional label distribution p(y|x) with low entropy, i.e., photos

having a high probability belonging to one class. (2) The model generates varied images,

so the marginal
∫
p(y|x = G(z))dz should have high entropy, i.e., a good generative
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model should output different classes uniformly. Equation 2.7 shows the formula of this

score where:

• x ∼ pG are the generated samples by the generator.

• p(y|x) is the conditional label distribution of generated sample x.

• p(y) is the average conditional label distribution of all generated assets.

• DKL(P ||Q) is the Kullback–Leibler divergence, also called relative entropy, a mea-

sure of how one probability distribution is different from a second, reference proba-

bility distribution (follow equation 2.8 for more details).

However, one of the disadvantages of this metric is that since Inception-V3 was trained

on the ImageNet Large Scale Visual Recognition Challenge (ILSVRC) [52] dataset, it

performs best with samples that belong to a class within that dataset. This implies that if

an image does not belong to any class in ImageNet, the Inception Score (IS) may not be a

representative metric.

IS = eEx∼pG
DKL(p(y|x)||p(y) (2.7)

DKL(P ∥ Q) =
n∑

i=1

P (i) ln(
P (i)

Q(i)
) =

∫ ∞

−∞
p(x) ln

p(x)

q(x)
dx (2.8)
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2.2.4 Metric Selection

In this thesis, we will use the FID to evaluate the quality of the generated assets. As

mentioned in 2.2.3, the Inception Score (IS) is most effective when the generated image

exists in the dataset. Since our dataset contains no human images, IS is not the best metric

for our purposes. Additionally, our experiments with IS showed that its values do not

correlate with image quality. For instance, IS was high when the model generated pure

noise in the first epoch. This shows that IS is not a suitable metric for our evaluation.

2.3 Previous Approaches to Face Generation

As explained in section 2, the generation of face avatars has mostly relied on statistical

approaches [4, 36, 16, 6] in the past. The process of generating new face avatars starts by

calculating the Principal Component Analysis (PCA) on a collection of head scans. The

resulting PCA basis can be used to sample new heads by changing the PCA coefficients for

reconstructing a face. Due to the lack of clear interpretation on this basis, controlling or

editing the generation process is not intuitive. Additionally, these generated heads tend to

lack finer details, as high-frequency components aren’t well captured by PCA. Deep Gen-

erative models [35, 49, 15] have been shown to produce more detailed heads compared to

older PCA-based approaches [15]. These Deep Generative models can be split into two

main categories. The first one leverages Convolutional Neural Networks (CNN) and Gen-

erative Adversarial Networks (GAN) [19] operating on UV space [35]. The second uses

Graph Neural networks (GNN) operating directly on vertex coordinates [2]. Similar to

[35], the approaches using CNNs consider the generation of geometry and colour within
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the 2D UV space; this, on the other hand, requires flattening the 3D geometry into UV

space. However, flattening the geometry onto a 2D space without making cuts isn’t feasi-

ble. As a result, some areas that are close together in 3D end up being far in the 2D repre-

sentation. Conversely, some positions that are close on the 2D UV map can be far apart in

the 3D mesh, such as the eyes and mouth. This leads to visible artifacts in the geometry;

post-processing is generally applied to fix these artifacts as in [35]. The second approach

for generative head models uses Graph Neural network (GNN) and auto-encoders to gen-

erate a complete head without requiring additional post-processing [50, 2]. However, as

they operate on a vertex-level basis, the quality of the colour texture maps seems inferior

to that of the colour maps generated from other CNN-based generative models.

Controllable generative models Controlling deep generative models has achieved re-

markable advances for 2D portrait image editing, mainly because of the availability of a

large set of 2D portrait image datasets such as [38, 28]. Such methods [1, 68, 44, 66, 65,

54, 55, 24, 37] allow for semantic editing of the face attributes on 2D portrait images. This

is achieved by projecting the image onto the latent space of StyleGAN [30] and finding

orthogonal directions in that space that allow for controlling various face attributes (such

as hair, age, expression, and eyeglasses). Recently, works such as [59] used a pre-trained

StyleGAN [31] to control the skin tone of a 2D portrait image. Although numerous works

have tackled the problem of controlling generative models for 2D portrait images, there is

a scarcity of work addressing this problem for 3D facial asset generation. When referring

to 3D facial assets, we consider both the geometry (coordinates of vertices in 3D space)

and the associated texture maps (including colour (albedo), specular, and normal maps)

used for realistic rendering. Recent work such as StyleRig [58] drives a pre-trained GAN
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network with 3D morphable model (3DMM) [4]. Following the same direction, Albedo-

GAN [49] uses a pre-trained StyleGAN to generate a 2D image and then recover back

the 3DMM parameters. These models allow controlling the expression, head pose, iden-

tity, and scene lighting of the generated image. However, they inherit the limitations of

3DMMs and do not provide artists with precise control. For instance, in the mentioned

work, artists cannot manipulate and edit the texture maps and geometry directly to achieve

their desired output. However, some other methods allow for limited control, generating a

subject with a specific gender and age [35] or ethnicity and body mass [15]. In [43, 42],

the artists control the texture generation model using a segmented feature map to specify

colours and specify global attributes through tags. More recently, diffusion-based models

[67, 62] proposed to produce realistic head avatars from text prompts. However, these

methods lack fine-grained detail control over the generation process, making them less

usable to artists.

In contrast to previous work, our approach offers fine-grained artistic control over a

generative model designed to fit the artists’ needs. This is achieved by designing a pipeline

that takes detailed artist control at intermediate points of the generation process, enabling

them to interact with generated assets by independently adjusting features to control the

skin tone and fine-grained geometric details.

Skin tone colour control Precise adjustment of the skin colour of virtual characters is

crucial for artists when designing a character from a specific racial group. Furthermore,

tweaking skin tone can prove valuable in addressing biases towards underrepresented eth-

nicities. Moreover, this capability enables the creation of diversity and enhances the re-

alism of the user experience. However, manipulating skin tone on a large scale can be
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challenging and time-consuming.

The skin colour of human skin is determined by the levels of melanin and hemoglobin

concentration in the epidermis layer [3, 20]. This information serves as a basis for mod-

ifying the skin tone of virtual characters. However, accurately capturing melanin and

hemoglobin concentrations is a resource-intensive task that requires specialized equip-

ment and procedures [17, 45]). Some work aims to estimate these properties from images.

Pioneer works such as [61, 60] use independent component analysis (ICA) to estimate

melanin and hemoglobin distributions in 2D portrait face images. In [11] proposed a para-

metric skin reflectance model based on melanin and hemoglobin concentrations, enabling

control over skin colour. Nevertheless, understanding the complex relationship between

melanin/hemoglobin concentrations and skin colour is challenging, with limited litera-

ture available on obtaining an explicit relationship between skin colour and the melanin-

hemoglobin representation.

In this thesis, we propose:

• A Geometry generator capable of producing 3D face meshes using GNN-based

models, which allows approximate control over the subject’s physical attributes.

• A data-driven approach that enables control over the skin colour of a face avatar.

• A method that provides precise control over the intrinsic texture maps, giving artists

and designers complete authority to modify (adding or removing fine details) the

appearance of the face model.

The goal of the thesis is a pipeline for generating 3D face assets that can be edited and

used for animation-based applications like video games.
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Chapter 3

Method

In the methods section, we will review the dataset that was used and explain each of

its features. Subsequently, we will describe some of our evaluation metrics, how they

function, and how we employed them to assess our pipeline. Lastly, we will discuss the

pipeline’s architecture, detailing each component and its training process.

3.1 Dataset

For simplicity, we will use the same notation throughout this thesis. For this thesis, we

used a dataset that was previously captured by the Ubisoft team, and I have no involvement

in capturing it. This dataset consisted of 892 head scans captured using a light stage. The

light stage setup involved a set of high-resolution cameras that surrounded the subjects’

heads, ensuring complete image capturing from multiple angles. This setup precisely

captured the subjects’ facial features under various lighting conditions. The light stage

generated detailed reflectance fields for each face by altering the lighting and recording
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the imaging responses. These feature assets show how light interacts with different facial

textures and geometries. Ultimately, this light stage will provide high-resolution texture

maps and accurate 3D models of the heads. The detailed capture process enabled the

collection of high-resolution data on facial features, which is essential for the realistic

rendering and animation of the digital heads. Figure 3.1 showcases a single sample from

this dataset, illustrating the level of detail and accuracy achieved through the light stage

technology. For each subject in the dataset, we have the face geometry (vertices positions

V ), the colour map C at 4K resolution, the specular S and normal map N . To obtain

the smooth colour map A, we apply a Principal Component Analysis (PCA) over the

reflectance map C for the entire training dataset, retaining only the first 15 eigenvectors.

Subsequently, we project each C onto the PCA basis. The result is a low-frequency image

with the base skin colour of each subject. We obtain H using the Sobel operator [27],

which captures high-frequency details such as folds, wrinkles, moles, and pores. We use a

curated dataset of maps M for melanin-hemoglobin representation, based on results from

a commercial tool1.

In the following section, we will briefly explain each of the data assets (mesh geometry

and texture maps) we used; later on, in 3.2, we will explain where and how we used the

data assets in the pipeline.

• colour (Albedo) map C:

A colour map is a type of texture map used in 3D modeling and rendering. It defines

the base colour of a material and its reflective properties. This map is critical in

determining how a material looks under various lighting conditions.

1https://texturing.xyz
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• Smoothed colour (Albedo) map A:

The smoothed version of the colour maps has been constructed from the principal

components of the colour maps. Since the principal component stores less frequency

information, the reconstructed version of the colour map looks much smoother with-

out fine details.

• Melanin Map M:

The melanin map M, also known as the melanin map, is represented as a three-

channel image containing information regarding the melanin and hemoglobin fea-

tures of the skin. This feature map also comes with a scalar parameter α, which

represents the concentration power of the corresponding smooth colour map. The

higher the α, the darker the skin colour is going to be.

• High-Frequency details H:

The high-frequency details map H shows small details on the face, such as wrin-

kles and beard, and is represented as a single-channel texture map. This map was

obtained by applying a Sobel filter [56] to the colour map C.

• Specular map S:

The primary function of a specular map is to control where and how much specu-

lar highlights (bright spots that simulate the reflection of light sources) appear on a

surface. This is crucial for creating realistic materials and surfaces that interact be-

lievably with light. Specular maps allow for fine-tuning the appearance of materials

at a granular level. For example, a specular map can make certain parts of a surface

look glossy (like a wet road) while other parts remain matte (like dry pavement).
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This differentiation is essential for achieving realistic textures and surfaces in 3D

environments. Using a specular map is a resource-efficient way to add complexity

and realism to a 3D scene without significantly increasing the computational load.

Instead of requiring more complex geometry or additional lighting calculations, a

specular map modifies how existing lights interact with surfaces.

• Normal map N :

Normal maps give your object texture and depth by changing the direction light is

reflected off your 3D model. These are also known as Bump Maps because they

make your surface look bumpy. Normal maps don’t actually change the geometry

of your 3D model, so you can’t use them for extreme depth, but they are great for

giving realistic textures while keeping the polygon count low.

• Displacement map D:

A displacement map in computer graphics is a texture or image used to alter the

geometry of a surface, providing detailed features that enhance the realism of 3D

models. Unlike normal maps or bump maps, which only simulate texture detail

by manipulating the surface’s lighting and appear to modify the surface detail, dis-

placement maps actually change the surface geometry of the 3D model, creating

real, tangible depth and detail.

• Geometry Vertices V :

A 13473× 3 matrix which holds the values of all the 3D vertices of the mesh, with

each vertex having a (x, y, z) location value. It is also worth noting that all the

vertices are in correspondence with each other, meaning the nth vertex corresponds
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Figure 3.1: A sample from the training set: Position map P , mesh vertices V , colour
map C, specular map S, Normal map N , high-frequency map H, smooth colour map A,
melanin map M.

to the nth vertex in another mesh. This ensures consistency when using the data.

Thus, these vertices form morphable models, not just raw face scans.

• Position map P:

A position map is a texture that encodes the spatial coordinates of points on a 3D

surface. Each pixel in the position map corresponds to a point in 3D space, and the

colour values of the pixel store the X , Y , and Z coordinates of that point. Using

a UV map, we can project a position map onto a 3D geometry. It is worth noting

that both Position map P and Geometry Vertices V represent the same things but in

different formats. Position P in the UV space and Geometry Vertices V in the 3D

space.

3.2 Architecture

In this section of the thesis, we will go over each component of the proposed pipeline;

in addition, we will also explain the data that was used for the training model and the

details regarding its training. As in Figure 3.2, we propose our pipeline: from a Gaus-
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Figure 3.2: Overall Architecture Overview

sian distribution (µc,Σc), we sample a random vector zg. By passing zg to the Geometry

Generator F , a mesh is generated. From zt (sampled from a Gaussian distribution), the

Geometry-aware Texture Generator G generates two intermediate skin representations: a

melanin map M and a high-frequency details map H. Using the melanin map M and a

scalar α, the Skin colour Control Network GA generates a smooth colour map A, allowing

for precise control of skin colour by adjusting α. By passing A and H to the Fine-grained

Detail Editing Network GC , a colour map C is obtained, containing fine details from H.

The Face Attributes Decomposition Network Gϵ decomposes the intrinsic feature maps

into a specular map S and a normal map N , which can be used to render realistic heads.

The feature maps obtained thus far are then used to render a face avatar.

3.2.1 Geometry Generator F

For geometry generation, we used a pre-trained part-based Variational Auto-Encoder (VAE)

inspired by [2], which was previously developed by the Ubisoft team. The VAE is con-

structed from 8 independent Graph Neural Networks (GNN) [50]; the encoder of each one

of these GNNs is responsible for translating the vertices of a specific part of the face into
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a latent representation. These latent representations are then concatenated to each other

into a single representation, which we call zg; afterward, we pass the merged represen-

tation zg to the decoder of the VAE, which we call F . Decoder F will reconstruct the

entire face mesh. It is also noticeable that the architecture of decoder F is the same as

in [2]. One of the capabilities of these VAE models is that we are able to recover latent

representation zg from a given mesh via an optimization process. As mentioned in section

3.1, our dataset includes the 3D face geometry. Therefore, we have the ability to recover

the latent representation for each face geometry in the dataset. Since we have the label for

each of the subjects in terms of gender, ethnicity, and age, we can calculate the statisti-

cal parameters of each class, such as mean µc and standard deviation σc. When it comes

to generating new samples from class c, we can sample the latent representation from

distribution zg ∼ N (µc, σ
2
c ) to generate face-mesh belonging to a specific group. Uncon-

ditioned samples can be generated from a standard Gaussian Distribution zg ∼ N (0, I).

Figure 3.3 demonstrates that each segment of the face is encoded separately (using differ-

ent encoders). By combining these encodings, we obtain the zg, the latent representation.

This representation is then passed to the decoder F to reconstruct a full face mesh.

3.2.2 Geometry-aware Texture Generator

We trained a Geometry-aware Texture Generator G that jointly outputs two intermediate

representations for skin texture. These two skin assets are (1) melanin map M and (2)

high-frequency details H. Figure 3.4 illustrates how generator G is being trained. The

motivation behind this is that it will separate two controlling aspects of the final face

avatar, such as the skin colour and the high-frequency fine-grain details.
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Figure 3.3: Figure from [2] which they feed each segment of the face to its part encoder.
Then, they merge and pass the encoded representation to a decoder that reconstructs the
face.

In order to encourage network G to learn the correlation between the head geometry

and the skin texture, we trained model G conditioned on latent code zg, which was used

for generating a face-mesh via model F . The approach for conditioning was inspired by

StyleGAN2 [30], where we concatenate latent code zg with a random vector zt sampled

from a Gaussian distribution zt ∼ N (0, I). This will allow us to generate face avatars

with similar geometry and different textures by fixing latent code zg and changing latent

code zt. During training, we also noticed that using a single discriminator is not sufficient

to produce good-quality assets. After many experiments (mentioned in 4.1.3), we noticed

the best results were obtained when three distinct discriminators were used. These three

discriminators were (i) for melanin map M, (ii) for high-frequency details map H, and

(iii) for the combination of both M and H, to learn the correlation between these two fea-

ture maps. The idea for using three distinct discriminators was inspired by [35]. Similar

to the original StyleGAN2 [30], each discriminator also takes geometry latent code zg as

conditioning input. Since G also uses the conditioning latent code zg as input to gener-
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Figure 3.4: Geometry aware texture generator G utilizes zg (which was used to generate
the head geometry) to generate melanin map M and high-frequency detail map H.

ate M and H, similar to the conditioning in 3.2.1 we can sample from N (µc, σ
2
c ) (where

µc and σc belong to a specific group) which will result in getting feature maps from that

specific group. Equation 3.1 presents the loss function used for training model G. This

loss function is inspired by the one used in StyleGAN2 [30], with the key difference being

that the adversarial loss in our model is the sum of three adversarial losses from three dis-

criminators. Additionally, we included the Path Length regularization term Lpl, as utilized

in StyleGAN2, along with the R1 regularization term [41]. For training this model, we

used the same training scheme used in StyleGAN2 [30], with a hyper-parameter γ = 4.

Additionally, we modified the scheme by employing three discriminators instead of one,

each contributing equally to the final loss function. The model was trained over approxi-

mately 1500 epochs, using a batch size of 8 and a learning rate of 0.002. The input data

was normalized to have a mean of 0 and a variance of 1.

Ladv = LM + LH + LJoint

L = Ladv + Lpl + LR1

(3.1)
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Figure 3.5: Training the skin colour control model GA, involves combining the melanin
map, M, with a feature map valued as α. Passing these two as a combination to GA results
in the creation of a smooth colour map A, which is subsequently classified as real or fake
by a discriminator.

3.2.3 Skin colour control

For controlling the skin colour of the subject, we trained network GA, which learns a

mapping from the melanin map M and scalar α (which indicates the melanin concentra-

tion power) to a corresponding smooth colour map A. Creating an analytical and closed-

function relationship between the melanin and hemoglobin space to skin colour space is

an extremely difficult and non-trivial task. Due to these limitations, we propose a data-

driven solution to tackle this challenge. We constructed a dataset compromising tuples

of M, α,A. As previously mentioned, scalar α represents the melanin concentration, in

which lower values of α indicate lighter skin and higher values of α indicate darker skin

colour. A is a smooth texture that discards high-frequency details and keeps the basic de-

tails regarding skin colour. More details regarding the datasets are provided in section 3.1.

For the following task, an image-to-image translation network [25] was trained, which we

denote as GA. In addition to the original implementation inspired from [47], we used the

multi-patch, multi-resolution discriminator, which gave us better quality results compared
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to the original image-to-image translation network. In order to provide melanin concentra-

tion power α as a condition, we created a channel containing α in all positions alongside

melanin map M as the input. The goal was to reconstruct a smooth colour map A. During

the training process, we minimized the adversarial loss and the ℓ2 between the network’s

output and the corresponding ground truth smoothed colour map A. During inference

time, network GA will encode the melanin map M generated from G to colour map A.

We can adjust the desired skin colour by changing the scalar value α. For training this

model, an image-to-image translation network [26] was used; in addition to the original

implementation inspired from [47], we used the multi-patch, multi-resolution discrimi-

nator where the model was trained for 300 epochs with the batch size of 4. The initial

learning rate was 0.0001, and we used the decay scheduling of 0.1 for each 60 epoch. The

input data was also normalized to have a mean of 0 and a variance of 1. GA was trained of

256× 256 feature images. Figure 3.5 shows an overview of the pipeline for GA.

3.2.4 Fine-grained detail editing

The final reflectance map C is obtained when colour map A, which aggregates low-

frequency details, and high-frequency details map H, which aggregates high-frequency

details, are passed to network GC . Formulating the generation process with these interme-

diate steps allows simple manipulation of the high-frequency details of the face. An artist

can make changes to H using image-editing software (tools as simple as Microsoft Paint)

to add/remove details. To train this network, we create a dataset of tuples of reflectance

maps C, high-frequency H, and low-frequency maps A. The same network architecture

from GA has been used for GC , with the exception of the number of input channels and
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input dimension. For GC an image-to-image translation network [26] is used, In addi-

tion to the original implementation inspired from [47], we used the multi-patch, multi-

resolution discriminator, which gave us better quality results compared to the original

image-to-image translation network. The model is trained by taking the concatenation of

melanin map A and high-frequency map H as the input and learns to recover the final

colour map C. During training, we minimize the adversarial loss and the ℓ2 distance be-

tween the network’s output and the corresponding ground truth texture map. For training

GC , we employed an image-to-image translation network, as described in [26]. Addition-

ally, inspired by [47], we utilized a multi-patch, multi-resolution discriminator. The model

was trained for 300 epochs with a batch size of 2. Inputs, including the smooth colour map

A and high-frequency map H, were upsampled from 256×256 to 512×512 using bi-linear

interpolation. For the output, we used a higher-resolution reflectance map C, which did not

require upsampling as it was already available in our dataset at the desired resolution. We

observed that using a higher resolution produced more finely detailed results compared

to the lower-resolution counterpart (256 × 256). Both of the input data(M and H) were

normalized to have a mean of 0 and a variance of 1. Figure 3.6 shows an overview of the

pipeline for GC .

3.2.5 Face attributes decomposition

In order to create realistic-looking avatars, modern software renderers such as Blender2

need more than just colour texture maps. For that particular reason, we used two addi-

tional intrinsic maps (specular map S and normal map N ). These two intrinsic maps are

2https://www.blender.org/
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Figure 3.6: Fine-grained detail editing network: Smoothed colour map A is concatenated
with high-frequency detail map H and passed to GC . The result is the creation of colour
map C.

estimated from networks Gϵs and Gϵn . The role of these networks is to ensure that the

modifications made by the artist at the colour map level are propagated into other intrin-

sic feature maps. These maps are essential for realistic rendering, especially under novel

lighting conditions, where the difference between using and not using these maps is visi-

ble. These two models have been inspired by [10].

3.2.6 Specular Map estimator

Specular Map estimator Gϵs was developed by the Ubisoft team. Similar to GA (in section

3.2.3) and GC (in sections 3.2.4) an image-to-image translation network [26] with a multi-

patch, multi-resolution discriminator which were inspired by [47] was used. For training

this model, they used tuples of C,S, where reflectance map C serves as the input, while

it should return specular map S as the output. During inference time, the reflectance map

generated from GC is passed to Gϵs .
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3.2.7 Normal Map estimator

Normal map N is obtained from the displacement map D using a Fast Fourier convolution,

similar to [35, 64, 10] we trained a network to estimate the displacement map D. Initially,

using the super-resolution network explained in section 3.2.8, we upscale colour map C

from 256× 256 to 4096× 4096. Inspired from [8], two models are responsible for extract-

ing the displacement map. Figure 3.7 shows the Partial Detail Inference Module (PDIM)

takes 2D image patches as inputs and generates displacement map PCA coefficients (to

gather low-frequency information). Using such a scheme will reduce the parameter space

and be more stable during training and testing time. However, PCA-based approximations

are not capable of capturing high-frequency information, which is essential for fine detail

synthesis. Therefore, we use a model called Partial Detail Refinement Module (PDRM)

to refine high-frequency details further. The motivation behind this is to explicitly break

down the facial inference procedure into linear approximation and non-linear refinement,

which is that facial details consist of both regular patterns like wrinkles and characteristic

features such as pores and spots. By using a two-step scheme, we encode such priors into

our network. Exactly like [8] the PDIM module, we used a UNet-8 structure concatenated

with 4 fully connected layers to learn the mapping from texture map to PCA representa-

tion of displacement map. The sizes of the 4 fully connected layers are 2048, 1024, 512,

64. Except for the last fully connected layer. In the subsequent PDRM module, we use

UNet-6, i.e., 6 layers of convolution and deconvolution, each utilizing a 4×4 kernel, with

a stride size of 2 and a padding size of 1. Apart from this, we adopt the LeakyReLU acti-

vation layer for all the layers except the last convolution layer, where for the last layer, we

employed a tanh activation function. To train the PDIM and PDRM modules, we integrate
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both supervised and unsupervised training techniques, leveraging Conditional Generative

Adversarial Networks (cGAN) to effectively manage variations in facial texture.

Figure 3.7: Network architecture for facial detail synthesis. PDIM for medium-frequency
detail (wrinkles) synthesis and PDRM for high-frequency detail (pores) synthesis

3.2.8 Super-Resolution Network

In order to achieve detailed results, all of the generated feature maps (C, S) are up-sampled

using two super-resolution networks. The architecture of these two models was inspired

by Enhanced Super-Resolution Generative Adversarial Network (ESRGAN) [63], which

were trained by other Ubisoft team members. Similar to [35], the process of upscaling is

done in two separate stages, where in the initial stage, the feature maps are upscaled from

256 × 256 to 1024 × 1024 and in the second step, the feature maps are upscaled from

1024 × 1024 to 4096 × 4096. For training the first model (256 × 256 to 1024 × 1024),

tuples of {C256×256, C1024×1024} and {S256×256,S1024×1024} were used (both data types were

used for a single model), and for the second model (1024×1024 to 4096×4096) tuples of

{C1024×1024, C4096×4096} and {S1024×1024,S4096×4096} were used (both data types were used

for a single model).
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Chapter 4

Results

In this section, we will go over each one of the different experiments that have been done

and explain the motivation behind the experiment alongside our findings and results from

that experiment.

4.1 Geometry and texture generation

In this experiment, we evaluate two aspects of geometry and texture generation: (i) com-

paring our GNN generator operating on vertices with a CNN generator operating on UV

space, and (ii) evaluating the impact of conditioning our texture generation model with

geometry.

To highlight the advantages of using a Graph Neural Network (GNN) for geometry

generation, we compare our method to a StyleGAN-based generator that jointly generates

texture and geometry in UV space (similar to [35]), as the Baseline (see figure 4.1).

41



Real/Fake
 

G

D

Trainable Label Concatenation

+

+

Real/Fake

Real/Fake

Real/Fake

D

D

D

 

 

 

Figure 4.1: Baseline: From G melanin map M, high-frequency map H, and position map
P are generated. A discriminator is used for each feature map, and a single discriminator
is used for a concatenation of all of the feature maps.

4.1.1 Baseline

Pioneering works such as [35, 39] have used a single generative model to generate colour

maps and position maps, which were then used to create a face rendering. These works

inspired us to use the same approach to generate melanin map M, high-frequency map H,

and position map P (which were then projected to 3D vertice space V using the UV map).

We will use this approach as a Basline.
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Figure 4.2: Baseline Laplacian 3D: In addition to the Baseline where the melanin map M,
high-frequency map H, and position map P are generated, a Laplacian filter is applied
to the position map, resulting in new features that are used as additional signals for the
discriminators.

4.1.2 Baseline Laplacian 3D

In addition to the baseline, we developed a novel approach that improved the quality of

the rendered faces and increased the convergence speed. When using the baseline, we

noticed small artifacts on the face mesh that were not apparent in a normal render. These

small artifacts can be seen when we applied a Laplacian filter [18] on position map P . To

solve this, we propose a novel approach where we use the Laplacian position map as an

additional signal to train our generator. As in Figure 4.2, we denote the laplacian of the

position map Lp. When Lp is used as an additional signal, we notice higher quality results

(FID score can be seen in table 4.1) and faster convergence. More details regarding the

implementation can be found in the appendix A.2.
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4.1.3 Quantitative Comparision of GNN and Baseline

To evaluate our model, we began by randomly selecting 10,000 pairs of latent vectors, de-

noted as zg and zt (from Gaussian distribution). Using F , we generated geometry vertices

V from the latent vectors zg. Both zg and zt are passed to the Geometry-aware Texture

Generation G to produce the melanin map M and the high-frequency detail map H. Fol-

lowing this, we applied GA to the generated M with a randomly chosen melanin intensity

α, yielding a smooth colour map A. Finally, we passed smooth colour map A and H to

network GC to get the detailed colour map C. Given colour map C and geometry vertices

V , we render 10,000 images of faces (due to complexity and time constraints, we did not

do the upsampling to the colour maps). Figure 4.3 illustrates some examples of these

renders.

For the evaluation of our model, the Fréchet Inception Distance (FID) was calculated

across four different scenarios: (1) rendered images from Vi and Ci, where Vi represents

the geometry vertices of the ith subject and Ci is the reflectance map of the same subject,

generated through our pipeline (referred to as "Ours" in table 4.1). (2) rendered images

from Vi and Cj , where Vi and Cj are the geometry vertices and reflectance map of the ith

and jth subjects, respectively, chosen randomly from the 10,000 samples (this scenario is

dubbed "Ours un-conditional" in table 4.1). (3) rendered images utilizing V and C where

V was derived from the position map P generated by the Baseline using Laplacian, and

C was produced from A (obtained from M) and H, both of which were generated by the

Baseline with Laplacian (this setup is detailed in section 4.1.2). (4) a similar approach to

scenario 3, but employing only the Baseline without the Laplacian enhancement (outlined

in section 4.1.1). For the ground truth data, we used all of the colour maps C and geometry
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Figure 4.3: Top: Samples generated from our model (using GNN). Bottom: Samples
generated from the baseline (using a StyleGAN as the generator for geometry)

V to create 892 face renders.

We utilized the rendered images to compute the Fréchet Inception Distance (FID) [21],

comparing the distribution of our generated images to that of real images, based on the

features extracted by an Inception-v3 model [57]. The performance of our GNN-based

model notably exceeded that of the baseline method, suggesting that the distribution of

our generated heads is closer to that of the training data. We observed that conditioning

the geometry-aware texture generator G on zg (thus aligning vertices V and the reflectance

map C) slightly improved accuracy compared to unconditioned operation, where V and C

were randomly paired. Additionally, incorporating the Laplacian of the position map as an

extra signal resulted in significantly enhanced FID scores, underscoring the effectiveness

of this method in producing high-quality generated heads.
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Method FID ↓
Ours 11.44
Ours un-conditioned 11.53
Baseline+Laplacian 15.35
Baseline 21.28

Table 4.1: Quantitative comparison between our method and the baseline.

4.2 Skin colour manipulation

Our pipeline enables precise skin colour manipulation with a single scalar melanin power

α. In this experiment, we show precisely how scalar α will affect the colour map and face

render. Figure 4.4 displays how α will affect the colour map C. In addition, figure 4.6

shows the effect of different α for different subjects. We also did an experiment where we

visualized the change in shape and colour independently in the same figure, where figure

4.5 shows that linear interpolation zg and melanin power α will change the appearance of

the subject. However, we should point out that one of our limitations is that high value α

may lead to small unwanted details(e.g., beard) or artifacts. For example, in figures 4.4,

4.5, 4.6, the beard becomes visible for darker skin characters. We assume this is due to

the dataset that was used during training, where darker-skinned subjects tend to have more

facial hair compared to lighter-skinned characters.

4.3 Evaluating Skin colour Control

In an experiment that other members at Ubisoft did to quantitatively evaluate the precision

of our skin colour control method, they compared our method to a baseline that consists of

manipulating the hue-saturation-value (HSV) of the texture, which is a common approach
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(a) M (b) Aα=1 (c) Aα=1.4 (d) Aα=1.8 (e) Aα=2.2

Figure 4.4: How Melanin power (α) affects the colour tone for four different subjects.

used by artists for skin colour editing. We hypothesize that our method is better at match-

ing the lip colour for a given skin colour. We designed an experiment to evaluate this, as

follows: using our pipeline, 1000 head samples are generated. For each melanin map, we

produce two textures with two different values of α, namely source Csrc and target Ctgt. We

use an optimization procedure to find the optimal HSV value that, added to Csrc, matches

the target skin colour Ctgt. We denote the optimized resulting texture Chsv.

Given Ctgt and Chsv, we find the 5 closest textures in the training dataset in terms of

47



Figure 4.5: Left to right: The change of the latent representation zg resulting in the change
of face geometry and melanin map M. Top to bottom: The change of melanin power α
resulting in different face skin colour.

skin colour using the Individual Typology Angle (ITA) distance [7, 13, 40], that mea-

sures skin colour with a single scalar. Finally, we compute the error mean and standard

deviation on the Hue component between the generated textures and their correspond-

ing closest textures in the dataset on the lips region. Table 4.2 reports the average error

and standard deviation on the Hue component for our method and the HSV method. Our

method demonstrates significantly lower error compared to the HSV method and exhibits

significantly lower variation. This shows that our model is better than the HSV editing at
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Figure 4.6: Melanin power α shift for different subjects

correlating lip colour with skin colour. Figure 4.7 shows samples of renderings of both

methods (HSV and ours). We noticed that the HSV approach occasionally obtains an

unrealistic, greenish colour for the lips, while our method produces natural lips colour

matching the face skin colour. Moreover, the HSV-based linear model tends to generate

reddish colours for dark skin colour subjects, while our model produces a more realistic

rendering.

49



Method Mean ↓ STD ↓
HSV 0.295 0.235
Ours 0.252 0.116

Table 4.2: Error on the lips region of our method compared to HSV skin tone editing.

Figure 4.7: Results on skin colour editing with HSV (top) and Ours (bottom).

4.4 Fine-grained details manipulation

So far, by manipulating the latent codes zg and zt, we have controlled the subject’s face

geometry and general appearance. As detailed in section 4.2, adjusting the melanin factor

α changes the skin colour of subjects, providing a basic method for modifying skin colour

attributes. However, these methods do not incorporate or eliminate detailed characteristics.

Our pipeline allows for manipulations of fine-grained face details using a single-channel

map H while preserving the subject’s skin colour. Artists can make arbitrary changes to

this map using standard editing tools (e.g., Microsoft Paint), and these changes are coher-

ently propagated to the intrinsic facial feature maps. To validate this property, we asked an

artist to make modifications for two subjects generated by the model. In the first task, the

artist added wrinkles to make a character look older. In the second task, the artist removed

the beard of a subject, which is a common task required to clean up scans since beards
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Figure 4.8: Example of artistic editing of high-frequency details. We show an example of
adding wrinkles (top subject) and removing a beard (bottom subject). Changes in the High-
frequency detail map H are cohesively propagated to the intrinsic facial maps (colour,
specular, and normal).

are generally modeled separately from the skin in rendering engines. Figure 4.8 shows

the results of this process. We observed that changes to the fine-grained details map H

are properly propagated to all intrinsic facial maps (colour, specular, and normal) while

preserving the original skin colour of the subject, thus simplifying the process of making

these changes. Figure 4.8 shows additional experiments conducted on edge editing. Figure

4.9, we show additional samples on how the high-frequency detail map H will result in

different-looking renders.
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Figure 4.9: Additional examples of high-frequency detail editing. Top: Render of the
original asset. Bottom: Render after changes to the map H.

4.5 Skin control editing for in-the-wild portrait images

In this section, we demonstrate our method’s capability to adjust the skin colour of subjects

by manipulating existing texture maps obtained from real-world 2D portrait images. We

trained a network, GM, to convert from the colour space to the melanin-hemoglobin space

(exactly the opposite of GA. Similar to GA (in Section 3.2.3), GC (in Sections 3.2.4), and

Gϵs , we utilized an image-to-image translation network [26] equipped with a multi-patch,

multi-resolution discriminator, inspired by [47]. For training GM, we employed tuples

of {M, C}, where the colour map C serves as the input, and the network is expected to

return the melanin map M as the output. For the experiment, we utilized a reconstruction

model [10] to extract the colour map Cm from a portrait image. The extracted colour

map is then passed to GM, which produces Mm. By feeding the generated melanin map

Mm along with a scalar α into GA (Section 3.2.3), we can generate colour maps with

different skin colour (but same identity). The resulting colour maps were then used for

rendering. Figure 4.10 showcases the rendering of the subject with varying melanin power
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α. This experiment shows that our method can be seamlessly integrated with 3D face

reconstruction methods, providing additional control for artists working with real-world

images.

4.6 Effect of using a super-resolution network

In section 3.2.8, the necessity of integrating a super-resolution network into our pipeline

is discussed. The primary goal is to create realistic-looking avatars; therefore, the gen-

eration of fine-grained details, even if they are technically hallucinated (but look real), is

acceptable as long as the end result appears realistic. Figure 4.11 illustrates the impact of

employing a super-resolution network to upscale the colour map C, in contrast to scenarios

where no upscaling is applied. This enhancement brings out detailed features, which are

particularly noticeable around the eyebrows and chin of the subject.

4.7 Comparison against AlbedoGAN

For generative tasks, comparison has always been a challenging task. Some of the well-

known metrics are known as FID (section 2.2.1) and KID (section 2.2.2). However, as

explained, these metrics measure the distance between the distribution of the ground truth

and generated images, which only makes sense when comparing two models that are

trained on a similar dataset. Since our pipeline was trained on an internal dataset belong-

ing to Ubisoft, we can’t quantitatively compare our approach with other existing works.

However, we were able to get some samples from AlbedoGAN [49], thanks to the help of

their authors. As a result, we made a visual comparison between our work and Albedo-
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GAN, in which we mentioned our advantages. Therefore, in this section, we will discuss

the comparison between our method with those from AlbedoGAN. AlbedoGAN uses a

pre-trained StyleGAN [28] model to generate a 2D image, followed by the reconstruction

of the geometry (using a 3D morphable model), colour map, and normal. In figure 4.12,

we show a few samples provided from the AlbedoGAN (left) and our samples (right). For

each sample, we show the final render (frontal and side view) along with the corresponding

estimate feature maps. Here are a few differences between AlbedoGAN and our work:

• AlbedoGAN does not estimate a complete texture, whereas our method does. Specif-

ically, the side view shows blurry texture for AlbedoGAN and exhibits misalignment

between the geometry and the estimated texture, particularly noticeable around the

mouth and eyes region. In contrast, our method produces the correct alignment of

the geometry and texture (green rectangle in Figure 4.12).

• For AlbedoGAN, certain wrinkles appear in the colour map but are absent in the

normal map (this implies that these features only exist on the colour map level and

not on the geometry). In contrast, our method produces consistent maps where the

wrinkles and effects are visible on all feature maps (blue rectangle in Figure 4.12).

• AlbedoGAN incorporates lighting, specular, and shading information into the gener-

ated colour map, whereas our method produces disentangled feature maps, making

it more suitable for relighting than AlbedoGAN. On the colour maps from Albedo-

GAN, we can see some parts have this lighting effect, which seems brighter than the

other parts.
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data-data generated-data
L2 distance (Geometry) 0.38 0.35
L2 distance (Melanin-hemoglobin) 0.43 0.45

Table 4.3: The average L2 distance between closest samples in the dataset (data-data), and
between generated samples and their closest match in the data (generated-data).

4.8 Evaluation of Model Generalization and Diversity

To complete our analysis, we aimed to evaluate the capacity of our geometry generator

F and geometry-aware texture generator G, specifically its ability to craft new samples

rather than merely replicating the training data. Figure 4.13 displays generated samples

alongside their nearest counterparts from the dataset, illustrating that our method generates

heads that are distinctively different from the training dataset’s content.

For a quantitative evaluation of our generator’s ability to generalize, we conducted the

following experiment: We utilized our pipeline to generate a set of 10,000 samples. For

each generated mesh V and melanin map M, we identified the closest sample within the

dataset using the ℓ2 distance and calculated the average of these distances or the entire

10,000 samples. For comparison, we also calculated this metric for samples within the

dataset and their nearest matches in the same dataset (excluding itself). The outcomes,

presented in Table 4.3, reveal a comparable distance between the closest pairs within the

dataset and the closest pairs between the generated samples and the dataset. This indi-

cates that our model is capable of generating a diverse range of samples, confirming its

generalization capacity.
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Figure 4.10: Our method allows skin colour control for in-the-wild 2D portrait images.
First column: Input image. Second and third column: Original texture and render using
existing 3D reconstruction method [10]. Remaining columns: Rending with different skin
colours obtained by our method.
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(a) With super-resolution network (b) Without super-resolution network

Figure 4.11: Effect of using the super-resolution network to upsample the colour map
compared to bilinear upsampling.
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Figure 4.12: Samples from AlbedoGAN [49] (left) and our method (right). For each
method, we show (1) frontal and side view rendering and (2) generated texture maps.
AlbedoGAn generates a colour map and a normal map (in object space). Our method
generates colour, normal (in tangent space), and specular maps.
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Figure 4.13: Top: Randomly generated samples from our model. Bottom: Closest sample
in the dataset to the generated sample.
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Chapter 5

Discussion

In this section, we review the main findings and conclusions of this thesis. Although the

results are encouraging, it is important to recognize the limitations that could have affected

our outcomes, and we identify these limitations identify potential areas for future research

in this field.

We introduced an innovative framework for AI-assisted creation of head avatars, of-

fering detailed artistic control at multiple levels. This method enhances the speed and

quality of producing realistic-looking heads through different stages. Where in the GNN-

based model, we showed that we could create diverse-looking face geometry; additionally,

we can control different segments of the face geometry by editing the latent code zg (ex-

plained in section 3.2.2 and research paper [2]). Our technique is demonstrated to generate

reasonable face avatars without the need for post-production adjustments to the geometry

meshes ([35] apply post-processing). Geometry-aware texture generator process, merging

the strengths of GNN-based models for mesh editing with CNN-based models for texture
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refinement, which allowed us to control the feature maps of the face avatar. Our pipeline

also consisted of networks that gave precise control over skin colour. It includes a skin

colour alteration feature that permits users to adjust skin colour without affecting too many

other facial characteristics or causing distortions in non-skin areas (such as the lips). With

this, we can solve some potential biases against less-represented ethnic groups in training

datasets making sure that we are not limited to producing subjects with a specific skin.

Moreover, our strategy for modifying high-frequency details significantly simplifies tex-

ture editing by ensuring edits on a single high-frequency detail map are propagated across

all other feature maps. This feature proves particularly beneficial for scan cleanups (e.g.,

beard or wrinkle removal) and for aging or de-aging the 3D avatars. It could also be con-

cluded that our pipeline provides more precise control over the final face avatar compared

to the other works mentioned in section 2.3.

5.1 Limitations

Although our pipeline successfully generates high-quality facial avatars, it does show some

limitations:

• Regarding the generation of face geometry V , as discussed in section 3.2.1, we can

sample from the distribution N (µc, σc) to generate a face from class c. However, for

classes that are less represented in the dataset, it is challenging to determine whether

the model effectively produces accurate face from class c.

• The skin colour control network GA often struggles with generating dark skin sub-

jects (high values of α). This issue stems from the limited representation of darker-
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skinned individuals in our dataset, resulting in skin colour maps that appear blurry

and greyish when α is significantly high.

• The fine-grained details editing network GC , which is designed to add fine details to

the colour map C, tends to show bias by generating more beards for darker-skinned

characters. Additionally, for extremely dark subjects, artifacts around the nose and

mouth are sometimes observed (see figure 4.6).

5.2 Future Work

This thesis has explored the capabilities and limitations of 3D face avatar generation, open-

ing doors for future research and development. While the results achieved were promising,

they also highlight areas where further enhancements and explorations can be done. The

following potential research directions aim to expand the scope of application and improve

the methodologies used within this field.

• Improving Class-Specific Generation Accuracy: One primary goal is to refine the

model’s ability to condition the generated face on specific demographic groups more

accurately. The current system uses the Gaussian distribution sampling technique

for generating a subject, which may not yield precise results, especially for classes

that are underrepresented in the training dataset. Future work could develop more

robust methods to handle diverse data samples, resulting in better accuracy across

different demographic groups.

• Enhancing Controllability: Our pipeline introduces three stages of controllability

in the generation process. In future work, we can expand this by providing additional
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controlling tools to the artists, which would allow for more fine and detailed editing

of the face, possibly through enhanced interface designs or more precise control.

• Refinement of Feature Maps: The existing system could be extended to include

better management of feature maps. Our pipeline is currently generating feature

maps, which are required for modern renderers. We can assume that in the future,

more advanced renderers are going to be available, and for them, we would require

more advanced feature maps. In future work, we can use the same approach to

generate those feature maps.

• Dynamic Expression Modeling: Currently, the system generates static faces with

neutral expressions. Integrating a model to handle dynamic expressions would be a

significant advancement, allowing the generation of avatars that can display a range

of emotions, which is particularly valuable for animations and interactive applica-

tions.
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Appendix

A.1 Baseline Implementation

In Section 4.1.1, we detailed the implementation of the Baseline model. The initial model,

largely influenced by StyleGAN2 [30], utilized a singular generator to produce outputs

across seven channels—three for the skin colour map M, one for the high-frequency detail

map H, and three for the position map P . To manipulate the physical characteristics of the

model subjects, including gender, ethnicity, and age, we employed the scheme described

below:

• Each class was represented as a class vector representation (lg, le, la) e.g., male →

lg = [0, 1] female → lg = [1, 0]. The same goes for other classes as well in terms

of ethnicity and age.

• We then multiply the class vectors in weighted vectors (Wg,We,Wa), which will

result in a latent class encoding eg, ee, ea.

• The latent encodings eg, ee, ea are then concatenated as a single latent encoding and

then passed to the generator as a conditioning vector.
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Figure A.1: Conditioning is done by encoding the one-hot representation to a class encod-
ing, and by concatenating the encoding and passing them as the conditioning vector, we
can’t determine the class.

• The class vector representations are not forced to one-hot vectors; for example, if

we want to smoothly transition from a male subject to a female subject, we can play

with lg. For example, lg = [0.5, 0.5] is for a subject where the gender is something

between the two.

A.2 Baseline-Laplacian Implementation

We used the same approach as in A.1 for conditioning the generated face avatar on a

specific class. The main difference in the implementation, as mentioned in 4.1.2, is that it

uses the Laplacian of the position map as an additional signal for improving the quality of

the generated assets and boosting the convergence speed.
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A.3 Implementation Details

• Geometry Generator F : We used the same implementation techniques mentioned in

the original paper [2].

• Texture generator G: We followed the same training scheme in StyleGAN2 [30],

with the hyper-parameter γ = 4, with the additional change of using three discrimi-

nators instead of one, which all three discriminators have an equal coefficient in the

final loss function. The model is trained for about 1500 epochs, with a batch size of

8 and a learning rate of 0.002. The input data was also normalized to have a mean

of 0 and a variance of 1.

• Skin tone control GA: An image-to-image translation network [26] was used, in ad-

dition to the original implementation inspired from [47], we used the multi-patch,

multi-resolution discriminator was the model was trained for 300 epochs with the

batch size of 4. The initial learning rate was 0.0001, and we used the decay schedul-

ing of 0.1 for each 60 epoch. The input data was also normalized to have a mean of

0 and a variance of 1. GA was trained of 256× 256 feature images.

• Fine-grained detail editing GC: Similar to GA an image-to-image translation net-

work [26] was used, in addition to the original implementation inspired from [47],

we used the multi-patch, multi-resolution discriminator was the model was trained

for 300 epochs with the batch size of 2. The inputs (smooth skin colour map A

and high-frequency map H) were upsampled using a bi-linear interpolation from

256 × 256 to 512 × 512, and for the output we used a higher resolution reflectance

map C (there was no need to upsample since we already had it in our dataset). We
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noticed using a higher resolution created more fine-detailed results compared to its

lower-resolution counterpart. The input data was also normalized to have a mean of

0 and a variance of 1.

• Specular Map estimator Gϵs: We used the exact same implementation used in [10].

• Normal Map estimator Gϵn: Similar to Gϵs we used the same implementation in

[10].
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