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Abstract

Fashion is one of the ways in which we show ourselves to the world. It is a reflec-
tion of our personal decisions and one of the ways in which people distinguish and
represent themselves. Fashion is a form of cultural expression and story telling.
In this research report, we focus on the fashion design process and expand com-
puter vision for fashion beyond its current focus on western fashion. We discuss
the history of Southern African Seshweshwe fabric fashion and the curation of a
Seshweshwe dataset. In addition, we demonstrate an example use case of the Se-
shweshwe dataset: sketch-to-image translation task for affordable fashion-design.
We use popular Pix2pix methodology to generate fashion images from sketches,
evaluated using FID scores. The application of generative models to fashion raises
both technical questions of training with small amounts of data, and also important
questions for computer vision beyond fairness, in particular ethical considerations
on creating and employing fashion datasets, and how computer vision supports
cultural representation and might avoid algorithmic cultural appropriation. In this
work we also propose responsible and proper ways of practice when dealing with
a cultural fashion dataset.
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Chapter 1

Introduction

Fashion has drawn a lot of attention from researchers in computer vision in recent
years with a growing number of papers and workshops dedicated to this topic.
There has been rapid development in fashion-related work ranging from retail sales
forecasting [76, 79, 20], fashion trends analysis [10, 81, 31], fashion synthesis and
recommendation [39, 8]. Fashion trends analysis often involves identifying pat-
terns and predicting future fashion demands based on cities, season and runway
fashion. Fashion image synthesis involves using generative models such as Gener-
ative Adversarial Networks (GANSs) [27] and Variational Autoencoders (VAEs) [42]
to generate new samples of fashion images. Fashion recommendation focuses on
recommending clothing pieces or outfits given some conditions such as users’ pref-

erences, occasion and weather conditions.

This rapid development has led to a number of publicly available fashion datasets
that are suitable for the development and application of machine learning [70, 47,
88, 85, 90, 48]. However, to the best of our knowledge, existing works on machine
learning for fashion have not yet considered applications to African-inspired fash-
ion and are limited to western forms of fashion. This limited diversity in existing
data is linked to the general under-representation of non-western cultures and art
forms, and contributes to the general harms that arise from perpetuating single sto-

ries about people and cultures.

In addressing this limitation our contributions in this work are:

e Firstly, we curate the first dataset that considers African fashion, in particular,
the creation of a fashion dataset representing different designs of Southern

African modern Seshweshwe fashion dresses;



* Secondly, we make initial contributions in the training of sketch-to-design
GANSs from small datasets, to explore the problem of generating African-
inspired fashion from sketches;

* Thirdly, we explore important questions for computer vision beyond fairness,
in particular questions of Al in relation to cultural representation and algo-

rithmic appropriation.

1.1 Research Aims

The aim of this research is to generate images of African inspired fashion given de-
sign sketches, introduce the concept of algorithmic cultural appropriation and provide
a guideline for prevention. This goal will be reached by training a generative model
on images of African inspired fashion, discussing potential harms of algorithmic cul-

tural appropriation and explore preventative measures.

1.2 Obijectives

e Curate the first dataset that consists of African fashion, in particular, create
a fashion dataset representing different designs of Southern African modern
Shweshwe fashion dresses.

* Discuss ethical considerations in relation to Al, culture and fashion and pro-
pose responsible and proper ways of practice when dealing with a cultural
fashion dataset.

* Demonstrate the usability and provide an example use case of our new Sesh-

weshwe dataset by generating African-inspired fashion from sketches.

1.3 Research Questions

* Where do we situate machine learning for fashion in the history of cultural

expression?



* can we train a GAN model on a very small dataset and still get reasonable

translation results?

e Can we generate African fashion (Seshweshwe) images from line drawings
using Generative Adversarial Networks(GANs)?

* What are the most significant parameters to pay close attention to when train-

ing a GAN on our custom dataset?

* How does the Pix2pixGAN perform under various conditions and paramenter
values?

* What are the optimal learning rates for each of our models?
* What impact does the batch size have on the training efficiency of our models?

* Given the size of our dataset, how can we avoid over fitting on the training
set?

* Are there any improvements in the images generated when we update the

Discriminator more than Generator?

* How important is the choice of loss function and how the different losses af-

fect model performance.

* How does the patch size of the discriminator receptive field affect our out-
puts?

* Where does the boundary of algorithmic cultural appropriation and represen-

tation sit?

1.4 Limitations

Due to the limited time and lack of readily available African fashion datasets, we
limited the scope of our work to Southern African Seshweshwe fashion, which is
only one of many cultural fashion forms in the Southern African region. Although
we did a case study on Southern African Seshweshwe, the practice we introduce
in our work is applicable to other fashion datasets. We also did not implement our
models and adapt them to real fashion sketches.



1.5 Overview

In Chapter 2 we describe the background of Seshweshwe fashion and deep learn-
ing. In chapter 3 we contextualise our study and explain its relevance by providing
an overview and discussion of existing work on Generative models for fashion. We
detail the process of curating the Seshweshwe dataset that was used in this work.
We also discuss ethical considerations in machine learning for fashion and art in
general. Chapter 4 gives a detailed discussion of the Pix2pixGAN method and the
results of its implementation on the Seshweshwe dataset. Finally, in Chapter 5 we

provide a summary of our findings and the resulting conclusions .

1.6 Pronunciation Guide

We present a short guide on pronunciation of certain words used in the research

report.

¢ se-Shweshwe is Pronounced: ci-sh-wesh-where.

Batswana is Pronounced:Baat-swa-na.

Basotho is Pronounced:Baa-soo-to.

uMakoti is Pronounced: oo-mark-oot-ee.

Moshoeshoe is Pronounced: mo-sh-wesh-where.

Xhosa pronunciation: https://www.youtube.com/watch?v=Trq_glelv04.

1.7 Mathematical Notation

On all accounts, we adopt the mathematical notation specified in [56]. Vectors and
scalars are denoted by bold and plain symbols respectively. A function f of vari-
ables x is represented by f(x). p is a symbol for a probability distribution and
po(x) symbolises a distribution over some random vectors x with distributional
parameters 0. The notation & ~ p(x) represents a sampling of variables & from a
distribution p(x). We use [E,[f] to denote the expectation of the function f under
the distribution p.


https://www.youtube.com/watch?v=Trq_gIe1v04

Chapter 2
Background

In this chapter, the research is given context with a discussion of cultural fashion
and deep learning concepts. In the first section we introduce real-world problems
that the research is intended to address, the history of the Seshweshwe fabric and
the state of South African fashion from a high level. In the final section, we de-
tail fundamental concepts in Deep Learning as a tool for fashion generation in this

work.

2.1 Cultural Fashion

Fashion represents one of the long-lasting modes of preserving and celebrating cul-
ture and history. In parts of the world, fashion is used to signify different social
groups and status [16, 5]. In different parts of the African continent people use fash-
ion to distinguish the many different cultural traditions [14, 3], and it is also used
as a celebration of their unique histories [13], on special occasions, and on a daily
basis for some. African traditional wear has had a large influence on global fashion
brands, although often not acknowledged nor given recognition of its rooted cul-
tural significance. Our focus in this paper is on the most popular Southern African

traditional wear, Seshweshwe.

2.1.1 Cultural Fashion Industry in Southern Africa

We look at the fashion design process, which often begins with conceptual draw-
ings. Fashion designers translate these concept drawings into a pattern, create a

basic version of the garment with inexpensive cotton, and then finally samples are



made with desired fabrics. This process is costly and can stifle productivity in the
cultural fashion sector where, in a country like South Africa, 70% of cultural fashion
enterprises are informal [2] with an average annual turnover of R96,439' [75]. This
poses a significant challenge for the cultural fashion sector to take advantage of the
growing market in cultural fashion for everyday use [75].

In this work, we develop models that can be used as tools for generating African
inspired fashion images from conceptual drawings. A sample generating system
will help designers in informal markets communicate their concepts faster and se-
cure orders from customers before creating a sample garment. This blend of prod-
uct creativity and digital advancement can result in a strong competitive edge for

the struggling South African textile industry as a whole.

2.1.2 Seshweshwe fabric and its history

In this research report we focus on the Seshwshwe traditional wear. Seshweshwe
is a dyed cotton fabric characterised by elaborate flower arrangements, square, cir-
cular, stripes or diamond geometric prints. The fabric was originally dyed indigo
but is now being produced in different colours. Seshweshwe is one of the fabrics
that are central to Southern African traditional clothing. It is commonly worn at

traditional ceremonies such as weddings and lobola ceremonies.

Historically in African culture Seshweshwe has been used to make several cul-
tural apparels. These apparel range from aprons, skirts and dresses among others.
The African cultures in question that mostly make use of the Seshweshwe are the
Batswana, AmaXhosa and the Basotho. Seshweshwe is mostly worn by newly mar-
ried women known as uMakoti. Further, in the Xhosa culture, the Seshweshwe has
been embraced to be a part of ochre-coloured blanket clothing. The Herero women
in Namibia use Seshweshwe to make some of their dresses [57]. In addition Sesh-
weshwe is used in modern South African fashion clothing design for all genders

from different cultures.

l'Where R96,439 = US$6,441 on average



The Seshweshwe fabric has a long and rich history. The intellectual contribu-

tion can’t be attributed to a single individual, but results from, and defines, the
cultural evolution of specific groups of people. Seshweshwe’s earliest origin can be
dated all the way back to the trend of colourful, floral Indian cotton called Indienne
that spread very quickly in the mid-16th century through Europe [58]. The cloth
has been imported from Europe to South Africa. The trademarked cloth is being
manufactured today by Da Gama Textiles in the Zwelitsha township in the Eastern
Cape since 1982 [15]. Da Gama textiles has bought rights to the most popular brand
called Three Cats.
Seshweshwe is currently a raw material in processes that produce clothes and ac-
cessories at large , medium and small scale. The Seshweshwe is specifically and
predominantly made use of by small non-formal entities manufacturing personal-
ized clothes for social functions such as marriage ceremonies.

The name Seshweshwe originated from the cloth being linked with the former
King of Lesotho, King Moshoeshoe”. King Moshoeshoe received a Seshweshwe as a
gift from a French missionary in the 1800s and he went on to make it popular among
his people. In SeSotho they call it the sejeremane or seshoeshoe and in Afrikaans
tarentaal. In IsiXhosa it is known as ujamani or isiShweshwe and se-Shweshwe in
seTswana. The se-Shweshwe was further rooted in South Africa and Lesotho by

German and Swiss settlers who made their own clothes from the imported fabric.

2.2 Deep Learning

To introduce the Seshweshwe fabric to the machine-learning-for-fashion commu-
nity we explore the problem of generating Seshweshwe fashion images from draw-
ings. In this section we introduce fundamental concepts in Deep Learning that form

building blocks for the generative models used in this work.

2.2.1 Feedforward Neural Networks

A feedforward neural network, which may be termed as a multiplayer perceptron

(MLP), is an arithmetic representation that resembles a directed acyclic graph with

2Moshoeshoe is Pronounced: mo-sh-wesh-where
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FIGURE 2.1: An illustrative diagram of a three layer feedforward neu-
ral network architecture with three inputs, two hidden layers with four
neurons, and three output neurons.

a minimum of three layers of stacked nodes (termed “neurons”) joined by edges
(termed “weights”) laid out in a network [69]. The networks are referred to as
feedforward networks since information runs through the network from the first
layer (referred to as the input layer), past the middle layer(s) and lastly to the final
layer (termed the output layer). This process takes place without any feedback
or repeated connections. Feedforward neural networks, bound by their weights
W, are used to estimate any function f(x : W) with some inputs x. For instance,
given a classifier with k number of classes p(y|x, W) maps an input vector x to a
probability distribution § where 7 represents the network’s estimated likelihood of
the input being a member of class k. A feedforward neural network is made up of
artificial neurons laid out in “fully connected” or “dense” layers, and each neuron
in a single layer is joined to every other neuron in the next layer. The input of a
neuron in each layer is an output of the preceding layer up to the last output layer.
The layers that are in-between the input (first) and output (last) layers are termed
hidden layers. A network with a minimum of two hidden layers is referred to as
a deep neural network (DNN). Figure 2.1 is an example of a fully connected Deep

neural network.



FIGURE 2.2: An artificial neuron with labeled inputs x;, weights wij ,
bias b; , pre-activation z; , activation 4; and activation function g.

Artificial neurons

Artificial neurons are mathematical functions that model biological neurons [26].
They form basic units in an artificial neural network. Similar to a biological neuron,
an artificial neuron computes and transfers information. A neuron computes infor-
mation by processing the linear combination of its input, followed by applying a
non-linear function referred to as an activation function. This activation function
then computes the output of a neuron. A neuron’s output serves as the input for

any neuron joined to it in the next layer of the neural network.

The first artificial neuron model, developed in the 1950s by Frank Rosenblatt,
was called the perceptron [69]. The perceptron takes a number of binary inputs
X1,X2,- -+, X and produces a single binary output. It is parameterized by real-
valued weights wq, w», - - -, w, that express the significance of the respective in-
puts to the output. To compute the output, a threshold function is applied to the
weighted sum of the inputs and weights:

0 if Z]- wixj < threshold,
1 if Y wixj > threshold.

output = (2.1)

This can be re-written by re-arranging and replacing the threshold with a "bias"
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term b, where b = —threshold, which is represented in the artificial neuron model
as a constant input 1 and measures how difficult it is for the perceptron to return
a positive value ("fire" in the language of biological neurons) [26]. Small changes
in the inputs or weights of any perceptron in a network of perceptrons can lead
to a completely different output as the threshold is passed. Sigmoid neurons are
similar to perceptrons but relax the constraint that the inputs have to be binary
and instead accept inputs with any value between 0 and 1. In the case of sigmoid
neurons, the threshold activation function of the perceptron is also replaced with
the sigmoid activation function (described in the next section). The advantage of
sigmoid activation is that small changes in the input of the sigmoid neuron lead
to small changes in its output. Modern neural networks accept any real-numbered

input and use a range of different activation functions [26].

Activation Functions

Activation functions are always non-linear because a multi-layer neural network
with linear activation functions could be re-parameterized as a single layer network
due to the fact that the product of weight matrices Wy, Wy, - - - , Wy could be rewrit-
ten as W. Non-linear activation functions enable neural networks to learn complex
mappings from input to outputs. They also typically have derivatives that are easy
to compute to speed up the process of learning optimal network parameters during

backpropagation.

-5 0 5 -5 0 5 -5 0 5

(A) Tanh (B) Sigmoid (C) ReLU

FIGURE 2.3: Common Activation Functions.

Sigmoid

The sigmoid activation function (also called the logistic function) maps any real-
valued input x into the range [0, 1]:
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1
g(x) = m, (2.2)
8/(x) = g(x)(1—-g(x)) (2.3)

The sigmoid activation functions was very popular in the early neural network liter-
ature because they tend to perform well when networks are very small but they are
seldom used today [26]. They exhibit 3 issues. First, sigmoid outputs are centered
at 0.5 so if all the components of an input vector are positive then all of the weight
updates will have the same sign and will all increase or decrease together which
slows down network convergence [7]. Second, sigmoid activations "saturate" in the
sense that large and very large positive or negative pre-activation values produce
activation values near 0 or 1. This is a problem because, as we will see in the section
on backpropagation, this implies that the weights in these neurons do not update
and neurons connected to saturated neurons only update slowly. Finally, in con-
trast to the ReLU activation function, the exponential function is computationally

expensive to compute in comparison to a piecewise linear function [60].

Hyperbolic tangent

The hyperbolic tangent (tanh) activation function maps any real-valued input x into
the range [1,1]:

glx) = —Z — Z_i (2.4)
g/(x) =1—g(x)? (2.5)

The tanh function is sigmoidal and thus experiences the same saturating and com-
putationally expensive issues as the sigmoid function but it is centered at zero and

as such is always preferable to the sigmoid activation function [25].
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Rectified Linear Unit

The ReLU unit clips any input value x < 0 at 0:

g(x) = max(0,x), (2.6)
0 for x <O,

g/(x) = 2.7)
1 forx>0

The Rectified Linear Unit (ReLU) activation function is a simple piecewise linear
activation function that does not saturate like the sigmoid and tanh and is much
faster to compute. It is the most commonly used activation function in modern
ANN architectures. It was introduced in early neural network models and dates at
least as far as the Neocognitron [23] but it was largely ignored in favour of the sig-
moid due to a belief that activation functions with non-differentiable points must
be avoided [26]. It was popularized by two publications [59, 43] whose AlexNet
CNN architecture was a breakthrough improvement over the state-of-the-art in im-
age classification in 2012, almost halving the previous error rate in the ImageNet
classification challenge. The use of ReLU activation functions was deemed by the

AlexNet authors to be the most important factor in the success of their model.

Output Units

The neurons in the output layer of a neural network typically have a different ac-
tivation function to the neurons in the previous layers. In the case of regression
where the network seeks to predict a real-valued continuous numerical output, the
output layer typically contains a single neuron with a linear activation function. In
a 1-of-K class classification context, the desired output is a probability distribution
over the K classes being predicted and the softmax function (which can be seen
as a multi-class version of the sigmoid function) is used to transform a network’s
real-valued activation values into a probability distribution with values between 0
and 1 that together sum to 1. The softmax function RX — RX applied to a vector

a=lay, - ,ax]" is defined as:
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efi

e Y

g(a;)

2.2.2 Forward propagation

The process by which information propagates and flows forward through a feed-
forward neural network from the inputs x to produce a predicted output 7 is called
forward propagation.

Algorithm 1 The Forward propagation Algorithm

1: Input: Vector of inputs x

2: Input: Neural network model function f(x; W) parameterized by W
3. Input: Activation function g(-)

4: forlin1,2,...,L do

5: Compute neuron pre-activations zJG) = foig ! wg) agl_l)

6: Compute neuron activations a agl) = g(zj(l))

7: return § = a(l)

2.2.3 Cost Functions

Al "

A cost function, also known as an "objective", "loss" or "error" function, measures
how well a predictive model’s outputs correspond to known ground truth observed
values. We will see in the next two sections how a neural network’s weights can be
updated using backpropagation and an optimization algorithm to make the net-
work produce more accurate predictions and central to this process is the concept
of a cost function. Cost functions can take many forms, for example the mean-
squared error between observations and prediction values is a commonly used cost
function for regression problems. A cost function C(f, ) maps pairs of model out-
put predictions §; and ground-truth known values y; to a single scalar number that
should be greater than or equal to zero and returns low values when a model’s pre-

dictions are accurate and higher values otherwise. The cost is computed for each
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FIGURE 2.4: An example forward propagation algorithm calculation.

observation in a dataset x; and then averaged to calculate an overall cost:
. 1 .
CHx)y) =+ Y CiFiyi) (2.9)
1

Cross-entropy Cost

The kind of cost function used is closely related to the type of output units. For
classification problems with a softmax function in the final layer, the categorical
cross-entropy cost function is typically used [60]. The categorical cross-entropy
cost function for a K-class classification problem with N observations is defined

as follows:

N K
Z Z yilog i + (1 — yi) log (1 — 7x)] (2.10)

SIP—‘

The categorical cross-entropy cost function derives from the principle of max-
imum likelihood estimation (MLE) in statistics which is a method of using data
observations to estimate the parameters of a model. The log-likelihood function
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L(0|x) for a discrete random variable is a function of the parameters of a model 6
given the data x defined as follows:

N K
Z Z og p(yn = k|xi,0)
2.11)

:Ir—\

N
L(0]x) =log Py(x) =log Py(X = x) = log (lj[lp xi; 0 )

2.24 Backpropagation

The process of training a neural network involves initializing its weights randomly,
using forward propagation to compute the network’s outputs given a training dataset,
measuring the errors in these outputs using a cost function and the training dataset,
and then updating the weights to try to reduce the error of the network [71]. Back-
propagation, which is shorthand for "the backward propagation of errors”, is the
name for the method of adjusting the weights of the network using information
from the cost function. After producing an output from the network and measur-
ing how far or close this output is from the ground truth, that measure is used to
proportionately adjust the weights so that the error gets smaller and the output gets
closer and closer to resembling the ground truth of the data. But different weights
have varying effects on the final output and hence the cost. In order to adjust the
weights appropriately, we first have to measure the magnitude and direction (neg-
ative or positive) of each weight’s influence on the cost function (usually referred
to as gradients). This is done through differentiating the cost function with respect
to the weights.
Given that neural networks are composite function (functions of functions), in cal-
culus to differentiate a composite function we make use of the chain rule. Therefore,
we can simply say that backprobagation is computing gradients of the cost function
with respect to weights using chain rule and then using the same gradients to ad-
just the weights appropriately in order to produce outputs that are closer to ground
truth [22, 65, 26].

In the general case with vectors x € R” and y € R" and functions g : R — R"
and f : R" — R, ify = g(x) and z = f(y) = f(g(x)) then the chain rule of
differentiation is defined as follows:
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0z 0z dy;
— =) = 2.12
axi ]Z ayl axl- ( )

Defining the intermediate quantity (5]1. to represent the error in the j neuron in the

[ layer, backpropagation uses the chain rule of differentiation to compute the error
5]1 for each neuron which is then used to compute the gradient of the network’s cost
function C with respect to the network’s weights wf j given an arbitrary activation

function g as follows:

(I-1)

aa(l)
aC aC i () x x!

0= 30
i o

foralli,j,l. (2.13)
ow

The error in the output layer is defined as:
And the error in the layers is defined recursively as:

backpropagation

FIGURE 2.5: 5: An example backpropagation algorithm calculation.

Using the © Hadamard product symbol to indicate element-wise multiplication

and applying activation function g element-wise, the back-propagation algorithm
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can be summarized as follows:

Algorithm 2 The Backpropagation algorithm

Input: Vector of inputs x with a corresponding ground-truth label y

Input: Neural network model function f(x; W) parameterized by W
Input: Activation function g(-)

Input: Cost function C

Compute current prediction using forward propagation al’ = §; = f(x;; W)
Compute cost C(¥;,yi)

Compute error for each neuron in output layer 6% = V,.C © ¢ (z%)
Compute weight gradients in output layer V. C = §*alk—1)
foriinL—1,L—2,...,1do

R I AR~ o -

_‘
=

Compute error for each neuron in [*" layer §' = W8T © ¢/ (2!)

—_
—

Compute weight gradients for neurons in I*" layer V. C' = §'a’'~!

._.
r

return Weight gradients Vw C

2.2.5 Gradient Descent Optimization

Gradient descent is an iterative numerical optimization algorithm for finding the
local minimum of a function by taking steps in the function’s parameter space pro-
portional to the negative of the function’s gradient at the current point. Training
a neural network involves initializing its weights randomly and then iteratively
updating the weights using gradient descent on the network’s cost function using
gradients computed using backpropagation. As the neural network’s weights are
updated, its hidden units which are not part of the input or output come to encode
important feature transformations of the input that enable the network to more ac-
curately produce outputs [71]. In gradient descent, the gradient of the cost function
computed over the entire dataset. In practice a variant called Stochastic Gradi-
ent Descent (SGD) which samples subsets of the dataset to compute gradients and
tends to converge faster than gradient descent is more commonly used. The goal of
the SGD algorithm is to update the network’s parameters W to minimize the total
cost )i’ 1 C(7,y;) over the set of observation. It works by repeatedly sampling a ran-
dom training example and computing the gradient of the cost of the example with
respect to the parameters W (line 9). The network’s parameters are then updated in
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the opposite direction of the gradient by multiplying the gradient by the learning
rate 17 that controls the size of the steps taken during gradient descent. A training
epoch is defined as a set of SGD steps during which each training observation has
been used exactly once to compute gradients.

Algorithm 3 Stochastic Gradient Descent for Training a Neural Network

Input: Training dataset of n input/output pairs {(x1,y1),.. -, (Xn,¥n)}
Input: Neural network model function f(x; W) parameterized by W
Input: Cost function C'
Input: Learning rate 7
for epoch in 1,2, ... epochs do
Sample a single training dataset observation (x;, y;)
Compute current prediction using forward propagation y; = f(xj; W)
Compute the cost C(¥;,yi)
Compute gradients using backpropagation

Update parameters W* < W + 7 2C

oC
oW

Yo® N T2 N

< gradients of C(¥i,yi) wr.t W

_.
=

. return W*

—_
—

The gradient of a neural network’s parameters with respect to its cost function
computed from a single observation can be noisy so a common alternative to SGD
called minibatch SGD is often used. Minibatch SGD tends to produce smoother
gradient updates at each step by computing the cost function and gradients based
on a sample of m observations (m) is often referred to as the "batch size") rather than
a single datapoint as in SGD.

The non-linearities in a neural network cause the cost function to be non-convex
and therefore gradient descent with backpropagation is not guaranteed to find a
global minimum of the network’s cost function, only a local minimum which may
not be the overall lowest cost possible for the model. This issue caused by the non-
convexity of the cost function was long thought to be a major drawback of neural
networks but in practice it is not [44]. One explanation due to Dauphin et al. (2014)
for why local minima are not an issue is that in high dimensional space, stationary
points in the error surface are not local minima but saddle points since in high
dimensional space there is almost certainly at least one dimension in which the cost
surface can be reduced. It can be difficult for SGD as a first-order gradient descent
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Algorithm 4 Minibatch Stochastic Gradient Descent for Training a Neural Network

Input: Training dataset of n input/output pairs {(x1,¥y1),. ... (Xn,¥n)}
Input: Neural network model function f(x; W) parameterized by W
Input: Cost function C
Input: Learning rate 5
forepochin 1,2,...,epochs do
Sample a minibatch of m training dataset observations {(x1,y1), .-, (Xm:¥m)}

Initialize gradient for this minibatch g « 0
fori =1tomdo

Compute current prediction using forward propagation y; = f(x;; W)

—_
1=

Compute the cost C (¥, yi)

Update minibatch gradients using backpropagation g + g + + gg’,

—
—

aC

12: Update parameters W* <~ W + 5%

13: return W*

algorithm to escape these seeming local minima and as such several second-order

approaches have been proposed.

Drawbacks of Fully-connected DNNSs: Image classification

Fully-connected DNNSs are not well suited to classifying images directly from image
pixel data for 3 reasons:

* A single fully-connected layer with just 100 neurons connected to each colour
channel of each pixel in a 224 x 224 colour input image would have 1 500 520 800
trainable weight parameters which can cause computational challenges and
likely cause the model to overfit its training data.

* Fully connected networks ignore the spatial topology of image data with pix-
els tending to be correlated with nearby pixels to form salient features within

an image.

* Fully-connected networks have no invariance with respect to local distortions
or translations causing them to fail on classification problems outside of con-
trolled environments where objects out-of-sample often appear distorted or in
different parts of an image than they did in training data.
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In theory, due to the universal approximation theorem, a fully-connected net-
work of sufficient size could learn to produce outputs that are translation invariant
but this would require many units with identical weight patterns and an imprac-
tically large number of training examples to cover the space of possible variations
[45]. In practice, fully-connected DNNs applied to image classification tasks tend
to overfit the training data due to their large number of parameters and do not
generalize well out-of sample [46].

2.2.6 Convolutional Neural Networks

Convolutional neural networks (CNNSs) are a special class of networks that are used
mainly for data that has a grid-like structure. Images and time-series data are an
example of such data. There has been a great success in visual applications of Con-
volutional networks ever since they first surfaced in 1989. CNNs have become the
basic building block of most modern computer vision systems.

Convolutional networks use a type of linear operation called convolution in math-
ematics.

Convolution takes advantage of three important architectural ideas:

Local Receptive Fields

Each convolutional unit receives input from a set of units located in a small neigh-
bourhood of the previous layer, called the neuron’s receptive field, which enables it

to extract elementary local spatial features such as edges and corners.

Shared Weights

Each convolutional unit is scanned across the extent of the previous layer to com-
pute an output plane called a feature map (see Fig. 2.7). Since features that are
useful in one part of an image are likely to be useful across the entire image, each
convolutional unit is set to have identical weight vectors at each position that is
scanned. This weight sharing introduces translation invariance and significantly
reduces the number of trainable parameters in the network. A convolutional layer
is composed of several convolutional units each computing a feature map so that
different types of features are extracted at each location.
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Subsampling

After a feature is extracted, its exact location becomes less important. Subsampling
layers lower the resolution of preceding feature maps while ensuring discrimina-
tive features persist through the network. This lowers the network’s sensitivity to
distortions in its inputs. Successive alternating convolutional and subsampling lay-
ers are stacked to reduce the spatial resolution of the network and extract higher
level hierarchical features.

input output feature map

X(ﬂfl) X(n)

255 255 255 1 a1 -1 ++
169 164 180 ® |-1 8 1| = +++ = |i7e

output

0 19 0 -1 -1 -1 + Ed 19 B3 feature map
— S activation
3x3 3x3 value
input pixel convolutional PACY
receptive field kernel [2,12]
X(o-1) W

[1:3,11:13]

FIGURE 2.6: An example convolutional feature map computed by

scanning a 3 x 3 convolutional unit (highlighted in red) across a

16 x 16 pixel grayscale input image (left) to produce output feature

map (right). The calculation of the zoomed pixel highlighted in red on

the output is shown beneath the images. The bias weight is set to zero

and ReLU activation function is omitted for clarity. Black padding was
used at the border to produce a valid convolution. [63].

Convolutional Layers

A convolutional layer contains sets of filters, also called convolutional filters. Each
convolutional unit is scanned across its input using the same set of weights in each
position similar to a mathematical convolution operation, hence the name "con-

volutional layer". The first convolutional layer in a CNN scans across the input
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image but convolutional layers are usually stacked with later convolutional layers
scanning across the outputs of earlier convolutional and subsampling layers (for
example, see Fig. 2.7).

A mathematical convolution essentially computes an arbitrary-dimensional weighted
average with a weighting function being applied across the domain of an input
function to produce an output. Convolutions are commonly used in image process-
ing to produce filter effects, for example the 3 x 3 convolutional filter illustrated
in Fig. 2.7 - called an "outline filter" in image processing software [63] - highlights
edges in the input. In the image processing context, kernel weights are typically
hand-chosen to produce a desired effect but in CNN5s these kernel weights are ran-
domly initialized and then learned using backpropagation so that each convolu-
tional layer’s output feature maps contain discriminative feature transformations

that are useful for classification.

Forward Propagation Through a Convolutional Layer

Forward propagation through a convolutional layer proceeds as illustrated above
by scanning the convolutional kernel across each point in the input to compute a

feature map output.

Backpropagation Through a Convolutional Layer

Backpropagation through a convolutional layer is similar to backpropagation in
fullyconnected layers but takes into account the local weight sharing property of
convolution units so that gradients propagate through all weights in the kernel as

it is applied to each position of its input.

Subsampling Layers

Subsampling in a CNN refers to the loss of some position information between
layers as the input is transformed through the network, reducing the number of
parameters in the network while enabling it to learn higher level hierarchical fea-
tures. Subsampling layers follow convolutional layers in a CNN to increase the
effective receptive field of its feature maps and reduce the resolution of successive
convolutional layers, making the network more robust to shifts and distortions in
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the positions of objects in the input image [45]. This helps the network general-
ize better since objects may appear at different positions out-of-sample than were
present in the training data images.

A subsampling layer (also called a "pooling layer") is similar to a convolutional
layer in that it consists of several subsampling units that each slide a window func-
tion over its input. Unlike a convolutional layer, the outputs of a subsampling layer
have a lower dimensionality and the units in a subsampling layer typically do not
have any trainable parameters therefore all the subsampling units in a subsampling
layer are typically identical. Subsampling units typically use the same stride as win-
dow size so that they do not overlap.

Two common types of functions used in pooling layers, max pooling and average
pooling, use max and average window functions respectively. Average pooling
was the first subsampling operation used in CNNs [45] but max pooling is more
commonly used in modern CNNs [43] and typically outperforms average pooling
because averaging dilutes signal from previous layers [72].

_= W o =
N W o O
= o = =
N L W N

FIGURE 2.7: This example illustrates a max pooling operation with a
2 x 2 filter size and a window stride of 2 applied to a feature map to
reduce its resolution by a factor of 4.

Forward Propagation Through a Pooling Layer

Forward propagation through a pooling layer proceeds as illustrated in the example
above by applying the subsampling operation to each point in the input feature

map to compute an output feature map.

Backpropagation Through a Pooling Layer

In backpropagation, the backward pass for a max pooling unit only passes the gra-
dient to the input from the previous layer that had the maximum value in the filter
window from the forward pass [26]. Backpropagation through an average pooling
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unit averages the gradient in the subsequent layer into the corresponding inputs in
the pooled layer.

2.2.7 Generative Models

Generative models are a subset of unsupervised learning models where given train-
ing data, the goal is to generate new data from the same distribution. Fundamen-
tally, generative models try to address the problem of density estimation like other
unsupervised learning methods like clustering, feature learning, dimensionality re-
duction. In addition to learning the underlying hidden structure of the data, gen-
erative models go a step further by generating novel examples that resemble the

training data in someway.

Unlike supervised discriminative models where given any input data (X,Y)
where X is a feature set and Y a set of labels, the model learns a probability dis-
tribution p(y|x), generative models are a class of machine learning models where
given any input x the model learns p(x). This makes generative models and unsu-
pervised learning in general very special in that we can now move beyond mapping
features to labels to fundamentally understanding our world, its evolution and its
objects. This makes it possible to us to re-imagine our would, stimulate progress

and give birth to evolution in many areas of application.

Some examples of applications of generative models that are already shaping
our would include generating realistic samples for artwork, improving cybersecu-
rity [73], Video Prediction [82], text-to-image translation [70] and health care [6, 21,
74].

Generative models can be organised into explicit and implicit density estimation
models.

The goal of Explicit Density Estimation is to explicitly compute p(x) = f(x, W).

(N)

Given a dataset x(l), x(z), -+ ,x\" amodel is trained by solving:

W* = 1 @, w 2.14
argmvexzi: og f(x\", W), (2.14)

which will be the loss function trained with gradient descent. Implicit density es-
timation models are models that do not explicitly compute p(x), but can sample
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from p(x).

Examples of generative models that seek to compute an explicit density func-
tion include autoregressive models and variational autoencoders. Autoregressive
models compute a tractable density while variational autoencoders can compute an

approximation of p(x).

Explicit tractable density estimation: Autoregressive

Autoregressive models are derived from the probability chain rule. Assuming x
consists of multiple sub-parts: x = (x1,xp,--+,x7), the probability of x, p(x) is
defined by:

T
p(x) = [p(xelxr, x0,--+ , x01). (2.15)
=1

This means if we minimize

T
—logp(x) = — Z%log p(xelx1, x2, -, xi-1). (2.16)
=
by training a recurrent neural network we can directly maximize the likelihood of
the input (x and model p(x¢|x1.11).
Autoregressive models are very impressive density estimators but, the input data
is required to be broken down into an ordered list of sub-components. This works
well for certain data types like audio and text and not so well for images and other
data types where the order of the sub-components of an input is not clear. This can
have an impact on how well the model performs based on the network architecture
chosen. In addition, given that sampling with autoregressive models is a step-by-
step process where the probability of a component is dependent on the probabili-
ties of all the previous components, this can be extremely slow on high dimensional
data.
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Explicit approximate density estimation: Variational autoencoders

Variational Autoencoders (VAE) define an intractable density that we cannot ex-
plicitly compute or optimize but we will be able to directly optimize a lower bound
on the density. VAEs are derived from another type of generative model called Au-
toencoders. An autoencoder is an unsupervised method for learning feature vectors
from input data x, without any labels. An autoencoder consists of two neural net-
works f(x) and g(z), usually called an encoder and a decoder. An encoder inputs
raw data x and outputs a feature vector z, which the decoder takes in as input and
outputs a reconstruction of the input data X as shown in the diagram in Fig. 2.8.
The Feature vector g(z) needs to be lower dimensional than the data. To extract
these feature representations z of the data without any help from labels, the func-
tions f and g are trained to minimize the difference between the input data x and

the reconstructed data X by minimizing the loss given by: ||x — £||3.

Input data Encoder Features Decoder  Reconstructed
input data
x F(x) z 4(z) x

FIGURE 2.8: Autoencoders illustrative diagram

As generative models, autoencoders can only reconstruct input data. For other
uses, the encoder part of the autoencoder is sometimes used as an initial feature
extractor to initialize a supervised model. This is as far as they go, since they are
not probabilistic, there is no way to sample new data from the learned model. To
solve for this, Variational Autoencoders are a probabilistic modification of autoen-
coders: they can learn latent features z from raw data and sample from the model
to generate new data.

Variational Autoencoders seek to maximise the likelihood p(x) of the training

data x given by:
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p(x) = / po(2)po(x|2) dz, 2.17)

but this is intractable for every z, since we only have specific z vectors that only
relate to the input data. A solution for this is to learn the distribution of z given
input data x: p(z|x) given by:

p(zlx) = po(x|z)pe(2)/po(x), (2.18)

but, even this density is intractable. To solve for this problem, instead of trying to
maximize p(z | x) directly, it is approximated by defining a lower bound g4(z|x).

As a result, a Variational Autoencoder model is made up of two probabilistic
networks: an encoder q4(z|x) which takes input data and outputs a mean ., and
(diagonal) covariance ), and a decoder pg(x|z) which takes the vector z as input
and outputs a mean y,, and (diagonal) covariance },,. See illustrative diagram in
Fig. 2.9

Probabilistic Encoder Probabilistic Decoder
Mean Mean
Mw I"xﬁ
q(zIx) z p(x]z) X
Ez,x Zﬂz
covariant covariant
Input data Sample z|x from Sample x|z from
leNN(»uzl:mEzl:r) fL'lZ NN(U:zlzuzr\z)

FIGURE 2.9: Variational Autoencoders illustrative diagram

VAEs are trained by maximizing the a loss function given by:
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£(x,6,¢) = E:[logpe(x"|2)] — Dxr(q4(21x") |lpe(2))], (2.19)

The first term, forces the generated samples to be as close as possible to the in-
put data while the second term forces the learned distribution of z|x to be as close
as possible to the prior py(z), which is generally assumed to be a Gaussian distri-

bution.

VAE:s provide a principled approach to generative networks and enable infer-
ence of g(z|x), which can be useful in feature representation. However given that
it maximizes a lower bound of the likelihood function, evaluation is not as good as
autoregressive models. Another drawback of VAEs, is that samples are generally
more foggy and of poor quality when compared to the latest Generative Adversarial
Networks. Ongoing research include more versatile approximations. For example,
instead of a diagonal Gaussian have a richer approximation of the posterior and
have better structured latent variables.

It turns out we need not to explicitly model density, in order to sample from it. The

next section will expand on this.

Implicit density estimation models: Generative Adversarial Networks (GANs)

GANs don’t work with any explicit density function. Instead, they take a game-
theoretic approach of learning to generate from the training distribution through a
two-player game [27]. Suppose we wish to sample from a complex, high-dimensional
training distribution. There is currently no direct way to do this. GANs help us
solve this problem by first sampling from a simple distribution, e.g. random noise
and then learn a transformation to the training distribution which is usually very
complex. This complex transformation is represented by a neural network. A basic
GAN is made up of two neural networks famously referred to as the Generator net-
work(G) and the Discriminator network(D). During training the Generator network
tries to fool the discriminator by generating real-looking images that are similar to
images from the training set and the Discriminator network tries to differentiate
between real and generated images. See illustrative diagram in Fig. 2.10.

G and D are trained together in an alternating procedure to minimize and max-
imize the loss function given by Equation (2.20).
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Real or Fake

t

' Discriminator Network

Fake Images
(from generator)g

S

{ Generator Network ‘

¢

Random noise [ z ‘

FIGURE 2.10: GAN training process illustration.

min max|Exp,,,,[0gDg,(x) + E._,(z)log(1 — Dg,(Gp,(2)))] (2.20)

0, 6y

The discriminator outputs a likelihood of its input being real (i.e a value between
0 and 1). The output of the Discriminator for real data x is denoted by Dy, (x) while
output for generated fake data G(z) is denoted by Dy, (G, (2)).

The Discriminator Dy, seeks to maximize the objective function so that Dg, (x)
approximates to 1 (real) and Dy, (Gy,(z)) approximates to 0 (not real/synthetic). In
contrast, the Generator network Gy, seeks to minimize the loss so that Dy, (G, (z))
approximates to 1 (thus fooling the discriminator into identifying the synthesized
data G(z) as real).

In order to train, we alternate between gradient ascent on the discriminator:
max(Ex-~p,,, 108 Do, (x) + Ep(2)l08 (1 — Do, (Go, (2)))] (2.21)
d
and gradient descent on the generator:

I’%in]EZNp(z)lOg(l - ng(Ggg (Z))) (222)
g

However, in practice, optimizing this generator objective does not work well.



30

The gradient of the function log(1 — Dy,(Gg,(2))) is very low when the generator
still needs more training (when Dy, (G, (z)) is near 0) and has a very high gradient
when the generated samples are good i.e. when Dy, (G, (z)) is near 1. This slows
down training when we need it the most and speeds up training when we should
be slowing down. Therefore, as standard in practice, instead of minimizing the
likelihood of discriminator being correct, we maximize likelihood of the discrim-
inator being wrong. This is still the same objective of tricking the discriminator,
but with a higher gradient signal for bad samples which is more efficient. Hence,
in practice, to train the two networks we alternate between gradient ascent on the

discriminator:
Max|Ex~py, 0§D (¥) + Bz p()10g (1 — Dp, (Ge, (2)))], (2.23)
d
and gradient ascent on the generator:

rrbax IEZNp(z)lOg(DGd(GGg (Z))) (2.24)
8

Finally after training, the generator network is used to generate new samples.
GANSs have been further used in super resolution, human pose approximation,
age estimation and 3D object reconstruction. Deep neural networks have shown
great success in discriminative classification tasks in domains with big annotated
data sets. An example of this is the ImageNet dataset which is made-up of over IM
images [43]. For many tasks, the quantity of annotated data available is not enough
to train the millions of parameters that are often in these deep neural networks. It
has however been discovered that information carried in a model trained on a big
dataset can be used for other computer vision tasks. This can be done by making
use of these models as ready-made feature extractors or by fitting them to other do-
mains through fine-tuning. The pre-trained model is made to initialise the weights
for new tasks. These weights can then be fine-tuned with the training images from

the target domain.

In the past few years we have seen that training a new model using a pre-trained

model or pre-trained weights requires much lesser images. GANs are generally
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trained from the beginning. Transfer learning is commonly applied to classifica-
tion models and not used often for GANs. Like classification models, the number
of parameters in GANs is enormous. Take the popular DC-GAN model [64] for in-
stance, it takes 36 million parameters to produce an image of 64 X 64 pixels. In areas
that lack sufficient training images, making use of pretrained GANs could make the
quality of generated images better.

GANSs were brought about by Goodfellow et.al. in the year 2014 [27], the origi-
nal model that was introduced is made up of fully connected layers in a sequence
which limits it to simple datasets. In the production of real images of higher com-
plexity, convolutional architectures have been seen to be more fitted. Soon after
the first paper on GANs, Deep Convolution GANs (DC-GANs) became the base
GAN built for image production problems [64]. Within the DC-GAN, the generator
up-samples input features in series through fractionally strided convolutions. The
discriminator makes use of normal convolutions to categorise input images. Re-
cently, some work has been done on multi-scale architectures showing how they
can effectively produce high resolution images [17, 89, 40]. We have also seen that
ensembles can be used to better the quality of generated distributions [83].

There are some challenges associated with GANs in-line with their training.
These challenges include convergence properties, model collapse or stability issues.
The original GAN loss [27] is unable to work with unsuitable distributions, for ex-
ample those with disjoint supports, regularly seen when training a GAN [52]. These
challenges have been addressed by making use of the Wassertain GAN [53]. The
Wassertain GAN uses the Wassertain distance as a loss yet needing the generator
to be 1-Lipschitz. A more stable solution is adding a gradient penalty term to the
Wassertain GAN loss [29].

There are also conditional GANs (cGANSs) [54] which use certain features as a
prior to train conditional generative models. These conditions could be text [67, 89,
70], class labels [61, 62, 28], another image, for example in the case of style transfer
[19] or image translation [41, 91].
cGAN s often apply their condition in both the generator and the discriminator by
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combining it to the input of layers. It is either combined with the random vec-
tor on the first layer or combined with learned attributes in the later layers. There
are other conditional GANs that do not have this common design. For example,
there are GANs in which the conditioning is incorporated in the batch normaliza-
tion layer [19]. The AC-GAN [61] has an interesting design in that it allows for the
reconstruction of the class-conditional information by adding an auxiliary decoder
to the discriminator. In the same fashion, InfoGAN [11] reconstructs a part of the
latent vectors from which the samples are produced. Another variation of a GAN
discriminator has been brought forward where the projection layer uses the dot

product of the conditional information and the output in between layers to calcu-
late loss [55].

In the following chapter we see how generative models have been used for fash-
ion use cases.
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Chapter 3

Generative Models and Datasets for

Fashion

Here we provide an overview of the current literature in Generative Models for
Fashion and discuss some existing fashion datasets. We motivate our research by
highlighting existing gaps in the literature and introduce the Seshweshwe fashion
dataset as our contribution towards cultural representation in generative works.
In this chapter we also discuss ethical considerations in relations to algorithmic
cultural appropriation and make a recommendation for preventative measures and

responsible use of cultural fashion datasets.

3.1 Generative Models for Fashion Synthesis

Generative models have been used as a tool to solve important problems in the on-
line shopping fashion industry. For example, a virtual try-on network (VITON) [32,
18] can transfer an image of a clothing item to an image of a person wearing the
item; pose transfer generative model [93] which can have rich applications in the
e-commerce industry.

Generative models have also been used in interesting fashion communication ap-
plications like the Fashion++ [34] which makes visual changes to a given outfit to
improve its overall fashionability. However, this model’s notion of fashionability
does not have diverse cultural contexts. A cultural clothing item can be changed
and presented in an inappropriate manner that strips off its cultural significance.
Generative models have also been used as a tool in fashion and style generation.
These advancements in generative networks have tremendous potential to provide
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fashion designers with instruments to easily re-imagine and scale their design gen-
eration. For example, GANs have been used to synthesize high-resolution images
without input text specifications [70]. They have also been used to produce syn-
thetic images that look real relying only on text specifications using a large Fashion
dataset of 260,480 high-quality images as training data [70, 92]. However, not all
fashion domains have large datasets of high-resolution for training, it would still
be very challenging to generate high-quality images in such cases.

Style transfer algorithms have been used for generating fast fashion [66] and per-
sonalised fashion [24, 38]. Personalised clothing has been generated based on a
user’s fashion taste by discovering the user’s style from their existing clothing. This
approach limits fashion creation to the user’s past decisions and does not allow for
evolution in style and keeping up with current fashion trends.

Although recent breakthroughs in generative modeling can be used to produce im-
ages of unparalleled realism, in our knowledge there is currently no published work

on African fashion generation.

3.2 Fashion Datasets

In this section we give an overview of some existing fashion datasets, identify some
gaps and also introduce the Seshweshwe dataset as an exemplary contribution to-

wards filling existing gaps in machine learning fashion datasets.

3.2.1 Existing Fashion Datasets

There are multiple fashion datasets that are created either in generative fashion or
in fashion image retrieval. Fashion-Gen [70] is a dataset on text to image transla-
tion, helpful for generating fashion designs from descriptions. Fashion-IQ [30] is a
dataset for natural language based image retrieval systems. DeepFashion [47] is a
large scale dataset with fine-grained annotation helpful for a variety of tasks related
to fashion. Geostyle [51] is a fashion dataset that was used to try to model fashion
migration and influence in some parts of the world [4]. In all these fashion datasets,
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the origins of the fashion items are not given, and they mainly consist of the west-
ern clothing styles.

In the following section we introduce the first dataset that considers African
fashion, in particular, we present the curation process of a fashion dataset repre-

senting different designs of Southern African modern Seshweshwe fashion dresses.

3.2.2 Seshweshwe Dataset

The dataset is made up of images of modern African fashion items and correspond-
ing sketches split into train and test subsets. The fashion items, most of which are
dresses, are made of the popular Seshweshwe fabric.

FIGURE 3.1: Examples of paired images in the Seshweshwe dataset.

Data Collection

We collected photographs of Seshweshwe dresses from an image search engine
called Google Images' where the resulting photos are from social media websites,
forums, weblogs, and other materials created by users. The query keywords We

1https: / /www.google.com/imghp
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used are ‘se-Shweshwe dresses’, ‘Batswana traditional dresses’ and "Basotho tradi-
tional dress’. We fed these query keywords to Google Images, and downloaded
the returned photographs. A total of 640 photographs with noisy background were
obtained from Google Images.

Data Cleaning

To clean the dataset, we identified and removed duplicates, removed unusable im-
ages of low resolution or irrelevant objects. A total of 500 se-Shweshwe clothing

images of varying designs were retained to make up the se-Shweshwe dataset.

Models trained on images with noisy background generated poor quality im-
ages. While reliance on background in classification tasks is still an open problem
[84], we have seen that a standardized background on images can significantly con-
tribute to the quality of output images, particularly for translation tasks [70]. This
motivated the removal of the noisy background in our images.

To remove background from images we made use of online background remov-
ing tools>® with some human interaction for visual analysis and making manual

corrections.

Creating Sketches

A sketch is a series of lines that roughly imitate the borders and inner textures of
an object. Sketches are traditionally drawn by humans using a pencil, pen, crayons,
digital tools etc. Human made sketches take a lot of time to make and are generally

costly.

To train our model to translate a sketch of a dress to an image of a Shweshwe
dress we needed a dataset of paired images and sketches. This means we needed
to ask a human sketch artist to draw a corresponding sketch for each of the 500 im-
ages we had collected. This was not practical given our limited and the high cost of

commissioning an artist.

Zhttps:/ /www.remove.bg /
3https: / /removal.ai/
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To create a dataset of paired sketches and dress images, we used an off-the-shelf
method that converts images to pencil sketches*. This is done by first converting
the original BGR image to gray scale, inverting the gray scale image, followed by
blurring it, then inverting the blurred image, finally, dividing the gray scale image
by the inverted blurred image to get the pencil sketch image.

At the end of this process we retained 500 sketches and 500 corresponding images.
These two sets were divided into subsets of 400 elements for training and 100 ele-

ments for testing in a paired manner.

In the following section we discuss existing problematic practices in the non-Al
fashion industry. We argue that without proper use, the use of generative models
on cultural fashion data will exacerbate these problematic practices. Therefore, we
also propose practical guidelines towards responsible and proper use of cultural
fashion datasets.

3.3 Ethical Considerations in Generative Fashion

Generative models could have a positive impact on society in general by helping
with cultural and identity representations. Aljowaysir, in Salaf®, uses StyleGAN to
reveal the political and social aspects of her past generations that are missed from
the collective memory. Jake Elwes, by “Zizi and Me"®, relying on DeepFake, ad-
dresses challenges and discriminations against Queers and drag artists.

Seshweshwe inspired fashion generation also represents a significant part of South-
ern African cultures, to broader communities. However, using generative models
for representing cultures in the context of fashion, adds a layer of complexity to a
well-known problem in the non-Al fashion industry, known as cultural appropria-

tion.

4https://www.youtube . com/watch?v=vS2ubdiAXvgkt=11s
Shttp://www.aiartonline.com/highlights-2020/nouf-aljowaysir/
®https://www.jakeelwes.com/project-zizi-and-me.html


https://www.youtube.com/watch?v=vS2ubdiAXvg&t=11s
http://www.aiartonline.com/highlights-2020/nouf-aljowaysir/
https://www.jakeelwes.com/project-zizi-and-me.html
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Defining cultural appropriation: = Culture is defined as something that a group
of people share that is characterised by shared ideologies, practices and way of
life. Culture is often rooted on ethnicity, religion, geography, or social environment.
Appropriation is taking for one’s own use something that which belongs to others
without permission or acknowledgement. Appropriation can be seen as social pla-
giarism.

Putting the two terms together, cultural appropriation is adopting elements of a
culture without acknowledging their origins. Cultural appropriation involves a
lack of understanding of or appreciation for the historical context of the said cul-
tural elements. As such, cultural appropriation often results in cultural elements
being adapted out of context, or re-purposed by members of another culture or
identity. [86, 80]. The harm can be amplified, when members of a dominant cul-
ture appropriate from disadvantaged minority cultures or historically oppressed or
marginalized groups [87].

3.3.1 Cultural appropriation in non-Al fashion industry.

The fashion industry (non-Al) has a long history of appropriating cultural elements.
There has been a lot of reported cases of different fashion houses repeatedly taking
elements of cultures and decontextualizing them, stripping them of their cultural
significance and misrepresenting them as their own new trendy fashion for their
own financial gain and aesthetic indulgence.

Traditional designs are an art that transcend aesthetics, they often carry a lot of
historic information, symbolism and significance. Take for example the case of the
basotho blankets:

A variety of blankets are used by the Sotho and South African people in im-
portant initiation events. An example is the Moholobela blanket that is used to
symbolise fertility when boys transition into men. After this initiation from boys to
men, the now men will put on a different blanket called Lekhokolo as an assertion
of them being men. For the women, a motlotlehi blanket is worn on the day of their
marriage ceremony. Further upon the birth of a woman’s first child, she is given a
Serope blanket. There is also blankets that are used by the King and his chiefs and
it is called Seana Marena which means Chief’s blanket. This blanket has the highest
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rank of all the Basotho blankets.”.

A French fashion house and luxury goods company, Louis Vuitton in their recent
2017 menswear collection turned the basotho blanket into a fashion trend for men®.
Normally these basotho blankets retail for R500 ($35) on average, while Louis Vuit-

ton sells them for R33, 000 ($2317).

This case of the basotho blanket is not exceptional and was certainly not the first.
Amongst the earlier cases, a traditional Romanian blouse was misappropriated by
French fashion designer, Yves Saint Laurent in his 1981 haute couture Fall-Winter
collection [36]. The 1981 collection sparked a widespread interest and unleashed
a trend of further appropriations of the blouse. Today this Romanian blouse has a
very common presence in the fashion industry with anonymous origins. "I argue
that Saint Laurent’s appropriation of the Romanian blouse inadvertently set off a
series of misappropriations. As the original cultural context became fused and con-
fused with nations of loosely defined Eastern Europe or Russian “peasant blouses,”
the Romanian blouse became hybridized, and its cultural context once again be-

came historically erased"[36].

Amongst many other recent cases, Louis Vuitton misappropriated the Shuka
cloth traditionally worn by the Masai community in East Africa. In the year 2018
South African cultural sustainability fashion designer Laduma Ngxokolo battled
cultural appropriation in a legal dispute with a Spanish fast-fashion retailer Zara
where Zara introduced socks that featured a design similar to that of Ngxokolo’s
signature designs, representing the cultural bead-works by the Xhosa community
in South Africa’.

What makes cultural appropriation problematic in most cases is that cultural el-
ements are often presented in a manner that strips off their cultural significance and
meaning, and this can be specifically amplified using automated algorithms such
as generative models.

“Textile craftsmanship is part of cultural heritage and has been an important ele-
ment in building cultural identities. This is reflected in the traditional garments of

The history of the basotho traditional-blanket
8Louis Vuitton’s appropriation of the basotho traditional blanket
9How Laduma Ngxokolo battled cultural appropriation


https://web.archive.org/web/20170603184100/http://maliba-lodge.com/blanketwrap/2010/lesotho-stories/the-history-of-the-basotho-traditional-blanket/
https://lesotho-blanketwrap.com/2017/lesotho-clothing-and-fashion/louis-vuittons-latest-basotho-blanket-inspired-range/
https://www.forbes.com/sites/declaneytan/2019/01/31/how-laduma-ngxokolo-battled-cultural-appropriation-and-is-building-an-african-luxury-heritage-brand/?sh=673db88b35e6
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different communities and indigenous people worldwide.” '
With this understanding that cultural textile craftsmanship is very closely tied with
cultural identity, misrepresentation of cultural elements harms the sustainability of
that culture and thus robbing future generations of the capacity of understanding
and living the meanings and values of their heritage'’.

3.3.2 Algorithmic Cultural Appropriation and Prevention

With the long history of cultural appropriation and economic exploitation in the
fashion industry, the ease of use of off the shelf generative models and the magni-
tude of data that is easily available on the internet will only exacerbate the problem.
For example, a cultural clothing item can be taken and used in an inappropriate
way using style transfers or generative models. How can we prevent this algorith-
mic cultural appropriation?

One of our contributions in this work is to make a first step towards cultural rep-
resentation in fashion Al research. Working with Seshweshwe fashion generation
brings a significant and important question. Where does the boundary of algorith-

mic cultural appropriation and representation(or appreciation) sit?

How can an artist draw an inspiration and depict a cultural other? In words
of Helen Fang'?, an artist can still tell a story through informed ways that do not
limit creativity. She also adds that appreciation and representation have to come
from a respectful intent, with a thorough consideration of impact and awareness
of contextual complexities such as commercialization, power dynamic and cultural

sustainability.

Given the rate at which algorithms can quickly generate designs when com-
pared to non-digital ways of creating designs and the scale at which this can be

Ohttps://www.culturalintellectualproperty.com/cultural-sustainability-in-fashion

Hhttps://wuw.youtube . com/watch?v=twHCsVPupXo, Monica Bota-Moisin, founder of Cultural
Intelectual Property Rights initiative, which influenced a lot of our thinking about the concept of
cultural sustainability in generative fashion. More of her work can be found here: https://www.
culturalintellectualproperty.com/library

2https://www.youtube. com/watch?v=4wY533pfPis


https://www.culturalintellectualproperty.com/cultural-sustainability-in-fashion
https://www.youtube.com/watch?v=twHCsVPupXo
https://www.culturalintellectualproperty.com/library
https://www.culturalintellectualproperty.com/library
https://www.youtube.com/watch?v=4wY5S3pfPis
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achieved, algorithmic fashion designers are in a position of power and advantage.
This power and privilege comes with great responsibility.
Use of cultural elements for fashion generation should be regulated. Our rec-

ommendation for preventing algorithmic cultural appropriation is as follows:

* Present the origins, history and cultural significance of the fashion items you

generate and train models with.

e The cultural fashion items should be adopted within the same context that is

meant to be used.

* Make it part of their economic activity: In fashion design there is often a fi-
nancial aspect, we should make sure that people who are part of that culture
are the main beneficiaries of proceeds from the sale of any of their cultural

elements.

* In cases where consent was not given, the dataset used for research purposes

should not be released or distributed.

By mentioning the origins and history of cultural fashion items one would be
celebrating and appreciating the said culture and contributing to cultural sustain-
ability. Proper adoption will ensure that cultural elements do not lose their cultural

significance and future generations can still inherit their culture.

3.3.3 The use of Seshweshwe fashion dataset

The images of the dataset, are obtained from an image search engine'®

using spe-
cific keywords.

This dataset and application are formed to introduce and represent the cultural as-
pects of the Seshweshwe fabrics and fashion. We contribute towards cultural sus-
tainability by presenting the history and origins of the Seshweshwe fabric and also
did not use it out of its cultural context. Our application also introduces a relatively
affordable design method for the benefit of the informal cultural fashion sector.
The use of this dataset in this work also serves as a case study for introducing the
concept of algorithmic cultural appropriation, potential harms and how we can pre-

vent it from happening. We don’t intend to release the current version of the dataset

13Google Images https:/ /www.google.com/imghp
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for ethical considerations related to the release of the dataset and how it was col-
lected. In addition to this, all human faces were removed from each of the images

used.

Now that we have reflected on some potential harms that might come as a re-
sult of misusing a cultural fashion dataset and have proposed some responsible and
proper ways of practice when dealing with a cultural fashion dataset, we proceed
to present the generative aspect of our work.



43

Chapter 4

Sketch to Image Translation with
Sesheshwe Dataset

To generate African fashion images from line drawings we adopt image-to-image
translation techniques Pix2pix [37]. In this chapter we describe this method in de-
tail. We discuss the architectures, objective functions, model evaluation metrics and

other relevant training details. Lastly, we present and discuss results.

Image-to-image translation is a transformation of an image from one domain to
another. As defined in [37]. Similar to language translation, image-to-image trans-
lation is the task of changing the representation of a scene in an image to another
possible representation in a different domain.

The Pix2pix GAN methodology enables automated translation with the require-
ment of paired instances of images. The images from a source and target domain
have to resemble the same scene in each instance. For example, daytime pho-
tographs and night-time photograph of the same scene make up a good pair, black
and white images and colourised images of the same scene also make a good pair.
The idea is that the overall scene should be common although the textures can come

from different domains.

In the following sections we describe the Pix2pix architecture and give details

of the objective function.
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4.1 Pix2pix Architecture

Pix2Pix GAN is made up of a generator network and a discriminator network much
as a regular GAN would. The generator model is presented with an input image
(from the source domain X) and produces a transformed form of the input image.
The discriminator model is presented with an input image A joined with a real im-
age Y (from the target domain) or a predicted image Y’ (produced by the generator
model ) and must decide if the joined pair is real or false. This relation is further
illustrated in Fig. 4.1. Ultimately, the generator model is learned simultaneously to
trick the discriminator model and to reduce the loss between the predicted image
and the target image.

Hence, the Pix2Pix model must be learned on datasets that consist of a paired source

domain and target domain.

Input
Image

Concatenation
Generator
Input Target

Image
Concatenation Image

Discriminator

Discriminator

v

Fake Pair Real Pair ‘

FIGURE 4.1: A summary of the Pix2pix GAN architecture [91].

The Pix2Pix model architecture consists of a detailed configuration of the gener-
ator network, the discriminator network, an objective function and an optimization
technique. The usual Convolution-Batch Normalization-ReLU [35] layers form part
of the building blocks of the generator and discriminator networks. Detailed layer
specifications are given in Section 4.4. In the following subsections we look care-

fully at the two model architectures and the objective function used to refine the
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parameters of the model.

In the following section we give details of the generator architecture.

4.1.1 Generator Architecture

For the generator, instead of the famous encoder-decoder architecture, the Pix2pix
GAN uses the U-Net architecture [68], which was originally designed for biomed-
ical image segmentation. There are two parts to this architecture. The first is the
contraction famously known as the encoder. The encoder is just a conventional
stack of layers of convolution and max pooling operations. This part of the archi-
tecture helps the model extract the context of the image, that is to identify "WHAT"
is on the image. Up to this point a lot of information about "WHERE" the object is
located on the image is lost.

The second part is the expansion symmetric to the contraction and is famously
known as the decoder. The decoder consists of transposed convolutions which help
with the construction of the new image. There are skip connections between the
encoder and decoder which allow accurate localization. Thus aiming to restore in-

formation about "WHERE" the object is located on the image.

To archive this restoration of information the inputs of the transposed convolu-
tion operations are concatenated with feature maps from the encoder. More Specif-
ically, every layer j of the network is concatenated with layer n — j on the decoder
part of the architecture, with n being the total number of layers. This creates skip
connections between the encoder and decoder which enables localization informa-

tion sharing.

These skip connections are very important to this research. The aim was to trans-
late a sketch of a Shweshwe dress into an image of the same dress design. This
means we needed the design of the dress to stay the same while transforming the

appearance from a sketch to an image. Figure 4.2 below shows an illustrative U-net
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architecture.

- Convolution, Max Pooling
wgp Transposed Convolution
= Copy and concatenate

Skip Connections

Y

!

Contraction (Encoder) Expansion (Decoder)

FIGURE 4.2: An illustrative U-net architecture.

Next, we discuss the discriminator architecture.

4.1.2 Discriminator Architecture

The Pix2Pix model uses a PatchGAN for its discriminator model. Instead of classi-
tying the whole input image as real or fake, the PatchGAN is a deep convolutional
neural network model used to classify patches of an input image as real or fake. The
output of regular GAN discriminator is one number between 0 and 1. The Patch-
GAN outputs a 2-dimensional array (a matrix) of numbers of values between 0 and
1 (see Fig. 4.3).

Each element on the matrix represents a specific area on the input image, that
is smaller than the image size hence the name patch, if the input image is of size
N x N the patch is set to size M x M where M < N.
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FIGURE 4.3: An illustrative PatchGAN architecture’

This 2D array is then averaged into a single value to get a fake or real prediction for
the whole input image. These patch-by-patch independent predictions play a very
critical role in helping the generator to capture the textures that are present in the

input images.

In the following section we discuss the Pix2pix GAN Objective function.

4.2 The Pix2pix GAN Objective function

The discriminator network is trained separately to distinguish the generated im-
ages from the authentic ones. The discriminator loss is the same as the standard
conditional adversarial loss which minimizes the negative log probability of the
difference between the generated image and the authentic target images. Given
two domains X and Y where X is the source domain and Y the target domain, we
denote the discriminator and generator by D and G respectively. Then, the adver-

sarial loss is given by

Kecan(G, D) = By y[logD(x,y)] + Ex[log(1 — D(x, G(x))] 41)
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The discriminator model has fewer parameters when compared to the generator
thus it learns much faster than the generator. As a result, the discriminator is slowed
down by multiplying its loss by 0.5, L.can(G, D) = 0.5 % K.gan (G, D). The adver-
sarial loss from the discriminator and the L1 loss (mean absolute pixel difference)
between the generated image and the target image, are summed up together to
update the generator network. The adversarial loss directs the generator towards
generating images that are likely to come from the target domain, while the L1 loss
helps to restrict the generator to an output that resembles a specific image in the

target domain.

£11(G) = Exy[lly — G(x)] 1] 42)

Overall, the objective function is given by:
LY = argm&nmgx Lecan(G,D)+ AL (G) 4.3)

Where A controls the relative importance of the L1 loss.

4.3 Evaluation Metrics

To measure the quality of images produced we made use of the Frechet Inception
Distance (FID) [33]. The FID is a measure generally used to assess the quality of pro-
duced data. It has been developed especially to assess the performance of GANS.
For this experiment FID measure has been used to calculate the distance between
the original and regenerated data. The lower the FID score is, the better the gener-
ated images are. In a case where two sets of images are the same, the FID score is
expected to be zero.

The FID score uses the inception v3 model [78], a convolution neural network
used in image recognition. The FID makes use of the last pooling layer prior to the
output classification of images of Inception Net [77] to compare low-dimensional,
learned continuous vector representations of the real and the generated data. The
FID views these vector representations as a continuous multivariate normal distri-

butions. The mean and the co-variance are estimated for both the synthesised data
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and the target data. Then, the Frechet distance between these two distributions is
computed as [33]

distance = ||pus — pus||* + Tr(Cs + Ct — 2 - /Cs - Cy) (4.4)

Where s and p; are the means of the said vector representations from the target
data distribution and the synthesised distribution, Cs and C; are corresponding co-

variance matrices.

In the following section we present our experimental setup which provides spe-
cific information about the libraries used, data prepossessing techniques, detailed
layer specifications for each of our models and the optimization strategies used.

4.4 Experimental Setup

All computations carried out in this work were carried out with the python pro-
gramming language. The neural network models were implemented using the Ten-
sorFlow [1] library with Keras [12] which uses automatic differentiation to enable
the user to define a neural network model as a computational graph and have back-

propagation computed automatically.

Given the very small size of our data, to improve our model performance we
increased the variety of the training data by resizing the training images to bigger
height and width of size 286 x 286 then randomly cropped them to the target size
of 256 x 256. We also applied random horizontal flipping, random £15 degree ro-
tations and added salt-pepper noise.

The testing images were only resized to the target size of 256 x 256. Finally both
training and testing images were normalized to the range [—1, 1] before being fed
into the models.

Next, we detail layer specifications for each of our models.
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4.4.1 Network architectures

We adopt network architectures from [37]. Let Kj be a Convolution-BatchNorm-
ReLU layer where j is the number of kernels. KDj represents a Convolution-BatchNorm-
Dropout-ReLU layer where the dropout rate is varied between 30% and 60%. Here
all convolution operations are applied with stride 2 and kernels of size 4 x 4 unless
stated otherwise. Convolutions in the encoder, and in the discriminator, downsam-

ple by a factor of 2 and in the decoder they upsample by a factor of 2.

Generator architecture

The U-Net encoder-decoder architecture consists of:

encoder:

K64 — K128 — K256 — K512 — K512 — K512 — K512 — K512
decoder:

KD512 — KD1024 — KD1024 — K1024 — K1024 — K512 — K256

Following the last layer of a decoder is a convolution operation which maps to 3
channels and lastly a tanh function. As a slight deviation from the notation above,
for the first K64 layer we do not apply Batch-Norm. The encoder has leaky ReLUs
with a slope of 0.2 and the decoder has ReLUs that are not leaky (slop of zero)

Discriminator architecture

The 70 x 70 discriminator architecture is: K64-K128-K256-K512

Following the last layer is a convolution operation which maps to a single value
and lastly a Sigmoid function. As a slight deviation from the notation above, for
the first K64 layer we do not apply Batch-Norm. We use leaky ReLUs with a slope
of 0.2 in every instance of ReLus on the network. To modify the receptive field size
for other discriminators we keep the basic architecture the same and vary the depth
of the network:

1 x 1 discriminator:
K64 — K128 (note, in this special case, all convolutions were 1 x 1 spatial filters)
15 x 15 discriminator:
K64-K128
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140 x 140 discriminator:
K64-K128-K256-K512-K512

In this final section of the chapter we present our model outputs and measure

their quality under different circumstances.

4.5 Results and Discussion

In this section, we present and discuss key results of the generative aspect of our
work. This section serves to demonstrate an example use case for our seShweshwe
dataset that we introduced in section 3.2.2. We report the FID scores of the test set
and output images generated through the Pix2pixGAN methodology trained on
our seShweshwe dataset.

4.5.1 Results

Figure 4.4 shows the visual results of our efforts in exploring the problem of gener-
ating African inspired fashion from sketches using a small dataset. We found that
when customised well, Pix2pixGAN produced near realistic looking images even
though it was trained on only 400 images. The model worked very well in the task
of translating the structure and texture of the input images. The choice of learn-
ing rate, batch size, loss, receptive field size of the discriminator and number of
discriminator steps for each generator step had a significant impact on the perfor-
mance of the model.

Even though the model worked exceptionally well in producing outputs that re-
semble the general structure and texture of the input images, the colourization does
need improvement. In sparse regions of the image there tends to be some color

spillovers.
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Input

Predicted

Targeted

FIGURE 4.4: Example Pix2pix results. Each column set of images
shows an input on the first row, output on the middle and a target
on the bottom row. The model is trained up to 100 epochs. We used
AdamW optimizer with Warm Restart [50, 49] between a learning rate
range of 3e—4 and 2e—2 on both the Discriminator and Generator net-
work. We used the batch size of 1. Training procedure: We update the
discriminator twice then update the generator once in every training
iteration. We use a receptive field size of 140 x 140 on the discriminator
network. We use the L1 loss in combination with the conditional GAN
loss and set the lambda parameter to 100 (see equation 4.3).

Using an AdamW optimizer with Warm Restart (AdamWR) between a learning
rate range of 3e—4 and 2e—2 on both the Discriminator and the Generator far out
performs the AdamW optimizer with a learning rate of 2e — 4 (without restarts).
This can be seen is Fig. 4.5.

For each experiment we apply a 10-fold cross validation process, then compute FID
scores which we use to run 1000 bootstraps on each sample of 10 FID scores.
Using AdamW we recorded the lowest avarage FID score of 45.2 after 140 epochs of
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training. Introducing warm restarts improved performance throughout the train-
ing stages and obtained the lowest avarage FID score of 37.1 after only 100 ephochs.
This significantly reduced training time by 29% and dropped the average FID score
by 18%. Given that there was almost no overlap in confidence intervals, these
results are statistically significant. Although we trained both models up to 150
epochs, this was only for the purpose of comparing the efficiency of AdamWR and
AdamW optimizers. For our final output we stopped training at 100 epochs seeing
that the test FID scores begin to increase after 100 epochs using the AdamWR opti-

mizer.

52 Type of learning rate
R — AdamWR
0 —— AdamW

FID Scores

20 40 &0 80 100 120 140
Epochs

FIGURE 4.5: Test results for AdamW optimizer with Warm Restart be-
tween a learning rate range of 3¢ — 4 and 2¢ — 2 on both the Discrimi-
nator and the Generator vs AdamW optimizer with a learning rate of
2e — 4 (without restarts). The line graphs represent average FID scores
of 10 runs and the shaded areas represent the 95% confidence intervals.

The batch size of 1 did not show any unexpected behaviour. It was relatively
much slower to train but converged faster than the larger batch sizes. Increasing the
batch size for the baseline model resulted in faster progress in training but greatly
harmed the model performance. Fig. 4.6 shows that simply increasing the batch
sizes (and similarly increasing the learning rate) by a factor of 5 results in higher
FID mean scores after 40 training epochs. Instances where we increased the batch

sizes without increasing the learning rate resulted in poorer performance as can be
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expected. We note that there was no significant difference between the batch size of
2and 1.

65 - batch size:
— 1
—_5
60 10
— 15
— 20

FID Scores

T I T T
20 40 60 B0 100 120 140
Epochs

FIGURE 4.6: Test results for increasing batch sizes.

We did a study to analyse the effect of updating the discriminator more than
the generator network. In each experiment, the generator is only updated once
before updating the discriminator network. The discriminator is given 1, 2, 4 &
6 updates before updating the generator once in each iteration. We refer to these
model updates as training steps. In Fig. 4.7 we see that increasing the number of D
steps per G step from 1 to 2 increased learning speed and dropped the FID scores
at all the training stages before 120 training epochs. Further increasing the number
of D steps per G step by a factor of 2 dramatically harmed the model performance
where FID scores increased by an average of 30% at all the training stages.
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FIGURE 4.7: Number of D steps per G step experiment.

To understand what role each component of the objective function in Eqn. 4.3
plays and their relative importance we ran an ablation study. In addition to iso-
lating the loss components we also varied the patch size N of our discriminator
receptive field. This exercise was effective in comparing the effect of varying the
loss versus varying the patch size N of our discriminator receptive field. What was
very interesting was seeing how each of the losses fare when paired with different
sizes of the discriminator receptive field (namely 1 x 1, 15 x 15, 70 x 70 and 140 x
140). To get the different patch sizes we adjusted the depth of the GAN discrimi-
nator. More layers of convolution increase the patch size and vice versa. Figure 4.8
shows qualitative outcomes of the different combinations on our sketch-to-image
translation task. L1 on its own results in very blurry images across all the sizes
of the discriminator receptive field. The cGAN alone outputs very sharp images
across all the receptive field sizes however introduces some discoloration for mod-
els with a receptive field size of 1 x 1, 15 x 15, 70 x 70. Having both L1 and cGAN
loss with A set to 100 significantly reduces the discoloration across receptive field
sizes. Interestingly, outputs from the model with a receptive field of size 70 x 70 did
not have any discolorations across all the losses.

To quantify these outcomes we represented the corresponding mean FID scores
on a heat map in Fig. 4.9 and highlighted their statistical significance with a use of a
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bar graph in Fig. 4.10. Even though the size of the discriminator receptive field has
a considerable impact on quality of the output, it is clear to see that the choice of
loss is significantly more important. Increasing the size of the discriminator recep-
tive field improves the FID scores across all the loss choices. These improvements
that are however not evident across all the losses on the qualitative results. A com-
bination of the L1 + cGAN loss and a discriminator receptive field of size 140 x 140

gives the best FID scores and has a better looking visual output.

1x1 15x15 70x70 140 x 140

cGAN L1 + cGAN

L1

FIGURE 4.8: Example of qualitative results for a combination of differ-
ent receptive field sizes of the discriminator and different losses
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L1 + cGAN
&
£
&
#

cGAN

L1

1x1 15x 15 70x70 140 x 140

FIGURE 4.9: FID scores heat map for a combination of different re-
ceptive field sizes of the discriminator and different losses. For each
experiment we apply a 10-fold cross validation process, then compute
FID scores which we use to run 1000 bootstraps on each sample of 10
FID scores to obtain the mean FID scores represented on the heat map.
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FID Scores

CGAN L1+ cGAN
Loss type and receptive fleld sizes of the discriminator

FIGURE 4.10: FID scores bar graph with confidence intervals for each
combination of receptive field size of the discriminator and loss type

Although we were able to customize this conditional GAN method to our dataset
and produce reasonable outcomes, there were some failure cases (see Fig. 4.11).
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Typical failure cases have artifacts in regions where the input image is sparse or
where there are rare colours and uncommon inputs.

Input Generated Target

N

FIGURE 4.11: Examples of failure cases of generated images. The first
column shows inputs, followed by generated outputs on the middle
column and target images on the third and last column. These results
are an examples of some of the worst outputs on our translation task.

4.5.2 Discussion

Our results confirm that with minor tweaks, the pix2pixGAN model can indeed be
applied to a variety of paired translation tasks involving diverse datasets. Although
we apply random jittering, mirroring and add salt and pepper noise to pre-process
the training set, our data is still susceptible to small datasets challenges given that
deep learning models require very large amounts of data to train. Our results show
that training a deep learning model with a small dataset makes the model very

sensitive to the training batch sizes, with larger batch sizes significantly worsening
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performance.

Learning rate restarts also played a significant role in improving model perfor-
mance at all the training stages. This is not a surprising outcome as it is consistent
with the results presented in other studies on learning rates [50, 49].

In addition, our results suggest that having a slightly more robust discriminator rel-
ative to the generator helps both models to learn faster and perform better, which
confirms findings in other studies where updating the discriminator twice before
updating the generator worked well [9].

We saw that the L1 loss on its own results in very blurry images while cGAN alone
outputs very sharp images with some colour distortions. These results are consis-
tent with the results from the Pix2pix paper even though the experiments were car-
ried out with a different dataset from ours. While the pix2pix paper states that a dis-
criminator receptive field size of 70 x 70 yeilds the best results, we have found that
with the Seshweshwe dataset, increasing this size to 140 x 140 further improves the
performance of the model. Although deeper model architectures introduce more
parameters to the model which require more data to train, in this case decreasing
the depth of the discriminator model actually harmed performance and resulted in
an increase in FID scores. This can be attributed to the level of complexity of the
training data requiring more complex functions to model the data.

These results highlight the relative importance of the depth of our discriminator
and the choice of loss function. From the FID scores it is clear that choosing the
right loss function for the translation task results in better FID scores even with a
shallow discriminator. This is an important contribution of this study towards un-
derstanding the best strategies for translation tasks.
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Chapter 5

Conclusions and Future Work

Our work makes important contributions towards the diversity of fashion datasets
in the field of computer vision, highlights important considerations for image-to-
image translation tasks, advocates for a responsible use of cultural fashion datasets
towards cultural sustainability and appreciation.

We set out to generate African inspired fashion images using Generative models.
In the process we curated the first of its kind, Seshweshwe dataset, the first dataset
that consists of African fashion designs. We discussed ethical considerations in re-
lation to Al, cultural fashion and propose responsible and proper ways of practice
when dealing with a cultural fashion dataset. We demonstrated the usability of our
dataset and provided an example use case for our dataset: sketch-to-image trans-
lation task which can be very beneficial for small scale fashion designers to better
communicate their ideas (at a much lower cost) and grow their businesses. Finally
we presented key results and discussions from our sketch-to-image translation ex-
periments where we customised the pix2pix methodology for our dataset, success-
fully generated images that are close to real images, analysed different components
of the model and highlighted important components that significantly impact per-
formance.

Given that the model worked very well in the task of translating the structure and
texture of the input images, this makes it ideal for the purpose of translating a
sketch of a fashion design to a colourised fashion image without needing to to do
an actual photo shoot that is typically resource intensive.

Instead of propagating the problem of cultural appropriation through algorithmic
appropriation we can contribute to cultural sustainability by using the power of

deep learning and generative models particularly for promoting representation of
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under represented communities and cultures around the world. By simply chang-
ing our way of practice and interaction with cultural artifacts and adopt an appreci-
ation approach we can empower under-represented communities with algorithms
and celebrate their culture and diversity. Generative models can play a role in help-
ing small and up-coming fashion designers amplify their work and reach a wider
audience in a very short amount of time in the absence of financial resources and

access to high-end technology often used by big fashion houses.

5.1 Future Work

Even though there are significant contributions out of this study, we also note that
there is still a lot of need for further research. We recommend that future work

focuses on:

¢ Further investigation of learning rate efficiency, for example compare warm

restarts to a 1-cycle policy for super convergence.

* Explore other model architectures that would be more suitable for translation
tasks e.g a residual U-net for the generator would allow for an ever deeper
network without loss of information from earlier layers of the decoder and

encoder part of the network.

* Explore other generative methods for efficient high-resolution image-to-image

translation for small datasets.

* Creation of a fashion dataset that is representative of the cultural fashion in all

the regions of the African continent and other regions beyond the continent.

* A very interesting fashion application of translation GANs would be translat-

ing a fashion image to a video format that resembles a runway:.
* Generating multi-cultural fashion images given text inputs.
* Representation of other cultures within the southen African region.

e Implement the models and test them on real human drawn fashion sketches.
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* Besides the significant problem of cultural appropriation, when the training
data consists of a massive number of images created by other artists, credit
assignment is a crucial question. For future work it would be valuable to
tackle questions about the difference between memorization (copying an art

piece) and sourcing inspiration and credit be attribution in this case.
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