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Auditing Imbalance and Bias in Deep Neural

Networks for Multimedia Content Analytics

Abhishek Mandal

Abstract

This thesis introduces novel metrics and techniques to detect, measure, and mit-
igate gender and geographical bias in computer vision deep neural networks. It
adopts an interdisciplinary approach, incorporating deep learning, feminist and de-
colonial theory, and ethics to address this issue. Artificial intelligence can amplify
societal biases, marginalise vulnerable groups, and undermine public trust in Al,
affecting its broader adoption. Bias in deep neural networks is complex, stemming
from training data sourced from the internet, propagating through the machine
learning pipeline, and impacting real-world applications. Factors such as model
training methodologies, performance metrics, and model deployment further com-
plicate this issue. The proposed metrics quantify a complex human concept — social
bias in deep learning models — and provide insight into the internal bias dynamics
of these ‘black-box’ systems. Part one examines geographical and gender bias and
their intersection, focusing on bias origination in training data and its reflection in
trained models. Novel metrics were introduced for measuring geographical bias in
dataset creation methods and intersectional geographical and gender bias in multi-
modal models and they revealed their presence in both cases. Part two investigates
how bias is managed internally in large visual-linguistic models like CLIP, DALL-E
and Stable Diffusion. Traditional bias measures, focusing on accuracy, were found
inadequate for capturing the extent of bias in multimodal vision models. Techniques
from NLP were adapted to create metrics to capture bias in multiple modalities, in-
cluding non-binary gender. The metrics revealed the presence of stereotypical gender
bias in both models and showed that model architecture plays an important role in
bias amplification. The metrics provided insight into how bias is handled inside the
models. Part three uses data augmentation to debias vision models. This thesis de-
velops and applies interdisciplinary metrics to detect, measure, and mitigate gender
and geographical bias in vision models.
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Introduction

Computer vision models based on deep learning have improved substantially in
their accuracy and capabilities since their introduction about a decade ago. Be-
ginning with simple Convolutional Neural Networks (CNNs) that classified images
into various categories in the early 2010s (Krizhevsky et al. 2012), these models
have become increasingly powerful and capable, being now used to segment images,
recognise scenes, and generate images among numerous other applications. Vision
systems model our visual world and as they have become better at modelling useful
visual information, they have also become more adept at modelling biased informa-
tion. One such example is human biases. Vision models and systems have been
shown to exhibit social biases that are similar to those present in our society. These
include facial recognition software which perform less accurately for women and
people with darker skin (Buolamwini et al. 2018a), video conferencing systems not
generating correct virtual backgrounds for people with darker skin, image cropping
algorithms (Dickey 2020), generating images of male data scientists and female
flight attendants (Luccioni et al. 2024) and de-pixelation software lightening peo-
ple’s skin tones (J. Vincent 2020). Examples of such biases are shown in figures
1.1, 1.2, 1.3.

As computer vision systems and technologies become more popular and are more
integrated into our daily lives, such biases have the potential to perpetuate and

increase social inequality, systemise oppression and amplify discrimination against
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marginalised and minority groups. These biases, if left unaddressed, can lead to

unintended harm and potential loss of public trust in Artificial Intelligence.

1.1 Motivation

Computer vision has shown tremendous improvement in the last 5-6 years in terms of
accuracy and capability. From detecting objects and classifying images, vision mod-
els can now understand scenes, perform zero-shot predictions and generate realistic
images. Vision models are now increasingly becoming multimodal, often combining
multiple modalities such as images and text (Radford et al. 2021). This has enabled
vision models to model the visual world much better than earlier unimodal models
and has paved the way for generative models such as DALL-E and Stable Diffusion.
This has also enabled the models to learn complex societal biases such as those
pertaining to gender, ethnicity, and culture. These biases arise within the training
data and propagate and are amplified along machine learning pipelines. Examples
of such biases include generative models generating images of male engineers and
female nurses, assigning adjectives such as confident to men and gentle to women
(Luccioni et al. 2024), multimodal models assigning traditionally male-dominated
activities such as biking to men and female-dominated activities such as cooking
to women (J. Wang et al. 2021) and visual question answering systems generating
stereotypical and sexist answers for images containing women (Manjunatha et al.
2019). With the growing adoption of generative and multimodal deep learning in
various industries and sectors such as advertising (Gupta et al. 2024), healthcare
(Jindal et al. 2024), internet search (Team et al. 2023), and education (Baytak 2023),
unchecked bias can lead to harm and undermine social progress.

The increasing complexity of vision models has made detecting and measuring
biases more challenging. Previous metrics developed for measuring bias in vision
models have been either designed for simpler models like image classifiers (Savani
et al. 2020; Serna et al. 2021; T. Wang et al. 2019) or mostly perform posthoc

analysis on multimodal generative models (Chinchure et al. 2023; Luccioni et al.
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2024; Vice et al. 2023). The former metrics are unsuitable for multistage multimodal
models and the latter although good for detecting bias, considers bias in the whole
model making it difficult to isolate bias from the multiple models/stages/processes
in these models. Therefore, there is a need for metrics which can 1) isolate bias
at lower levels which is, bias processed during the internal information processing
by the constituent models, 2) help understand how bias is handled internally by
the models and thereby contribute to making the model less ‘black-box’ and 3) the
output score(s) of the metrics should be quantified and easy-to-understand so that
they can be used in cost functions to debias the models. The main objective of this
thesis is to develop metrics to detect and measure social biases in large vision models.
The primary focus is on gender bias and the secondary focus is on geographical bias.
The intersection of these two types of biases is also briefly investigated. The research

questions addressing these objectives are discussed in Section 1.5.

1.2 Visual Representation of GGender

Visual media such as images and videos are important forms of communication and
comprise the majority of internet traffic today !. Feminist scholars have examined
the presence of gender stereotypes in visual media and found it to perpetuate tra-
ditional gender norms and misogyny (Boyd 2010; Kosut 2012). They argue that
gender is a social construct which is different from biological sexz and creates norms
for people how to live as per social norms (Cott 1987; Devinney et al. 2022). Such
social norms are based around societal power dynamics where men exert greater
power and control. Historically, in visual media, women have been represented in
less powerful positions and showed family and marriage being more important to
them (Signorielli 1990). Men have been traditionally represented as professionals
whereas women as housewives (Paek et al. 2011). Visual depictions of traditional

gender roles in images and videos can be described as stereotypical representation of

Thttps://www.statista.com/statistics /271735 /internet-traffic-share-by-category-worldwide,/ ac-
cessed: 26/6/2024
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gender.

Such gender stereotypes have are present in visual datasets and computer vision
models. A. Wang, Liu, et al. (2022) studied popular visual datasets such as MS
COCO and found that women feature more in images related to kitchens such as
ovens and sinks, and men feature more in outdoor images such as vehicles and sports.
This shows traditional gender stereotypes related to ‘domesticity’ of women (R. C.
Vincent et al. 1987). Luccioni et al. (2024) found that Text-To-Image generation
models such as Stable Diffusion are more likely to generate images of men for high-
paying jobs and positions of power such as CEO and Engineer and images of women
for lower-paying jobs and positions of less power such as Secretary and Housekeeper.
When stereotypical gender roles are present in visual data or output of computer
vision models, it is defined as stereotypical gender bias. Examples of such bias include
DALL-E 2 generating images of men for the prompt data scientist and images of
women for flight attendant as shown in figure 1.1. Another such example is a visual
question answering system using CLIP showing stereotypical gender bias (figure
1.2). This type of bias is the main focus of this thesis. In this thesis, men and
women are used as noun and male and female are used as adjective to represent

binary gender. Non-binary gender is explicitly mentioned as such.

Figure 1.1: Images generated by DALL-E 2 for the prompts an image of a data
scientist (top) and an image of a flight attendant.
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Figure 1.2: Grad-CAM analysis of CLIP VQA. a: original image, Grad-CAM lo-
calisation prompts: b: Who is gossipy?, ¢: Who is philosophical?, d: Where is the
homemaker?, e: Where is the programmer?

1.3 Auditing Gender Bias in Vision Systems

In the context of machine learning, Fabbrizzi et al. (2022) defines bias as “the prej-
udice of an automated decision system towards individuals or groups of people on
the basis of protected attributes like gender, race or age”. Bias is learnt by machine
learning models from data in two main ways: correlations and causal relationships
between the protected attributes and other data features and underrepresentation of
minority groups (Ntoutsi et al. 2020). These biases are then amplified by the models
during training (Raji et al. 2019; Schnabel et al. 2016). Therefore, biases in machine
learning can be grouped into two categories: data centric and model centric. This
categorisation is explained in section 2.2 (page 42). Both these types of biases can
be unintentional. For example, in visual datasets, women are overrepresented in im-
ages of cooking-related scenes (A. Wang, Liu, et al. 2022; Zhao et al. 2017a). When

vision models are trained on such data, they have been shown to start associating
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cookware with women (Zhao et al. 2017a). Similarly, in popular visual datasets such
as IMAGENET and OPENIMAGES, men are overrepresented in images of engineers
(A. Wang, Liu, et al. 2022) and models trained on that data start associating men
with engineering. Machine learning models are designed to score high on training
metrics such as accuracy (Francois Chollet 2021). This means that if the model is
trained on biased data, the model is incentivised to learn and exploit such biases.
For example, if an occupations dataset was created from popular visual datasets or
crawled from the web, it is very likely to be gender biased (Fabbrizzi et al. 2022;
Mehrabi et al. 2021; A. Wang, Liu, et al. 2022). An image classifier trained on such
a dataset will amplify the bias in trying to increase accuracy. If the majority of the
images of CEOs are men then not predicting CEOs for images of women increases

its accuracy.

Various metrics have been proposed to detect and measure both data and model-
centric bias. Data-centric bias detection metrics include statistical metrics, empirical
and manual analysis, and benchmark datasets. Model-centric bias detection metrics
include Image Embeddings Association Test (Steed et al. 2021), Model Leakage,
Bias Amplification (T. Wang et al. 2019), Inside Bias (Serna et al. 2021), and
Difference Metrics (Savani et al. 2020). Most of these metrics target the learning
representations of the deep learning models. However, they have some limitations.
Most of these metrics are designed for simpler models such as image classifiers. This
makes them unsuitable for use in large and complex multistage multimodal models.
Even among image classifiers, the majority of them only work for Convolutional

Neural Networks thus leaving out the Vision Transformer class of models entirely.

Another issue is that they only consider binary gender in their analysis. Metrics
to detect and measure bias in more complex and multimodal vision models have also
been proposed. These include Vision Language Bias and Ability Scores (Zhao et al.
2018), TIBET (Chinchure et al. 2023), and Jaccard Hallucinations and Generative
Miss Rate (Vice et al. 2023). Other non-quantitative methods which rely on visual

analysis of the results include Stable Bias (Luccioni et al. 2024). These methods
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have two major limitations: 1) they perform post-hoc measurement of bias leaving
out how bias is handled internally by these models making it difficult to isolate bias
in multistage models and 2) these metrics (apart from Stable Bias) do not consider

non-binary gender.

1.4 Geographical Bias in Vision Systems

Another social bias which affects vision systems is geographical bias. This bias can
stem from an intersection of ethnic, cultural and localisation bias. Biases pertaining
to ethnicity and culture in vision models have been studied and their presence con-
firmed (Buolamwini et al. 2018b; L. Elisa Celis et al. 2020b; Karkkainen et al. 2021a;
A. Wang, Narayanan, et al. 2020). The researchers have used race and skin tone
to approach this bias. However, this limits the definition and scope of bias. Also,
using race and skin tone as it’s proxy can also be problematic. Therefore, a more
neutral axis: geographical location is used in this dissertation to approach this type
of bias. Most popular visual datasets are curated in the Western world with data
being crawled from the English language internet which leads to the models trained
on them to exhibit a ‘Western-centric’ bias (Karkkainen et al. 2021a; Russakovsky
et al. 2015). An example of this is shown in figure 1.3 which shows the Grad-CAM
heatmap of a visual question answering system employing CLIP - a large multimodal
model trained on 400 million image-text pairs crawled from the internet. It shows
that for the question who is the terrorist?, the regions of the image with images
of people from predominantly Muslim majority areas show the highest activation.

This is discussed in Chapter 4.

Geographical bias also intersects with gender bias and this can cause harm to
get multiplied for minority and vulnerable groups. For instance, the labels predicted
by CLIP for images of women from Europe and North America are more positive
than those from South Asia (discussed in Chapter 4). Therefore, traditional models

of feminist theory may not capture the differences in bias by geographical regions.
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Figure 1.3: Grad-CAM results for the question ‘Who is the terrorist?” for images
from all regions. Regions: Top-Bottom, L-R: WANA, WE, SA, SSA, EA, SEA, LA,
EE. Same pattern for images of men and women. See Table 4.1 for abbreviations.

1.5 Research Questions and Hypotheses

The primary focus of this dissertation is gender bias and the secondary focus is on
geographical bias and the intersection of both. The overarching aim of this dis-
sertation project is to audit social biases in computer vision models using different
lenses. This thesis is divided into three parts. The first part (chapters 3 and 4)
analyses and develops metrics to detect and measure geographical bias. The inter-
section of this bias with gender bias is also investigated. The second part (chapters
5-9) looks into the architecture of diffusion models and develops metrics to detect
and measure gender bias in each stage of the generation process. The third part
(chapter 10) introduces techniques to mitigate gender bias in classification models.
The dissertation starts by looking at social biases from a geographical lens focusing
on dataset creation. Then the intersectionality between geographical and gender
bias is explored using the diverse dataset creation framework for creating a dataset
which was used for auditing multimodal models. Thereafter, multimodal models are
audited for gender bias. Due to the sophisticated nature of bias, the complexity of
multimodal models and the need to isolate low-level bias, the research questions are

further subdivided into sub-questions. They are provided in the individual chapters.
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1.5.1 Part 1: Gender and Geographical Bias in Visual Datasets

and Models

Datasets used for training deep neural networks are generally curated by using search
engines to retrieve images or by scraping from image hosting sites (Karkkainen et
al. 2021b; Lin et al. 2014). This however leads to the dataset being biased due to
the nature of the demographics on the internet which tends to be young, male and
Western-centric (L Elisa Celis et al. 2020a; Shankar et al. 2017; A. Wang, Liu, et al.
2022).

Hypothesis: Current dataset creation methods based on web crawling can
lead to a “Western-centric’ cultural, gender and geographical bias in visual datasets.
This is reflected in models trained on such data leading to geographical, gender, and

intersectional bias.

RQ1 How does altering the location and language when using Internet search to
collect a dataset affect the visual diversity of faces, and how can this be mea-

sured?

RQ2 How does gender bias exhibited by large multimodal vision models differ by

geography and how can such intersectional bias be measured?

1.5.2 Part 2: Measuring Gender Bias in Multimodal Models

This section introduces metrics to detect and quantify gender bias, including non-
binary gender bias, in multimodal models. Also investigated is how bias is handled
internally by the model and how it gets amplified.

Hypothesis: Multimodal vision models (including Text-To-Image generative
models) learn gender bias from the training data and amplify it. This can be isolated

and measured. Model architecture plays an important role in this.

RQ3 How can gender bias in multimodal vision models be isolated and measured

and what role does model architecture play in bias amplification?
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1.5.3 Part 3: Debiasing Vision Models

This section discusses debiasing vision models using data augmentation techniques.
Hypothesis: Data augmentation techniques can be used for debiasing vision

models trained on biased data.

RQ4 How can biased vision models be debiased using data augmentation tech-

niques?

1.6 Thesis Structure

The thesis has the following structure.

Chapter 1 introduces the work explaining the motivation behind this research, a
brief background about the theoretical foundation, the research questions and

hypotheses and lists out the metrics.

Chapter 2 discusses the background and relevant work. It consists of two parts.
The first part discusses computer vision architectures including multimodal
models and a special focus on Text-To-Image diffusion models. The second
part discusses the theoretical foundations drawing upon feminist theory and

bias metrics previously developed along with their limitations.

Chapter 3 introduces and studies Geographical Bias, proposes two novel metrics

to detect and measure it and a methodology to mitigate it.

Chapter 4 presents an audit bias in CLIP (Contrastive Language Image Pretrain-
ing) at the intersection of gender and geography drawing upon concepts from

transnational feminism.

Chapter 5 uses metrics from Natural Language Processing and adapts them to
measure gender bias in CLIP. The measured bias is studied against real-world
data related to the gender pay gap and women’s workforce participation in

different occupations.
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Chapter 6 introduces MCAS (Multimodal Composite Association Score) - a com-
prehensive and composite score to measure gender bias in multimodal models
in multiple modalities. This score is used to measure gender bias in Text-To-

Image (TTI) diffusion models DALL-E 2 and Stable Diffusion.

Chapter 7 investigates the relationship between computer vision architecture and
bias. A new metric is introduced which can effectively measure bias in both

Convolutional Neural Networks (CNNs) and Vision Transformers (ViTs).

Chapter 8 introduces two novel metrics to isolate bias at a local level in TTI

models and studies how bias is handled internally by these models.
Chapter 9 extends MCAS to measure non-binary gender bias in TTI models.

Chapter 10 discusses saliency-based data augmentations to debias image classi-

fiers.
Chapter 11 concludes this thesis and summarises the outcomes and contributions.

Figure 1.4 shows the novel metrics superimposed on a T'TT diffusion model illustrat-
ing how they measure bias. Table 1.1 provides a summary of the metrics proposed

in this dissertation.
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Figure 1.4: Composition and purpose of proposed metrics within the context of a
Text-to-Image (TTI) Diffusion Model.

Table 1.1: Summary of all novel metrics proposed in this thesis. Intersectional refers
to geography and gender. *WEAT, developed by Caliskan, Bryson, et al. (2017) for
NLP, has been adapted for use in computer vision in this research.

Metric Type | Bias Modality | Chapter

Image Similarity Score Data .

Cross & Intra centric Geographical | Tmage 3

. Model .

Gender Difference & Trend .| Intersectional | Image 4
centric

WEAT Association Score Model Gender nace 5

for CV* centric &

Image-Image Association Score Image

Image-Text Association Score Model Multimodal

Image-Text Prompt Association Score contric Gender Multimodal | 6, 7, 8, 9

Text-Text Association Score Text
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Accuracy Difference Centric Gender Image 7

Diffusion Bias Mode! Gender Multimodal | 8
Centric

Bias Amplification MOdel Gender Multimodal | 8
centric

eXtendeq Multimodal Composite Modejl Gender Multimodal | 9

Association Score centric
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Background and Related Work

This chapter provides background information and an overview of the relevant lit-
erature on bias in deep neural networks used in computer vision. This chapter
is divided into two sections. The first section discusses different computer vision
architectures. Model architectures play an important role in how information is
processed by the models internally (Khan et al. 2022; Park et al. 2022). Multimodal
models including TTT generative models employ multiple models internally and are
typically multistage (Radford et al. 2021; Ramesh, Pavlov, et al. 2021; Rombach
et al. 2022). Therefore, it is important to investigate how model architecture can
play a role in bias amplification. The second section discusses relevant literature on

gender, its representation in visual format and gender bias.

2.1 Deep Learning for Computer Vision

Since the introduction of AlexNet (Krizhevsky et al. 2012), deep learning has been
the preferred technology for use in computer vision tasks such as image classifica-
tion. AlexNet is a Convolutional Neural Network (CNN) which uses convolution
operations to extract features from images. Over the past decade, there have been
many improvements on the original AlexNet. These include Inception (Szegedy et
al. 2015) which learns features at different scales, ResNet (He et al. 2016) which

introduced residual connections to tackle the problem of vanishing gradient thus al-
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lowing for very deep CNNs, EfficientNet (Tan et al. 2019) which used meta learned
architectures, and U-Net (Ronneberger et al. 2015) for image segmentation.

Vision Transformers (ViTs) (Kolesnikov et al. 2021), first introduced in 2020
based on the transformer architecture from NLP, uses a mechanism called atten-
tion to extract contextual information from a sequence of input. ViTs process an
image as a sequence of pixels in the form of patches. ViTs have achieved supe-
rior accuracy than those of CNNs in many computer vision tasks such as image
classification (Khan et al. 2022).

Although image captioning extended image classification to image description,
Contrastive Language Image Pretraining (CLIP) (Radford et al. 2021) employing
contrastive learning enabled zero-shot predictions and association of long text sen-
tences for images. CLIP also allowed for a new generation of generative vision
models such as DALL-E (Ramesh, Dhariwal, et al. 2022; Ramesh, Pavlov, et al.
2021) and Stable Diffusion (Rombach et al. 2022). They use CLIP to convert text
into intermediate embeddings and then use diffusion process to generate images.

The next sections discuss these architectures in detail.

2.1.1 Basic Computer Vision Architectures
Convolutional Neural Networks

Convolutional Neural Networks or ConvNets or CNNs have been the driving force
behind the adoption of deep learning techniques in computer vision in the last
decade (He et al. 2016; Krizhevsky et al. 2012; Szegedy et al. 2015). CNNs use
convolution layers to perform convolution operations on input images and were first
introduced in the 1980s by Fukushima (Fukushima 1980). LeCun et al. (1998) used
gradient descent to train CNNs to recognise handwritten digits in the 1990s. Ciregan
et al. (2010) showed in 2010 that CNNs could be trained on Graphics Processing
Units (GPU) in a massively parallel way using backpropagation (reverse automatic
differentiation introduced in 1970 by Linnainmaa 1970). In 2012, Krizhevsky et al.

(2012) introduced AlexNet — a 60-layer deep CNN trained using backpropagation
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on GPUs which won the ImageNet challenge (a large image classification challenge

on a visual dataset based on wordnet).

CNNs have convolution layers which consist of filters which glide over the input
image. During the forward pass, the convolution layers produce a convolved output
of the image and the filters which is a dot product thereby creating a feature map.
The deeper layers downsample the features, leading to dimensionality reduction.
Activation functions such as ReLU introduces non-linearity and pooling layers per-
form the downsampling. Finally, fully connected layers at the very end perform the

classification (Francois Chollet 2021).

CNNs have strong inductive biases which constrain the hypothesis space. Ex-
amples include translation invariance, pooling, and convolution itself. These allow
the models to focus on certain spatial relationships in the image (Francois Chol-
let 2021). Strong local inductive biases also make the loss landscape more convex.
Convolutions are high pass filters which allow them to capture sharp features such

as edges in images (Park et al. 2022).

Vision Transformers

The transformer architecture was first proposed by Vaswani et al. in 2017 for use
in Natural Language Processing and revolutionised the field. It was later adapted
for vision tasks by (Kolesnikov et al. 2021) and has since then outperformed CNNs
in many vision tasks such as image classification (Khan et al. 2022). ViTs process
images as a sequence of pixels with pixels grouped together in patches. They use
an attention mechanism called Multi-headed Self Attention (MSA) to compute how
similar one patch is to the other patches. This allows them to capture long-term
dependencies and have a global context. They do not have inductive biases like
CNNs and have a shallower loss landscape. Unlike convolutions, MSAs are low pass

filters and diversify feature maps instead of aggregating them (Park et al. 2022).
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2.1.2 Multimodal Deep Learning

In the early days of deep learning, most state-of-the-art models were trained using
supervised learning. However, this limited their performance to ‘known categories’
and zero-shot predictions. Contrastive Language Image Pretraining (CLIP) was
introduced by Radford et al. (2021) which used natural language supervision and
contrastive learning to achieve performance similar to or better than supervised
models on image classification tasks. CLIP is trained on 400 million image-text
pairs crawled from the internet. CLIP is trained to predict which set of words (text)
is best paired with an image. It does this by using a multimodal embedding space
by jointly training an image and a text encoder to maximise the cosine similarity of
both the image and text embeddings. Both the encoders are initialised without any
pre-trained weights. CLIP uses CNNs (mainly ResNets) and ViTs as image encoders
and a Transformer as a text encoder. CLIP surpassed most state-of-the-art models

and humans in zero-shot predictions on various visual datasets.

2.1.3 Generative Computer Vision

Variational Autoencoders were first proposed by Kingma et al. (2013) which used a
CNN-based encoder and a decoder with the decoder using transpose convolutions.
The encoder takes in input (an image) and maps it to a probability distribution in the
latent space outputting the mean and variance of a multivariate normal distribution
in the latent space. From the predicted mean and variance, a point is sampled in
the latent space which is then passed to the decoder for reconstruction. It uses a
reconstruction loss (MSE) and Kullback-Leibler (KL) divergence regulariser. The
model is trained using a sum of the reconstruction loss and the KL divergence
regulariser and is known as evidence lower bound (ELBO). An improvement over
VAE:s called Vector Quantised Variational Autoencoders (VQ VAEs) was introduced
by Van Den Oord et al. (2017). It has two main improvements over VAEs: discrete
latent space and vector quantisation. The discrete latent space allows the encoder

to encode in discrete values instead of continuous values thereby allowing for better
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capturing of discrete data (Van Den Oord et al. 2017).

Text-to-Image (TTI) Diffusion Models: Diffusion models are somewhat
similar to Autoencoder models in how they are trained and the data flow and were
first introduced in the later half of the 2010s (Ho et al. 2020; Sohl-Dickstein et al.
2015). They are inspired by non-equilibrium thermodynamics but unlike Autoen-
coders, they have high dimensionality, same as the data. Diffusion models generally
employ two series of operations: forward and backward diffusion processes. In the
forward diffusion process, Gaussian noise is added to the original input image in
a sequence of steps producing a sequence of noisy transformations. As the steps
increase, the original input image becomes unrecognisable and loses its distinguish-
able features. When this process is reversed, the original input image can be re-
constructed and this process is called backward or reverse diffusion. The forward
diffusion process is similar to encoders in Autoencoders and the reverse diffusion

process is similar to the decoder.

DALL-E was released by OpenAl in 2021 and is considered a cornerstone in
generative vision technology. It has two main components: a discrete variational
autoencoder (dVAE) similar to VQ-VAEs and an autoregressive transformer. It
is a multimodal implementation of OpenAl’s hugely popular GPT-3 (Generative
Pretrained Transformer). It is trained in a two-stage process: first, the dVAE
compresses 256x256 RGB images into a 32x32 grid of image tokens thereby reducing
the context size of the transformer; then the image tokens are concatenated using
Byte Pair Encoding (BPE) with text tokens and the autoregressive transformer
learns the joint distributions over the image and text tokens (Ramesh, Pavlov, et al.

2021).

DALL-E 2 is the second version of DALL-E and was released in 2022. It has
two components: CLIP and unCLIP. In the first part, it uses CLIP to generate em-
beddings of the text inputted by the user. Then the embeddings are modelled using
a Gaussian diffusion model and is called the Diffusion Prior. The authors also ex-

perimented with an Autoregressive Prior where the CLIP embeddings are converted
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into sequential discrete codes and predicted autoregressively. The diffusion prior is
continuous. The authors did not find significant differences in the performance of the
two different prior models and used the diffusion prior as it is computationally more
efficient. The diffusion prior consists of a decoder-only Transformer with a causal
attention mask on a sequence which consists of: the encoded text/caption, the CLIP
text embeddings, a diffusion timestep encoding, the noised CLIP embedding of the
image, and a final embedding from the Transformer, all in order. Then the diffusion
model (unCLIP) models from the representation space (from the prior) to generate
the image via reverse diffusion. In order to generate high-resolution images, they

used two upsamplers (Ramesh, Dhariwal, et al. 2022).

Stable Diffusion was released in 2021 by LMU Munich and Runway ML. It is
based on a new type of diffusion model called Latent Diffusion Models (LDMs). It
is a multi-stage multimodal model similar to DALL-E and uses CLIP for the initial
text encoding. It consists of three main components: CLIP for text encoding, a
UNet + scheduler for gradual diffusion from the latent space and an autoencoder
decoder for the final image generation. The first part where the text prompt is
converted into encodings is similar to DALL-E 2. The original paper used BERT and
earlier released versions used OpenAl’s CLIP but later generations used OpenCLIP
— an open-source version of CLIP!. The text encoder generates an output of 77
token embedding vectors each in 768 dimensions. This embedding is then fed into
the UNet along with a tensor made up of noise. This step outputs a processed
information array of 4x64x64 dimensions which is then fed to the decoder for the
final image generation. The diffusion process is not run in the pixel space but in the
‘latent space’ in order to conserve computing resources and boost speed (Rombach

et al. 2022).

thttps:/ /stability.ai/news /stable-diffusion-v2-release accessed: 5-7-2024
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2.2 Bias in Computer Vision

In previous research, the definitions of bias and fairness primarily revolved around
distinctions, focusing on the different and more advantageous treatment of one pro-
tected group in comparison to another. Bias denotes the existence of distinctions,
whereas fairness pertains to the lack of distinctions. In the paradigm of machine
learning, Mehrabi et al. (2021) defines fairness as “the absence of any prejudice or
favouritism toward an individual or group based on their inherent or acquired char-
acteristics”. They make a distinction between two forms of fairness: group fairness
and counterfactual (individual) fairness. Group fairness is attained when the per-
formance of the relevant groups equals the same statistical score, such as an F1
measure. Individual fairness is achieved when altering the protected group does not
impact the model output. For instance, a facial detection algorithm that performs
effectively on an image of a man should demonstrate an equal level of effectiveness
on an image of a woman within the same context (Buolamwini et al. 2018b). This
section provides an overview of the literature relevant to social biases in computer

vision.

2.2.1 Gender Bias in Computer Vision

The European Union Artificial Intelligence Act (P9_-TC1-COD(2021)0106) on the
guiding principles of trustworthy Al includes fairness and non-discrimination and
states that

“Diversity, non-discrimination and fairness means that Al systems are developed
and used 1 a way that includes diverse actors and promotes equal access, gender
equality and cultural diversity, while avoiding discriminatory impacts and unfair
biases that are prohibited by Union or national law.” (EuropeanParliament 2024 )

Gender being a sensitive attribute requires people not to face any discrim-
ination based on it. The various genders (male, female, non-binary, agender and
gender queer) are called protected groups (L Elisa Celis et al. 2020a). Any Ar-

tificial Intelligence system which discriminates on the basis of gender is therefore
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