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ABSTRACT

The rapid growth of user-generated content on social media has increased the spread of
hateful content, posing significant challenges for content moderation systems. Among these
forms of abuse, sexism and misogyny have emerged as a particularly pervasive and damag-
ing phenomenon. Detecting misogynistic and sexist content is further complicated by the
multimodal nature of online communication, especially memes, as well as by the inherent
subjectivity and disagreement among human annotators when labeling such content. Al-
though recent advances in large multimodal models have demonstrated strong performance
in this area, but they require substantial computational resources and have a significant en-
vironmental impact, limiting their practicality for large-scale deployment. Moreover, pre-
vailing approaches treat annotation disagreement as noise to be suppressed rather than as
meaningful signal about content ambiguity. This thesis investigates computationally efhicient
and environmentally sustainable approaches for multimodal sexism and misogyny detection,
that explicitly model annotation disagreement. Grounded in the principles of Green Al the
work explores lightweight methods that leverage pretrained representations without relying
on extensive fine-tuning or large labeled datasets. A semi-supervised constrained clustering
method is first introduced to leverage pretrained vision—language embeddings with minimal
annotation and computational cost, achieving competitive performance while oftering favor-
able energy—accuracy trade-offs. However, this method assumes unambiguous ground truth
labels, overlooking the contested nature of some content. The second stage develops a super-
vised contrastive learning framework that detects hate while simultaneously modeling anno-
tator disagreement as a complementary task. Experiments show that the same lightweight
architecture performs effectively on both hate and disagreement detection, though the lat-
ter proves to be inherently more challenging, reflecting the difficulty of predicting human
perceptual variation. This framework is also extended to joint hate-disagreement prediction,
enabling a single efficient model to simultaneously detect hateful content and flagambiguous
cases requiring human review. Together, these findings demonstrate that robust, uncertainty-
aware content moderation systems can be built without reliance on large, resource-intensive
models, and that modeling subjectivity is not only feasible but also compatible with compu-

tational efficiency.
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1 Introduction

Social media have become an essential part of online communication in the modern era, al-
lowing users to freely publish and share their thoughts, emotions and opinions at any time.
However, the exponential growth in user-generated content has also ampli ed the spread of
hate speech. Among the most critical issues emerging in this context [SSexisype
of gender-based bias that promotes the belief that one gender is superior to another. Within
this broader category, misogyapresents a signi cant form of hate speci cally targeting
women [118]. Misogyny can be seen as a stronger and more extreme form of sexism. Itre ects
a deeper sexist attitude that becomes part of people's thinking. It can also be understood as
an organized or intensi ed form of sexism, especially because it involves feelings of hostility
and hate [78]. It has been shown to harm women's self-esteem, cognitive performance, and
career ambitions, while reinforcing traditional gender roles and dependency behaviors [75].
The scale and rapid pace of online content generation makes it impractical to rely solely
on human moderation; therefore, it requires the development of automated methods capa-
ble of detecting and detoxifying inappropriate language. Consequently, a growing body of
research has focused on understanding and identifying misogyny and sexismin online spaces.
Much of this work has concentrated on textual abuse, which remains one of the most preva-
lent forms of online sexism and misogyny and has gained increasing relevance in recent years
[7, 33]. However, the challenge of sexism and misogyny detection extends beyond purely
textual data. In multimodal content such as memes, the complexity of the problem increases
considerably [48]. Yet these automated systems face a fundamental challenge: Hate and of-
fensive content are not always clearly de ned or universally agreed upon. What is considered
hateful or harmful often depends on the perspective of the person interpreting it. Individual
background, cultural norms, personal experiences, and social context all shape how people
perceive language and images. As aresult, the same content may be seen as o ensive by some,
neutral or humorous by others, and even acceptable within certain communities. This in-
herent subjectivity makes the identi cation of hate particularly challenging. Disagreement
is a natural outcome when people with diverse viewpoints evaluate the same content, and
such di erences do not necessarily indicate error but rather re ect the complexity of human
judgment. Recognizing this subjectivity is essential when studying or addressing hate, as it
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highlights the importance of considering multiple perspectives rather than assuming a single,
xed interpretation.

The subjectivity of hateful content has important consequences for how automated detec-
tion systems are designed. The prevailing response inthe eld has been to scale up model size
and training data, treating annotation disagreement as label noise to be overcome through
sheer capacity. However, this approach is both scienti cally limiting and computationally
costly because it discards meaningful information about content ambiguity and produces
systems that are impractical for large-scale deployment. This thesis takes a di erent position:
disagreement among annotators is not noise but a signal, re ecting genuine ambiguity in the
content itself. Building e cient systems that acknowledge this subjectivity rather than sup-
press itis both a scienti ¢ and a practical necessity.

Recent advancements using neural architectures have shown greater promise in handling
the complexities of hate and disagreement. Recently, Large Vision-Language Models (LVLMS)
have been proven e ective butthey rely on billions of parameters and require substantial com-
putational resources for both training and inference [131]. This results in high energy con-
sumption and signi cant carbon emissions, making such approaches impractical and costly
for large-scale or real-time content moderation systems.

The primary goal of this thesis is to develop computationally e cientand environmentally
sustainable methods for multimodal hate detection that explicitly account for the subjective
nature of hateful content. Grounded in the principles of Gregthislwork demonstrates
that robust content moderation does not require large resource-intensive models, and that
annotator disagreement can be modeled within lightweight frameworks that operate on pre-
trained embeddings. This is achieved through a two-stage investigation: rst, establishing
that classical clustering methods with minimal modi cations can achieve competitive hate de-
tection with favorable energy-performance trade-o s. Second, demonstrating that the same
e ciency principles extend to the harder problem of predicting content ambiguity: whether
a given instance is likely to evoke disagreement among human annotators.

1.1 Thesis Contributions

The work carried out in this thesis focuses on multimodal sexism, misogyny and disagreement
detection by (1) proposing lightweight and computationally e cient frameworks, and (2)
systematically analyzing their e ectiveness and sustainability. The main contributions of the
thesis are summarized as below:

" Aconstrained clustering framework based on classical clustering methods is proposed,
introducing a regularization strategy in the embedding space to e ectively exploit the
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representational power of pretrained models. The study further examines how pro-
gressively increasing the amount of labeled data a ects both performance and energy
usage, revealing the trade-o s that emerge when moving from limited to fully super-
vised training. This framework establishes that competitive hate detection is achiev-
able with minimal computational cost, but treats annotation labels as unambiguous
ground truth, a limitation that motivates the explicit modeling of disagreement in the
subsequent contribution.

Building on the e ciency principles established through clustering, a supervised con-
trastive learning framework is introduced that addresses both hate detection and dis-
agreement detection. The framework treats disagreement detection as a classi cation
task: predicting whether annotators will agree or disagree on a given piece of con-
tent. Extensive evaluation across pretrained encoders, fusion strategies, and aggrega-
tion methods reveals that the same lightweight architecture performs best on both
tasks, though disagreement detection proves fundamentally harder, re ecting the chal-
lenge of predicting human perceptual ambiguity. The framework is further extended

to joint prediction, enabling a single model to simultaneously detect misogynistic con-
tent and identify ambiguous cases requiring human review.

A~

Adetailed analysis ofthe trade-o0 between model performance and carbon energy con-
sumption is conducted, demonstrating the e ciency of the proposed methods com-
pared to baseline approaches. Throughout both contributions, computational e -
ciency is treated not merely as a desirable property but as a design constraint.

1.2 Organization of Thesis
The thesis is organized as follows:

" CHAPTER 1: INTRODUCTION. This chapter introduces the overall scope of the
thesis, presenting the central themes and key concepts that guide the research. It also
outlines the main contributions and provides a roadmap for the remainder of the work.

" CHAPTER 2: PRELIMINARIES. This chapter presents the foundational concepts
relevant to the study, with particular focus to misogyny, sexism, annotator disagree-
ment, and Green Al It further o ers an overview of multimodal Al and contrastive
learning, which are the core part of the thesis.

" CHAPTER 3: LITERATURE REVIEW. This chapter surveys the state of the art
in hate speech detection, with a speci ¢ focus on misogyny and sexism. It also reviews
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existing approaches within the Learning with Disagreements paradigm and examines
current Green Al methodologies.

" CHAPTER 4: DATASETS AND EVALUATION METHODS. This chapter de-
scribes the datasets employed throughout the experimental work and details the eval-
uation methodologies used to assess model performance. It also provides an overview
of the vision language models considered in the study.

" CHAPTER5: SEMI-SUPERVISED CLUSTERING FOR SEXISM AND MISOG-
YNY DETECTION. This chapter explores a constrained clustering strategy designed
to address the challenges of misogyny and sexism detection. The approach leverages
the representational strength of large pretrained models while minimizing the need for
extensive labeled data or computationally expensive training.

" CHAPTER 6: CONTRASTIVE LEARNING BASED METHOD FOR IDEN-
TIFYING HATE AND DISAGREEMENT. This chapter presents the proposed
framework and the methodologicalinnovations developed to tackle multimodal misog-
yny detection and annotator disagreement. It further extends the method to a joint
Hate Disagreement prediction task and discusses the associated challenges.

" CHAPTER 7: CONCLUSIONS AND FUTURE WORKS. This thesis concludes
with a summary of the main ndings and an overview of the most signi cant contribu-
tions to research in this eld. It also suggests directions for future research that could
build upon the ndings presented in this thesis.



2 Preliminaries

In this chapter, we introduce the foundations of this PhD thesis in order to give the reader
most of the required knowledge to engage the rest of this thesis. This chapter starts with an
overview of the three main concepts addressed within this thesis: hate, disagreement, and
green Al. Then, we also provide a broader view of multimodal Al, which constitutes the core

of the data used in this thesis. We also provide an overview of the contrastive learning, which
is one of the key methodological approaches employed in our research.

2.1 Hate Speech

The term 'Hate Speech' was introduced by a group of legal scholars in the United States
during the late 1980s, who sought to describe and compare how di erent legal systems ad-
dressed forms of harmful racist expression [23]. Hate speech is widely recognized as a complex
phenomenon, intrinsically associated with relationships between groups, and also relying on
language nuances. Although it has long been a persistent social issue, its forms and modes of
expression have evolved signi cantly over time, particularly with the rise of digital commu-
nication platforms. As aresult, de ning hate speech has become a central challenge in both
academic research and policy development.

Despite extensive scholarly attention, there is still no universally accepted de nition of hate
speech. Many authors highlight that existing de nitions are often vague, inconsistent, or con-
tradictory [59]. For instance, [9] emphasize the absence of a single agreed-upon de nition.
Table 2.1 summarizes several in uential de nitions proposed by institutions and researchers.
In this thesis, we adopt the common conceptual thread shared across these de nitions, un-
derstanding hate speech as expressions that target, demean, or harm individuals or groups on
the basis of assigned or perceived group characteristics such as ethnicity, nationality, gender,
sexual orientation, disability, or religion.

Following the de nitions presented above, itis important to consider the broader environ-
ment in which hate speech circulates. It has been growing in recent years, not only in face-
to-face interactions but also in online communication. This issue is made worse by social
media platforms, which facilitate the quick dissemination of o ensive, profane and obscene
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Source De nition

[160] Public shouting at someone contrary to good morals and private
defamation.

[104] Language which attacks or demeans a group based on race, eth-

nic origin, religion, disability, gender, age, or sexual orienta-
tion/gender identity.

[67] Hate speechis a derogatory expression (e.g., words, posts, text mes-
sages, images, videos) about people (directly or vicariously) on the
basis of assigned group characteristics (e.g., ethnicity, nationality,
gender, sexual orientation, disability, religion), based on an inten-
tion to harm and with the potential to cause harm at individual,
communal, or societal levels.

[119] Any kind of expression that targets individuals or groups based on
their gender, sexual orientation, race, religion, ethnicity, or nation-
ality.

[145] Any kind of communication in speech, writing, or behaviour that

attacks or uses pejorative or discriminatory language with refer-
ence to a person or a group based on their religion, ethnicity, na-
tionality, race, colour, descent, gender, or other identity factor.

Table 2.1: De nitions of Hate Speech from Literature

language, among other inappropriate content. This content spreads through various means,
such as text, images, multimedia, and other forms of digital communication. Despite the
negative nature of this content, it unfortunately possesses certain qualities that contribute to
its rapid dissemination.

In light of this growing digital exposure, the harms associated with hate speech become
even more signi cant. This type of speech can incite violence, promote prejudice, and cause
various other harmful e ects on individuals and communities. The consequences faced by
victims of targeted hate speech are not limited to physical harm; they also experience a pro-
found sense of dread and rejection within their communities. Recognizing the urgency to
create online spaces free of racism and hate speech, researchers emphasize the importance of
early detection mechanisms to mitigate the pervasive harm caused by such content[50].

2.1.1 Sexism and Misogyny

Sexisms a type of bias and prejudice that leads to harmful sex-based stereotypes and societal
expectations. It often involves a combination of gender-based beliefs, attitudes, and actions
thatresultin uneven treatment of men and women. It often promotes the belief that one gen-
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der is superior to another. Although it can a ect individuals of any gender, women are most
often its primary targets [42]. This bias is deeply rooted in history and culture, shaped by
long-standing ideas of male superiority, and continues to in uence many areas of life, includ-
ing the workplace, politics, society, and the family [43]. Such experiences have been shown
to harm women's self-esteem, cognitive performance, career ambitions, and encourage tradi-
tional gender roles and dependency behaviors [75].

Sexism can take several forms, including blatant, covert, and subtle sexism [16]. Blatant
sexism refers to obvious and intentional unequal treatment of women, whereas covert sex-
ism involves similarly intentional discrimination that is deliberately concealed. In contrast,
subtle sexism consists of unequal treatment that often goes unrecognized because it appears
normative. Itis hidden like covert sexism, but it is not intentionally harmful. Subtle sexism
is considered especially important because it is widespread [16] and can have insidious e ects
on its targets [141].

Within this broader category of sexism, Misoggpyesents a signi cant form of hate
speci cally targeting women [118]. The term misogyny has historically referred to hate or
contemptforwomen, ameaning recorded as early as 1656. Its etymology is direct: the Greek
miso means hatred, and gune means woman [153, 65]. Over time, dictionary de nitions
have evolved. In 2002, the Oxford English Dictionary broadened its de nition from hatred
of women to a feeling of hate or dislike towards women, or a feeling that women are not
as good as men, while the American Heritage Dictionary de nes misogyny as hatred or
mistrust of women [65]. Scholars further describe misogyny as a cultural disposition of
hostility towards women solely based on their gender [66].

With the rise of social networks, long-standing hostility toward women has found new
forms of expressionin digital communication. Although online spaces have enhanced women's
voices, they have also become fertile ground for the spread of misogynistic content. The on-
line environment enables misogyny to appear in many linguistic forms, from subtle exclu-
sion and discrimination to more explicit expressions such as sexual objecti cation and violent
threats [49]. Such content is constantly spreading online and a ecting the safety and well-
being of women across various platforms. According to a report, women are more a ected
by online harassment compared to other groups [44]. A related study in the United States
showed that 33% of women under 35 have experienced sexual harassment online, in contrast
to 11% of men [148]. Another report noted that although interpersonal violence can a ect
individuals of any gender, women are much more likely to experience severe types of abuse,
bothin digital spaces and in everyday life [143]. Overall, these ndings highlightthe persistent
and evolving nature of sexism and misogyny across modern social and digital contexts.
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2.1.2 Disagreement

Modern machine learning (ML) systems rely heavily on large datasets annotated by humans,
whether through crowdsourcing platforms or spontaneous online interactions. Traditional
annotation practices typically assume that each instance has a single correct label called gold
standard. However, this assumption oversimpli es how humans perceive and categorize
complex and subjective phenomena. In practice, annotation projects frequently encounter
Disagreement, which may arise from accidental mistakes, misunderstandings, task ambigu-
ity, or the annotators' subjective beliefs [105].

This issue is particularly pronounced in hate speech detection, where de nitions are in-
herently subjective. Di erences in cultural backgrounds, personal experiences, and contex-
tual interpretations lead annotators to classify the same content in di erent ways. What one
annotator perceives as hateful may be considered non-hateful by another. Such variability
highlights the importance of acknowledging multiple viewpoints rather than imposing a sin-
gle correct interpretation.

Recognizing this challenge, researchers have begun to question the classical gold--standard
paradigm and explore alternative ways of de ning ground truth. Perspectivism [52] pro-
poses preserving annotations from multiple individuals to model the diversity of human
judgments. Instead of collapsing disagreement into a single label, perspectivist approaches
retain soft labels that re ect the distribution of annotator opinions, thereby capturing the
range of interpretations present in the data.

Building on this idea, the Learning With Disagreement (LeWgdanadigm [144] shifts
the focus from majority voting to models that explicitly learn from diverse perspectives. Rather
than discarding disagreements, LeWiDi incorporates all annotator interpretations into the
learning process, enabling models to better re ect the complexity of subjective tasks such as
hate speech detection.

This broader recognition of subjectivity has encouraged the development of new ground-truth
frameworks. Recent work proposes a spectrum ranging from the traditional gold standard
to a diamond standard, where multiple labels are preserved throughout the entire ML
pipeline. Empirical studies further show that training on soft labels can outperform training
on aggregated labels, particularly when datasets are large and annotators are reliable. Similar
ndings in hate speech classi cation demonstrate that models informed by multiple anno-
tator perspectives achieve better performance than those trained solely on fully aggregated
labels [105].
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2.2 Green Al

The term Green Atefers to Al research that yields novel results while explicitly considering
the computational cost, encouraging a reduction in the resources required to achieve those
results [133]. This de nition provides a foundation for understanding the growing concern
around the environmental impact of modern machine learning systems.

Over the past decade, arti cial intelligence (Al) and machine learning (ML) have trans-
formed numerous sectors including healthcare, nance, transportation, education, and en-
tertainment, by signi cantlyimproving e ciency and accuracy. Achieving these performance
gains has required increasingly complex models with rapidly growing numbers of parameters.
These state-of-the-art NLP and machine learning models require large quantities of energy
and water to cool the data centers that store and process massive datasets. This intensive
energy use contributes to global warming and can have broader social, health, and safety im-
plications [24]. As the environmental impact of these technologies continues to rise, con-
cerns about their carbon footprint have motivated the emergence of Green Al paradigm.
This paradigm aims to mitigate these impacts by optimizing algorithms, improving hard-
ware e ciency, and adopting sustainable data-management strategies. Approaches under the
Green Al umbrella emphasize low-carbon computation, smaller and more e cient models,
reduced complexity, and greater transparency. These practices support energy-e cient solu-
tions across cloud infrastructures as well as mobile and edge devices [20].

Key areas of Green-Al research include: (i) Minimizing energy usage: Creating Al models
and algorithms that demand less energy during training and operation; (ii) Harnessing re-
newable energy sources: Utilizing clean energy options like solar and wind power to drive Al
processes; (iii) Optimizing hardware: Engineering Al-speci ¢ hardware designed for superior
energy e ciency [132].

A related distinction in the literature contrasts Red Al and Green Al [133]. According
to them, Red Al refers to research that prioritizes performance gains such as higher accu-
racy by scaling up computational resources without regard for cost or environmental im-
pact. In contrast, Green Al emphasizes achieving strong results while explicitly accounting
for computational e ciency and resource usage. While Red Al has driven rapid increases
in carbon-intensive computation, Green Al encourages methods that balance performance
with sustainability, promoting more favorable performance to e ciency trade-o s.

Strategies for Green Al

Green Al is not limited to a philosophical shift toward sustainability; it also encompasses a
set of concrete technical strategies designed to reduce computational cost while maintaining
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competitive model performance. These strategies operate at di erent levels of the machine
learning pipeline, including model architecture, training procedures, and data management.
This subsection outlines the foundational model-level techniques that enable e cient and
environmentally responsible Al development.

Model-Level Strategies

Model-level Green Al techniques focus on reducing the size, complexity, and computational
demands of machine learning models. These approaches are particularly relevant for modern
NLP systems, where transformer-based architectures often contain hundreds of millions of
parameters and require substantial energy for both training and inference.

Pruning. Pruning is the process of eliminating unnecessary characteristics from a model
to make it faster and lighter without sacri cing performance. Pruning deep neural networks
can minimize model size and computational complexity without substantially a ecting accu-
racy [98]. It can be done in a number of ways, including Weight Pruning, Magnitude-Based
Pruning, Unit Pruning and Filter Pruning.

Quantization. A set of techniques known as quantization techniques is employed in

deep neural networks to decrease numerical representation precision without sacri cing per-
formance. In order to minimize memory use and computational costs during inference, these
methods seek to encode weights and activations using fewer bits than conventional oating-
pointrepresentations [18]. Weight quantization, activation quantization, and hybrid quanti-
zation methods are a few of the quantization technigues available; each has a unique strategy
for maximizing model e ciency.

Knowledge Distillation.  Transferring knowledge from a big, complicated model (teacher
model) to a smaller, simpler model (student model) is known as knowledge distillation. With
less constraints, the student model learns to imitate the teacher's actions. This method is very
helpful for implementing Al systems on gadgets with limited processing power, like smart-
phones or Internet of Things devices [35].

Lightweight Transformer Architectures. E ciency has been speci cally con-

sidered in a number of transformer variations. To lower the number of parameters and com-
putational expense, models employ strategies like factorized embeddings, bottleneck layers,
or e cient pretraining objectives. These lightweight architectures provide strong baselines
and o er a sustainable alternative to full-scale models.

10
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Training-Level Strategies

Training-level Green Al strategies focus on reducing the computational cost associated with
model optimization. These techniques aim to minimize the number of trainable parameters,
shorten training duration, and avoid unnecessary computation, all while maintaining strong
task performance.

Parameter-Efficient Fine-Tuning (PEFT). PEFT proposed by [60], involves freez-

ing most of the parameters of pre-trained language models while updating a limited number
oftask-speci c parameters. This saves or transfers just one general pre-trained language model
along with the adjusted parameters for each task. PEFT equals the performance of full ne-
tuning with less than 1% of the PLM parameters updated, aside from memory and training
cost savings [87].

Early Stopping. Early stopping is a training strategy that halts the learning process as
soon as the performance of the model on validation set stops improving. This prevents over-
tting while avoiding unnecessary training epochs, thereby reducing energy consumption.
As a simple yet e ective strategy, early stopping is widely used in practice and aligns naturally
with Green Al principles.

Data-Level Strategies

The goal of Data-Level techniques is to lessen reliance on big annotated datasets, which are
frequently expensive to produce and manage. These methods increase data e ciency and
allow models to learn e ciently with less guidance.

Weak Supervision. Weak supervision refers to training models using automatically gen-
erated or noisy labels instead of fully manual annotations. It typically relies on heuristics,
rules, or external knowledge bases to create large amounts of approximate training data.

Active Learning. The basic concept of active learning is that if a machine learning al-
gorithm is given the freedom to select the data it learns from, it can perform better with less
training. In many recent machine learning and data mining applications, where unlabeled
data may be plentiful or readily available but training labels are costly, time-consuming, or
di cult to get, this kind of technique is highly motivated [134].

Self-Supervision. Self-supervisedlearning (SSL) is amachine learning paradigminwhich
amodelis trained on a task utilizing the data itself to produce supervision instead of depend-

11
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ing on labels from outside. SSL begins with pseudo-label training to initialize the model, then
supervised or unsupervised learning is used to complete the task.

2.3 Multimodal Al

A modality describes the form through which information is conveyed or experienced. In
everyday contexts, the term is often linked to sensory channels such as vision, hearing, or
touch, which serve as our primary means of perceiving and communicating. Atask or dataset
is therefore considered multimodal when itincorporates information from more than one of
these channels [13].

In arti cial intelligence, multimodal understanding refers to the ability of models to pro-
cess and combine information from di erent modalities such as text, audio, and images, to
achieve a more complete interpretation of the input. For example, summarizing a soccer
match requires integrating visual information (player actions, goals) with audio cues (crowd
reactions, commentary) [53]. Growing interest in this area re ects the recognition that mul-
timodal data enables Al systems to form richer and more accurate representations of complex
events. Despite its potential, multimodal learning presents signi cant challenges. One of the
most di cult aspects is e ectively integrating multiple modalities so that their complemen-
taryinformationis captured. Achieving this requires careful architectural design, appropriate
training strategies, and a solid understanding of how di erent modalities interact and in u-
ence one another.

Within this broader context, Memesve emerged as a notable medium for communicat-
ing these concepts in an engaging manner [34]. Memes are ubiquitous form of multimedia
that are created by overlaying text onto images. These humorous or satirical messages have
gained immense popularity as a means of communication, spreading rapidly among individ-
uals. Although the majority of internet memes are harmless and amusing, some of them are
the source of spreading inappropriate or hateful content. Manually monitoring such material
is extremely di cult due to the sheer volume of data circulating online.

Figure 2.1: Examples of multimodal memes where the image and text appear harmless when viewed
separately but convey a hateful meaning when combined. Source: MAMI Dataset [48].

12
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Automated detection methods face additional challenges because memes are inherently
multimodal: understanding them requires interpreting both the visual component and the
accompanying text, as well as the contextual relationship between the two. While humans
possess an inherent capability to comprehend the meaning conveyed by the fusion of text
and images in memes, machines struggle to perform this type of complex task. In many cases,
neither the image nor the text alone carries an explicitly hateful message; it is their combina-
tion that produces a harmful or derogatory meaning. Figure 2.1 provides an example of this
phenomenon where the textual caption and the visual content seem harmless when viewed
separately, but when combined, they suggest hatred. This reliance on the interaction be-
tween text and image makes hateful memes especially di cult for automated systems. They
must not only understand each modality individually but also interpret the hidden meaning
that appears when the two are combined. Therefore, multimodal hate speech detection re-
quires models that can capture contextual associations, subtle semantic clues, and culturally
grounded interpretations that people can understand clearly.

2.4 Contrastive Learning

The roots of contrastive learning trace back to the 1990s, when the idea was rst introduced
alongside the Siamese network architecture [22]. The general idea of contrastive learning
is to choose an anchor sample, push it away from 'negative' samples in the embedding space,
and pullittoward 'positive’' examples. In unsupervised settings, a positive pair usually consists
of data augmentations of the anchor, while negative pairs consist of the anchor and randomly
chosen samples. A contrastive loss function such as max-margin, triplet or N-pairs loss, is
used as a training objective.

Khosla et al. [71] extended this approach to the supervised setting by analyzing the two
versions of new supervised loss functions that allow multiple positives per anchor. This su-
pervised extension addresses a key limitation of the unsupervised approach: the inability to
distinguish between semantically similar samples that lack explicit label information. In un-
supervised contrastive learning, such samples may be incorrectly treated as negatives, leading
to suboptimal representations. By incorporating label supervision, the supervised contrastive
framework allows multiple semantically related samples to be treated as positives, thereby
improving the model's ability to learn more discriminative and meaningful embeddings. As
shown in Figure 2.2, the supervised setup correctly identi es both visually similar and se-
mantically related samples as positives, whereas the unsupervised variant misclassi es some
of them as negatives due to the absence of label guidance. This re nement has proven espe-
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cially bene cial in tasks where ne-grained semantic distinctions are crucial, such as image
classi cation, natural language understanding, and multimodal learning.

Figure 2.2: lllustration of the di erence between unsupervised contrastive learning and the supervised
contrastive learning framework. Source:[71]

14



3 Literature Review

This chapter reviews the key research areas that form the foundation of this thesis. It be-
gins with a review of the research work on hate speech, misogyny, and sexism, outlining the
challenges involved in detecting harmful content online. It also examines methodological
advances such as contrastive learning and semi-supervised approaches, which o er e ective
solutions when labeled data s limited. Then areview of research on disagreementis included.
Subsequently, the chapter discusses recent work in Green Al, emphasizing the growing im-
portance of e ciency and sustainability in modern machine learning. Finally, it presents the
state-of-the-art in vision language models, providing an up-to-date perspective on the mul-
timodal architectures. Together, these areas provide the background needed to understand
the contributions of this thesis.

3.1 Hate Speech

The detection of hateful and abusive content on social media has attracted signi cant re-
search attention, beginning with early text-focused approaches and progressively expanding
toward multimodal and semi-supervised techniques. Machine learning methods including
Support Vector Machines (SVM), Naive Bayes, and Logistic Regression were primarily used
by early detection systems. To represent text data, these approaches frequently rely on hand-
crafted features such as Term Frequency-Inverse Document Frequency (TF-IDF) [33, 3], Bag
of Words (BoW) [97] or n-grams [151] while a few others [120, 54] focus on investigating the
phenomenon from a linguistic point of view. Although these methods have been proven ef-
fective, they usually require extensive feature engineering and had di culty capturing deeper
semantic cues and contextual subtleties.

The adoption of deep learning methods [37, 15] that use neural networks for automatic
feature extraction have become more popular in recent years. Methods like Long Short Term
Memory (LSTM) networks and Convolutiona Neural Networks (CNNs) have been used to
improve detection accuracy, because they are able to identify the complex patterns in data
[103, 135, 70, 4]. These methods substantially improved representation quality and clas-
si cation accuracy for textual data. Multi-task learning has also been explored to transfer
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knowledge across related tasks, with [68] showing that leveraging multiple classi cation ob-
jectives can enhance abusive language detection. Similarly, phonetic-aware deep models have
been applied to Viethamese social networks, where [79] demonstrated that capturing syllable
structures improves diacritics generation and downstream hate speech detection.

Beyond text, researchers have explored contextual and structural signals. [100] proposed
DRAGNET++, which models tweet reply chains to predict hatred intensity, while [102]
used hypergraph convolution to capture ne-grained features. To improve detection in low-
resource settings, [138] introduced the Knowledge Augmented Abusive Language Detection
(KALD) framework, integrating contextual reconstruction and contrastive learning.

With the advent of transformer-based architectures, large language models have been in-
creasingly employed for the detection of hateful content [147, 29]. These models use ex-
tensive pretraining on a variety of corpora and deep contextual knowledge to detect implicit
kinds of hate speech that are frequently overlooked by conventional approaches.

Hateful content on social media often appears in multimodal formats, such as memes that
combine text and images, where text-only approaches fall short. To address this, recent stud-
ies have shifted toward multimodal approaches, from simple fusion techniques [47] to so-
phisticated vision-language models that jointly learn text image representations, such as Vi-
sualBERT [84], CLIP [117], and BLIP [81]. These models have shown good performance
in detecting hate and o ensive memes. They are frequently improved using attention-based
architectures [10] or advanced fusion methods [155]. In this context, [146] highlighted the
importance of cross-modal consistency, showing that visual and textual modalities may be
discordant and proposing a CLIP-based architecture to identify the modality responsible for
misclassi cation.

3.2 Sexism and Misogyny

Sexism and Misogyny is one of the crucial aspects of abusive speech online. Given its damag-
ing impact on social media platforms, the detection and mitigation of sexist and misogynistic
content has become an important area of study. [8] made an in uential contribution by in-
troducing the rst dataset of misogynistic tweets and utilizing machine learning models for
classi cation. As the eld evolved, researchers realized the fact that hate speech spreads not
only through text but also through visual elements.

Memes are currently one of the most popular multimodal means of communication on
social media which typically combine an image with a text. Many studies have implemented
both unimodal and multimodal techniques to analyze them. The rst contribution in this
areawas by [47], who investigated the unimodal and multimodal approaches on the Memes
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datasetto detect misogynous content. Another main contribution in addressing the problem
of automatic detection of misogyny in memes was presented by the SemEval2022 Task 5 [48]
in which the tasks on misogynous content identi cation and categorization were presented
as achallenge.

Researchers have used transformer and non-transformer methods to detect misogyny and
sexim in memes. [46] employed convolutional neural networks (CNNs) with traditional
word tokenization techniques to detect sexism in augmented dataset. [157] used Bi-LSTM
with transfer learning to di erentiate harmless samples from sexism and other type of hateful
content.

Following this, [125] evaluated four unimodal and three multimodal strategies to assess
which modality contributes more e ectively to misogynous meme detection. Their work
also introduced a bias estimation technique to identify potentially unfair elements and a bias
mitigation strategy to remove them. Similarly, [76] also proposed novel metrics to quan-
tify model bias and evaluated strategies to mitigate this bias. [154] proposed a brain-inspired
multimodal fusion framework that enhances hateful meme detection by progressively rein-
forcing auxiliary contexts onto main semantics to mitigate cognitive biases. [14] investigates
an attention-based approach to improve performance over baseline multimodal models, like
CLIP and ViLT, by assigning separate importance to the textual and visual representations.
[108] rely on the CLIP model to extract the embedded text and image, and then combine
them by diagonal multiplication to obtain the classi cation models.

Another line of work focuses on representation-learning approaches, which typically rely
on lightweight architectures. Examples include MOMENTA [115], Prompt-Hate [25], and
HateClipper [74]. MOMENTA enhances intra-modality attention by incorporating exter-
nalfacial recognition features and background knowledge into the CLIP framework. PromptHate
rst converts images into textual descriptions and then performs classi cation using a lan-
guage model. HateClipper generates a text-image interaction matrix for the integration of
multimodal information. Overall, these methods provide e cient classi cation pipelines
while requiring fewer parameters.

Inarecentwork by [122], the researchers proposed a multimodal framework for detecting
misogynistic content by adaptively fusing visual-textual features through attention mecha-
nisms, graph-based re nement, and content-speci c feature learning. The approach incor-
porates misogyny lexicons and test-time augmentation to improve generalization in identi-
fying toxic patterns. Several studies have since explored misogyny detection across multiple
languages beyond English [107, 120, 136]. More recent shared tasks such as IberLEF [28]
and EXIST [112], now explicitly address multilingual misogyny detection and continue to
engage a growing international research community.
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3.2.1 Contrastive Learning based Approaches

With the advent of contrastive learning, researchers have applied contrastive learning based
solutions for a variety of problems [123, 85]. In the context of unimodal sexism and misogyny
detection, several studies have explored contrastive learning to enhance representation qual-
ity. For example, [92] jointly optimize self-supervised and supervised contrastive losses to
capture span-level information that goes beyond token-level emotional semantics. Similarly,
[121] incorporate a threshold-based contrastive learning strategy in which cosine similarities
between embeddings are computed, and only sample pairs exceeding a learnable similarity
threshold are treated as positive pairs.

The CLIP model developed by OpenAl[117] has shown to be a creative solution for many
multimodal challenges. [88] developed a multimodal framework for the detection of hate-
ful memes using Hateful memes dataset by Facebook Al [72]. In their study, they upsam-
pled contrastive samples to promote multimodality and employed cross-validation ensemble
learning to increase robustness, hence achieving better performance than current multimodal
techniques.

Additionally, [30] experimented with contrastive learning to detect misogynous memes
by using language content from the meme followed by the appropriate label as the training
text for CLIP model. Furthermore, they carried out an exploratory study of the training
data to determine which features are more important for a class. Other study introduced
knowledge-augmented frameworks that integrate contextual and category-based contrastive
learning [138]

RMIT-IR [137] proposed two supervised contrastive learning models based on CLIP (i.e.,
Text-Image multimodal model via CLIP-guided learning (T1-CLIP) and Text-Image Multi-
View multi-modal model via CLIP-guided learning (TIMV-CLIP)). In a recent study by
[159], researchers used Semantic Contrastive Learning based solution to detect toxic euphemisms
on social media. They also employed a dual-channel module to enrich toxic comments with
background knowledge, enhancing the detection of toxic euphemisms.

In another recent study,[140] introduces a contrastive learning framework called HATE-
SIEVE that addresses the lack of ne-grained meme annotations. Its Contrastive Meme Gen-
erator (CMGen) constructs contextually aligned triplet datasets by generating semantically
similar but contrasting hateful and non-hateful memes. Combined with an Image Text
Alignment module, this enables the model to learn subtle distinctions in multimodal con-
tent and improves segmentation and classi cation performance.
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3.2.2 Semi-Supervision based Approaches

Although deep learning and transformer-based models have achieved strong performance
in misogyny and sexism detection, they are highly data-dependent. Large-scale annotated
datasets are costly and time-consuming to obtain, especially for low-resource languages. [106]
describe this challenge as data voracity, highlighting the di culty of scaling supervised mod-
els without signi cant annotation e orts. Furthermore, supervised methods often struggle

to generalize across domains, platforms, and modalities, where expressions of hate vary con-
siderably.

To reduce reliance on exhaustive labeled data, researchers have explored semi-supervised
learning (SSL), which leverages small labeled datasets alongside large pools of unlabeled data.
Pseudo-labeling has been widely adopted in this context, though its e ectiveness depends
heavily on data characteristics and selection strategies [96]. In this direction, several uni-
modal clustering-based approaches have been proposed for sexism and misogyny detection.
[6] introduced a self-training method that iteratively labels an unlabeled corpus of ve mil-
lion tweets, resulting in the largest supervised Arabic OHS dataset. [11] developed a proba-
bilistic clustering model to address the limitations of binary classi ers in capturing overlap-
ping emotional signals in hate speech. Similarly, [41] evaluated label-propagation-based semi-
supervised learning, comparing pretrained and task speci ¢ representations derived from a
small labeled corpus. [129] proposed a novel framework for detecting and categorizing sex-
ism on social media by integrating unsupervised task adaptation, semi-supervised learning,
and semantically enriched representations. [2] presented semi-supervised techniques to aug-
ment the labeled dataset for multi-label, multi-class sexism classi cation.

Addressing multilingual challenges, [101] proposed a semi-supervised framework com-
bining Generative Adversarial Networks (GANs) with pretrained language models such as
MBERT and XLM-RoBERTa, achieving strong performance in cross-lingual hate speech
detection with limited supervision. Other approaches include semi-meta-supervised tech-
nigues [116] and multi-task learning methods [68, 1], which utilize information shared across
multiple related classi cation tasks to enhance the performance of each individual task or to
improve the categorization of sexism.

For multimodal misogyny detection, a recent study [69] evaluates several semi-supervised
learning (SSL) approaches onthe memes dataset. The authors train a GRU-based model with
GloVe embeddings and compare three SSL techniques:self-training, co-training, and mean
teacher. Their results show that the self-training strategy achieves the strongest performance
among the evaluated SSL methods.
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3.3 Disagreement

The detection of hate speech is a complex and evolving eld, largely due to its subjective na-
ture, which often leads to disagreement during dataset annotation. Annotation disagreement
occurs when di erent annotators assign di erent labels to the same data due to di erences

in their perspectives, cultural backgrounds, or interpretations. In hate speech detection, this
is common because what one person nds o ensive or hateful might seem acceptable to an-
other. These di erences come from factors like language, societal norms, and personal biases,
making labeling a subjective and challenging task.

To address this challenge, the Learning With Disagreement (Lep&4Ridligm was in-
troduced [144], shifting the focus away from traditional majority voting towards models
capable of learning from diverse perspectives. Rather than discarding disagreements, this
approach preserves all interpretations provided by annotators. In the challenges proposed
related to LeWiDi [144, 80], the objective was to establish a uni ed framework for learn-
ing from disagreements in both Natural Language Processing (NLP) and Computer Vision
(CV). In EXIST 2023 [113], another challenge was presented to identify and classify sexism
following the LeWiIDi paradigm during the labeling process. It leverages the multiple per-
spectives, increasing dataset richness and improving the ability of models to generalize across
di erentinterpretations of harmful content. In EXIST 2024 [114][112], they extended this
approach for multimodal data in the form of memes, which was another big step toward con-
sidering perspectives of annotators. These challenges aimed to provide datasets that highlight
disagreements in language interpretation and image classi cation tasks. A related contribu-
tionis presented by [32], who also move beyond majority-vote aggregation by modeling each
annotator's perspective. Their multi-annotator, multi-task framework treats the prediction
of each annotator's judgment as an individual subtask while sharing a common underlying
representation.

In a study by [130], the authors investigated how humans annotate data and why such
disagreement occurs. They used a mixed-method approach to develop and test a multidi-
mensional scale that captures individual di erences (e.g., age, personality) in uencing the
decisions of annotators. Another work [126] identi ed a set of key properties that the met-
rics should have to do a fair comparison between models under LeWiDi.

Rizzi et al. [127] developed an unsupervised probabilistic framework to identify textual
and visual triggers of annotator disagreement in misogynous memes. Their method employs
an Element Disagreement Score (EDS) to evaluate how individual components relate to sub-
jective labeling, utilizing mBERT embeddings to generalize for unseen terms. By aggregating
these into a Multimodal Disagreement Score (MDS), the researchers demonstrated that com-
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bining modalities is essential for capturing nuanced intent, matching state-of-the-art perfor-
mance with signi cantly fewer parameters.

In multilingual context, [56] developed a multilingual XLM-R transformer model ne-
tuned on English, Italian, and Slovenian datasets to explore how inter-annotator disagree-
ment can be e ectively incorporated into the training pipeline Their methodology compared
several strategies, such as Duplicate All (DA) which retains all annotations and Duplicate Dis-
agreement (DD), while employing a weighted cross-entropy loss function to address class im-
balance in minority hate speech categories. In the context of Turkish social media, Dehghan
etal. [36] ne-tuned a BERTurk transformer model to evaluate various strategies for manag-
ing annotator disagreement in multi-label hate speech classi cation and strength prediction.
Their methodology compared several aggregation techniques to establish ground truth from
subjective labels, including weighted majority voting and speci ¢ strategies such as selecting
the minimum, maximum, or mean label when no clear majority existed.

One recent study [128] proposes a lightweight approach that models perspectivism by
combining contextualized embeddings of sentence components with weighted probability
functions. Their ndings show that only a small set of linguistic and contextual cues can ef-
fectively act as proxies for identifying sentences likely to be perceived di erently across anno-
tators. Notably, this method achieves strong performance without relying on large or compu-
tationally expensive language models, underscoring the value of e cient, interpretable rep-
resentations in perspectivism-aware hate speech detection.

The study of literature shows that no existing research has focused on the detection of
annotator disagreement in multimodal datasets, a gap that this work addresses for the rst
time paving the way for the development of more robust and reliable models for disagreement
detection.

3.4 Green Al

Despite advancesin supervised learning approaches for hate speech detection[156, 122], their
success largely depends on the availability of large-scale annotated datasets. One of the cen-
tral challenges in this domain is data voracity, re ecting the substantial demand for high-
quality labeled data that can be costly and di cult to procure. To overcome this limitation,
researchers often rely on pretrained or foundation models trained on other tasks and trans-
fer them to hate speech detection [106]. However, such transfer may not always capture the
nuances of hate speech, especially in underrepresented languages and multimodal settings.
Moreover, the reliance on large-scale pretrained models introduces signi cant computational
demands, with studies showing that ne-tuning and deployment of such architectures can
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incur substantial energy usage and carbon emissions [95]. For instance, training and ne-
tuning large Transformer architectures has been estimated to produce emissions equivalent
to the lifetime emissions of ve US cars[139]. More broadly, the rapid growth of Al pipelines

is projected to account for nearly 2% of global carbon emissions by 2030 [94], underscoring
the urgent need for sustainable practices in machine learning research. Moreover, the Stan-
ford report summarized in Figure 3.1, shows the carbon emissions associated with training
frontier Al models over recent years. Their estimation tool computes emissions based on
several factors, including the type of hardware used, total training hours, cloud provider,
and geographical training region. According to the report of Stanford Al (illustrated in the
Figure 3.1), the carbon footprint of training state of the art models has increased steadily,

re ecting the escalating computational demands of modern Al systems.

Figure 3.1: Stanford Al Index report illustrating the increase in carbon emissions from training fron-
tier Al models over recent years.

Due to the growing climate crisis, a growing body of research is focusing on reducing the
environmental impact of Deep Neural Networks (DNNs) [132]. Green Al techniques cover
a broad range of strategies, including model-level compression, e ective training processes,
and data-centric methods, all of which work together to reduce computing cost without sac-
ri cing model performance.

At the model level, pruning and quantization remain among the most widely explored
techniques. [19] examined pruning and quantization strategies designed for NLP architec-
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tures, demonstrating that substantial reductions in model size can be achieved with minimal
performance degradation. Similarly, [109] introduced pruning and quantization algorithms
speci cally designed for Vision Transformers, enabling their deployment on resource-constrained
edge devices. Beyond compression, lightweight transformer architectures have also emerged
as a promising direction. ALBERT [77], a lighter version of BERT model, signi cantly re-

duces parameter count through extensive parameter sharing, while F-ALBERT [73] further
lowers computational cost by combining distillation with progressively reduced parameter
reuse.

Training-level methods complement these architectural innovations by reducing the cost
of ne-tuninglarge models. Parameter-e cient ne-tuning (PEFT) approachessuchasLoRA
[61]introduce small, trainable modules into transformer layers while keeping the majority of
parameters frozen, drastically lowering memory requirements. QLoRA[38] extends thisidea
by combining PEFT with quantization, enabling the ne-tuning of extremely large models
(up to 65B parameters) on a single GPU without sacri cing performance. More recently,
GreenTrainer [64] proposed an adaptive ne-tuning framework that selectively updates ten-
sors based on their computational cost and contribution to accuracy, optimizing training
according to FLOPs reduction objectives and aligning model adaptation with Green Al prin-
ciples.

Data-level strategies also play a crucial role in reducing computational demand. Tech-
nigues such as weak supervision, active learning, and self-supervised representation learning
aim to minimize reliance on large annotated datasets, which are often expensive to produce
and require repeated training cycles. For instance, [132] introduced the Play it Straight ap-
proach, which integrates e cient data selection with incremental training inspired by active
learning. By prioritizing informative samples and avoiding redundant computation, such
methods reduce both labeling e ort and training cost.

Another study introduces a weakly supervised deep learning framework aimed at identi-
fying users involved in hateful interactions [124]. The approach not only provides a quan-
titative assessment of individuals who frequently engage in such behavior but also o ers a
gualitative examination of indirect or subtle hateful exchanges. Unlike models that operate
at the level of individual posts or users, this method evaluates interactions, enabling a more
nuanced understanding of how hateful conversations unfold and who participates in them.

Together, these model-level, training-level, and data-levelinnovations illustrate the breadth
of current e orts to make machine learning more sustainable. The state of the art demon-
strates that substantial e ciency gains are achievable through compression, selective ne-tuning,
and data-e cientlearning, providing a strong foundation for developing environmentally re-
sponsible systems across domains including hate speech detection.
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Despite the growing emphasis on sustainability in machine learning, the application of
Green Al principles to hate speech detection remains limited. Most existing systems rely
heavily on pretrained vision language models such as CLIP, BLIP or GPT-based architec-
tures. While these models achieve strong performance, their training and ne-tuning require
substantial computational resources, making them costly to deploy at scale and environmen-
tally burdensome.

A key challenge in hate speech detection, particularly for misogyny and sexism, is the lack
of high-quality labeled datasets. This scarcity often motivates the use of large pretrained mod-
els, but such dependence increases energy consumption and carbon emissions.

The lack of Green Al practices in hate speech detection is especially problematic for un-
derrepresented languages and resource-constrained settings, where computational infrastruc-
ture may be limited. As aresult, there is a pressing need for models that balance accuracy with
e ciency, enabling scalable and environmentally responsible content moderation. This the-
sis addresses this gap by evaluating supervised and unsupervised methods through the lens of
Green Al, emphasizing both predictive performance and computational e ciency.

3.5 State-of-the-Art Vision Language Models

The increasing prevalence of multimodal content on social media has accelerated research on
models capable of jointly interpreting visual and textual information. Early multimodal ar-
chitectures, such as VisualBHRF], VILBERT[91], LXMERT[142],and UNITER[27],

laid the foundation for vision language understanding by extending transformer-based ar-
chitectures to process images and text in parallel. These models typically rely on region-based
visual features extracted from object detectors (e.g., Faster R-CNN), which are then fused
with textual embeddings through cross-modal attention mechanisms. Their success demon-
strated the value of deep cross-modal alignment for tasks such as visual question answering,
image text retrieval, and multimodal classi cation.

Subsequentmodelsintroduced more e cientand scalable pretraining strategies. Approaches
such as OSCAR6], VinVL [158], and ALBERB2] improved alignment by incorporating
objecttags, enhanced visual encoders, or contrastive objectives that better capture ne-grained
semantic relationships. These models enabled stronger generalization across diverse multi-
modal benchmarks and reduced reliance on heavy region-based pipelines.

The advent of large-scale contrastive pretraining, such &$1C1 |fharked a signi cant
change. Itlearns a shared embedding space where images and textual descriptions are aligned
using a contrastive objective after being trained on hundreds of millions of image text pairs.
This paradigm unlocked powerful zero-shot and few-shot capabilities, making CLIP awidely
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adopted backbone for downstream multimodal tasks, including hateful content detection
and meme analysis.

Generative multimodal models further expanded the landscape. Architectures such as
BLIP [81] combine contrastive, captioning, and image text matching objectives to produce
richerand more exible representations. These models support both discriminative and gen-
erative tasks, o ering strong performance on retrieval, captioning, and multimodal reason-
ing.

More recently, extremely large multimodal systems such as F[amiRgbl-X [26],

GIT [150], Kosmos-pL11], and other Large Vision Language Models (LVLMs) have demon-
strated impressive capabilities in open-ended multimodal reasoning, instruction following,

and few-shot learning. These models integrate massive image text corpora, sophisticated fu-
sion mechanisms, and large-scale language models to achieve state-of-the-art results across a
wide range of benchmarks. However, their substantial computational requirements, high en-
ergy consumption, and large carbon footprint limit their practicality for real-time or resource
constrained applications such as content moderation.

Within this diverse ecosystem, models like CLIP and BLIP represent a balanced middle
ground: they o er strong multimodal alignment, broad applicability, and competitive per-
formance while remaining signi cantly more lightweight than the largest LVLMs. Their ef-
ciency, accessibility, and widespread adoption make them suitable baselines for evaluating
multimodal classi cation tasks, including misogyny detection, hate disagreement modeling,
and environmentally conscious experimentation.
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4 Datasets and Evaluation
Methods

This chapter presents the datasets and evaluation methods used throughout this thesis. It
rstdescribes the MAMI and EXIST datasets, outlining their structure, annotation schemes,

and relevance to the tasks addressed in this work. The chapter then introduces the vision-
language models used as baselines. Following this, the chapter outlines the related measures
for assessing model performance and describes the carbon-footprint estimation procedure
used to quantify the environmental impact of the experiments. Together, these components
establish the basis for the methodologies presented in the subsequent chapters.

4.1 Datasets

We utilized two publicly available benchmark datasets to evaluate our proposed methods for
detecting misogyny, sexism and disagreement in memes. These datasets are speci cally de-
signed for multimodal social media content analysis and o er rich annotations relevant to

our task. We provide detailed descriptions of both datasets below.

4.1.1 MAMI

We used the benchmark dataset for the Multimedia Automatic Misogyny Identi cation
(MAMI) challenge held at SemEval 2022 [48] to assess our proposed methods. The dataset
consists of memes collected from multiple online platforms and supports two related classi-
cation tasks:

Task A: Misogynous Meme Identification A binary classi cation task where each
meme is labeled as either misogynous or non-misogynous.

Task B: Misogyny Type Classification A multi-labeltask where misogynous memes
are further categorized into potentially overlapping subtypes:
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Figure 4.1: Examples of some misogynous memes from MAMI dataset

" Shaming: Content that insults or demeans women based on physical traits, personal-
ity, or behavior.

" Stereotype: Memes reinforcing xed or conventional ideas about women, including
role-based or gender-based stereotypes.

" Objecti cation: Depictions that treat women as objects rather than individuals.
"~ Violence: Contentthat encourages or depicts physical harm or threats against women.

Figure 4.1 shows some examples of misogynous memes from MAMI dataset.

Dataset Statistics

The dataset consists of 10,0@hing and 1,00@sting memes. Table 4.1 describes the de-
tails of MAMI dataset.

Task Label Train  Test
Dataset size 10,000 1,000
Misoavn Misogynous 5,000 500
gyny Non-misogynous 5,000 500
Agreement Agreement 6,208
9 Disagreement 3,492

Table 4.1: Statistics ofthe MAMI dataset. Both tasks are applied to the same 10,000 training and 1,000
test memes. Agreement labels are only available for the training split.
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Data Collection Procedure

The dataset was constructed by gathering misogynous and non-misogynous memes from a
variety of online sources. The collection process involved:

1. Searching major social media platforms such as Twitter and Reddit.

2. Scraping and manually downloading memes from popular meme-sharing websites in-
cluding 9GAG, KnowYourMeme, and Imgur.

Annotation Protocol and Disagreement Labels

Each meme was independently annotated by three annotators. The nal binary misogyny
label was determined through majority voting: if at least two annotators agreed on a label,
that label was assigned as the ground truth.

Using this annotation information, we derive labels for disagreement in our work:

" Asample is labeled agreement (0) if all three annotators assigned the same label.

" Asampleis labeled disagreement (1) if there is any inconsistency in the labels, indicat-
ing a lack of consensus.

The disagreement labels are only available for the Training set (10,000) memes. These
labels are used in our work to study annotation uncertainty and model robustness.

4.1.2 EXIST

The second dataset used in our study comes from EXISTth@Zdurth edition of the

sEXism Identi cation in Social neTworks challenge [112, 114]. The challenge includes
several tasks related to sexism detection in textual and multimodal content, including memes.
Speci cally, the meme-related tasks are de ned as follows:

" Sexism Identi cation in Memes: A binary classi cation task aimed at determining
whether a meme is sexist or non-sexist.

" Source Intention in Memes: A task focused on identifying the author's intention
behind the meme, with two possible classes: DIRECT or JUDGEMENTAL.

" Sexism Categorization in Memes: A multi-class task that categorizes sexist memes
into one of the following ve categories: (i) ideological and inequality, (ii) stereotyping
and dominance, (iii) objecti cation, (iv) sexual violence, and (v) misogyny and non-
sexual violence.
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Figure 4.2: Examples of some sexist memes from EXIST dataset

In our work, we selected the binary classi cation task (Sexism Identi cation in Memes) to
detect sexist versus non-sexist memes. Figure 4.2 shows some examples of sexist memes from
this dataset.

Dataset Statistics

The dataset includes memes in both English and Spanish, withdnddglfor training and
1,053nemes for testing. Table 4.2 summarizes the dataset statistics.

Category Train  Test

Dataset Size
Total Memes 4,044 1,053

Spanish 2,034 540
English 2,010 513
Sexism Annotation
Sexist 2,038
Non-sexist 1,382
Unknown 624
Agreement Annotation
Agreement 957

Disagreement 3,087

Table 4.2: Statistics of the EXIST dataset. The dataset contains English and Spanish memes. Labels
for sexism and agreement/disagreement are available only for the training split.

Data Collection Procedure

The dataset creators rst curated a lexicon of terms and expressions commonly associated
with sexist content. This lexicon consists of 250 seed terms, including 112 English and 138
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Spanish terms. These terms were used as search queries on Google Images to retrieve the top
100 images for each query.

A rigorous manual cleaning process was then applied to ensure data quality. The nal
dataset contains more than 3,000 memes per language.

Annotation Protocol and Disagreement Labels

The dataset follows the LeWiDi paradigm, providing label information from all annotators.
Each meme was annotated by seven annotators, and demographic information such as eth-
nicity, gender, and age was also recorded.

For each meme, the individual labels were collected, and a nal havddadssigned
using majority voting:

"~ If at least four out of seven annotators agreed on a label, that label was assigned as the
ground truth.

" If the votes were evenly split (e.g., three votes for sexist and three for non-sexist ),
the meme was labeled as unknown to re ect ambiguity.

For our disagreement detection task, we derived labels based on the individual annotations.
A meme was labeled as:

" agreement (0) if all seven annotators assigned the same label,

" disagreement (1) if there was any variation among the annotators' labels.

These derived labels allow us to study annotation uncertainty and model robustness.

4.2 Vision Language Models used as Baselines

Building on the state-of-the-art multimodal models discussed in Chapter 3, we select CLIP
and BLIPas baseline vision language encoders due to their strong balance between perfor-
mance, generalization ability, and computational e ciency. Unlike extremely large multi-
modal systems such as Flamingo or PaLl-X, which require substantial resources and are im-
practical for environmentally conscious experimentation, CLIP and BLIP o er high-quality
image text representations while remaining lightweight enough for systematic evaluation
under varying supervision levels. They are ideal for tasks including meme understanding,
hateful content identi cation, and complex semantic interpretation due to their proven ef-
cacy across a variety of multimodal benchmarks. Moreover, their moderate computational
footprint allows for a fair and transparent comparison of performance and carbon emissions,
aligning with the Green Al principles.
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4.2.1 CLIP (Contrastive Language Image Pre-training)

CLIP [117] is a multimodal model designed to learn a shared understanding of images and
natural language. Its central idea is straightforward: the model learns to place an image and
its correct text description close together inacommon embedding space, while pushing apart
images and texts that do not match. This is achieved by training on a very large collection of
image text pairs naturally found on the internet, such as captions, alt-text, and descriptions.
Becausethis supervisionis abundantand diverse, CLIP learns abroad range of visual concepts
without relying on manually curated labels. CLIP consists of two separate encoders:

" Animage encodée.g., ResNet or Vision Transformer) that converts an image into a
vector representation.

" A text encodefa transformer-based model) that converts a text description into an-
other vector representation.

Both encoders map their inputs into the same embedding space, allowing direct compar-
ison between images and text. During training, CLIP processes a batch of images and their
corresponding text descriptions, computes embeddings for all of them, and then compares
every image with every text using cosine similarity. The training objective uses the contrastive
learning approach that encourages the similarity of the correct image text pairs to be high,
while the similarity of all incorrect pairings is reduced. This contrastive learning setup al-
lows the model to associate visual content with the language used to describe it. Figure 4.3
illustrates the overall training and inference process of the CLIP model.

Figure 4.3: Training and inference work ow of the CLIP model. Source:[117]

A key strength of CLIP is that it can perform many classi cation tasks without being
speci cally trained for them, which is known as zero-shot classi cation. This exibility arises
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from the wide variety of concepts CLIP learns during training, making it applicable to many
visual tasks without additional ne-tuning.

4.2.2 BLIP (Bootstrapping Language-Image Pre-training)

BLIP [81] is a vision-language pre-training framework designed for both understanding and
generation tasks. It supports applications such as image captioning, visual question answer-
ing, and cross-modal retrieval by learning joint representations of images and text from large-
scale web data. BLIP is particularly e ective at handling noisy image text pairs by bootstrap-
ping and ltering captions.

BLIP introduces two main contributions. The rstisthe Multimodal Mixture of Encoder
Decodef(MED) architecture, which enables exible multi-task pre-training. The MED can
operate in three modes: as a unimodal encoder that processes images and text separately, as
an image-grounded text encoder that integrates visual context into text representations, and
as an image-grounded text decoder that generates text conditioned on images. The model is
jointly pre-trained with three objectives: image text contrastive learning, image text match-
ing, and image-conditioned language modeling.

The second contribution is the Captioning and Filtd@apFilt) strategy, a data boot-
strapping method for learning from noisy web image text pairs. A pre-trained MED is ne-
tuned into two components: a captioner that generates synthetic captions for web images,
and a lter that removes noisy or low-quality captions from both the original and synthetic
text. This procedure improves the quality of the supervision signal and enhances the e ec-
tiveness of pre-training. An overview of the BLIP framework is shown in Figure 4.4.

Figure 4.4: Overview of the BLIP framework, illustrating the multimodal encoder decoder architec-
ture and the Captioning and Filtering (CapFilt) pipeline. Source: [81]
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By pre-training on millions of image text pairs, BLIP achieves strong performance across
avariety of vision-language benchmarks. Its transformer-based architecture supports richin-
teractions between visual and textual information, making it a versatile model for multimodal
understanding and generation.

4.3 Evaluation Methods

4.3.1 Evaluation Metrics

To assess the performance of our classi cation models, we rely on standard evaluation metrics
commonly used in binary classi cation: precision, recall, and the F1-score. These metrics are
computed using four fundamental outcomes that characterize the predictions of a binary
classier:

" True Positive (TP): the number of positive samples correctly classi ed as positive.
" True Negative (TN): the number of negative samples correctly classi ed as negative.
" False Positive (FP): the number of negative samples incorrectly classi ed as positive.

" False Negative (FN): the number of positive samples incorrectly classi ed as negative.

Based on these quantities, we compute the following evaluation metrics.

Recall Recall, also known as the true positive rate (TiRBasures the proportion of
actual positive samples that are correctly identi ed by the model. Itis de ned as:

)%
Recall = ————— 4.1
Precision  Precision measures the proportion of predicted positive samples that are truly
positive. It evaluates how reliable the model's positive predictions are. Itis de ned as:

)%

Precision = ————
)%, %

4.2
Fl-score TheF1-scoreisthe harmonic mean of precisionandrecall. It provides a balanced
measure that accounts for both false positives and false negatives, making it particularly useful
when the class distribution is imbalanced. It is de ned as:

Precision Recall

Flscore =2 Precision , Recall (4.3)
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These metrics collectively provide a comprehensive understanding of model performance,
capturing both correctness of positive predictions and the ability to detect positive instances.

4.3.2 Environmental Impact Analysis (Carbon Footprint)

In addition to evaluating model performance, we analyze the environmental impact of each
strategy by estimating energy consumption and carbon emissions. Monitoring energy can be
achieved through hardware or software tools. Hardware-based methods o er high precision
[24], but they are costly and di cult to synchronize for short training runs. We therefore use
a software-based approach, which is more accessible and scalable for systematic evaluation.

Following the Green Al methodology [95], total energy consumption (TEC) is esti-
mated as: o)

TEC = % *g ) (4.4)
8

where %is the Thermal Design Power of the component 8 (in kilo watis)ig average
utilization (in decimal), and) is the execution time (in hours). TEC is multiplied by the
carbon intensity factor n (kg G&kWh) of the Italian electricity grid to obtain emissions:

CO2e =TEC n (4.5)

This formulation is consistent with the activity data approach [17], where emissions are
derived by combining activity data (energy consumed) with emission factors speci c to the
region. Since our measurements rely on average utilization and regional emission factors
rather than direct hardware metering, the reported values should be interpreted as estima-
tions rather than exact measurements. All experiments have been conducted under identical
hardware and software conditions to ensure comparability.
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Sexism and Misogyny Detection

This chapter investigates how pretrained vision language models can be e ectively leveraged
within a semi-supervised framework to address the challenges of sexism and misogyny detec-
tion. Speci cally, we introduce a constrained clustering strategy that exploits the representa-
tional power of large pretrained models without requiring substantial labeled data or expen-
sive training cycles. By introducing a regularization mechanism directly in the embedding
space, the proposed approach guides the clustering process toward semantically meaningful
groupings that support misogyny and sexism detection in multimodal content.

Beyond methodological innovation, this chapter also examines the trade-o between accu-
racy and environmental sustainability. In line with the emerging movement toward Green
Al, we analyze how di erent design choices in uence both model performance and energy
consumption, highlighting the importance of developing systems that are not only e ective
but also computationally responsible.

Contributions

The main contributions of this Chapter are as follows:

1. Aconstrained clustering framework has been proposed that leverages pretrained vision
language model embeddings to detect sexism and misogyny in multimodal content.
Speci cally, a regularization strategy on the embedding space has been proposed to
e ectively exploit the representational power of pretrained models.

2. A comprehensive evaluation on two benchmark datasets (MAMI and EXIST) using
two state-of-the-art vision language models, demonstrating competitive performance
with limited supervision.

3. An analysis of trade o between model accuracy and carbon energy consumption is
performed, highlighting the e ciency of our method compared to baselines.
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5.1 Methodology

We introduce a semi supervised clustering framework for sexism and misogyny detection
in multimodal content. Each meme is rst represented through embeddings extracted from
pre-trained vision-language models. A proportion of the dataset is labeled, while the remain-
ing samples remain unlabeled. To incorporate supervision, we extend the classical K-Means
[90] objective with a cluster-level penalty term that discourages assigning labeled points to
clusters dominated by a di erent class. In this way, labeled samples guide the clustering pro-
cesstoward semantically consistent groups, while unlabeled samples are assigned based purely
on distance to cluster centroids. During training, centroids are updated iteratively, and test
samples are classi ed based on their nearest centroid. Throughout this process, we record
execution time and estimate carbon emissions, enabling a joint evaluation of predictive per-
formance and environmental impact.

5.1.1 Embedding Representation

Each meme in the datasets contains both visual and textual elements. To represent these
modalities, we experimented with two vision language models: CLIP [117] and BLIP [81].
For CLIP, the processor tokenizes the text and normalizes the images to ensure alignment,
generating separate embeddings for each modality. These embeddings are then averaged to
produce a single multimodal feature vector.

In parallel, BLIP is employed to extract embeddings that model ne grained interactions
between vision and language. We use the embeddings from each model independently to
train our clustering algorithms.

5.1.2 Semi Supervised Clustering

Our proposed method builds upon the classical K Means algorithm by incorporating label
information into the clustering process. The standard K Means algorithm [90] partitions a
dataset - = fG— G- *es=Ginto : clusters by minimizing the within cluster variance. The
original objective function is de ned as:

G
= kG K (5.1)
8=1
where 1, is the centroid of the cluster assigned to pgiah@ kg 2 f1—«ss—: g denotes the
cluster index.
Several studies have extended this formulation by introducing constraints. The rst at-

tempt in this context was by [149] to extend K-Means with must-link and cannot-link con-
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straints, ensuring that certain pairs of points were either grouped together or kept apart.
While e ective, these pairwise constraints can be computationally expensive. In contrast,
our approach introduces supervision through a cluster-level penalty rather than pairwise con-
straints, with the goal of being more e cient and scalable. Speci cally, we extend the objec-
tive with aterm that discourages assigning labeled points to clusters dominated by a di erent
class. Letg®2 f 1-0-1g represent the label of sampleti@re 1 indicates an unlabeled
point, 0 denotes non-hate and 1 denotes hate. Our function is therefore de ned as:
0= 7 KG ~ 1k, _ ItHg< M,°
- g\ 8< Mg (5.2)
8=1

Here, _is a penalty coe cient, I* ° is the indicator function,fpis the majority label
in cluster §. This formulation encourages labeled samples to be grouped with semantically
consistent clusters, while allowing unlabeled samples to be assigned based purely on distance.

The proposed algorithm begins by initializing cluster centroids using the mean embed-
dings of labeled samples from each class. This ensures that the initial centroids are seman-
tically aligned with known categories, providing a meaningful starting point for clustering.
During each iteration, the algorithm processes every data point individually. For unlabeled
samples, the assignment s straightforward: the pointis assigned to the cluster whose centroid
is closestin Euclidean space. However, for labeled samples, the assignment decision is guided
not only by proximity but also by the label distribution within the candidate cluster. Speci -
cally, if the cluster has a majority of labeled points that match the label of the current sample,
the point is assigned without modi cation. In contrast, if the cluster's majority label di ers
from the sample's label, a penalty term is added to the distance calculation. This penalized
distance discourages the assignment of labeled samples to semantically inconsistent clusters,
thereby reinforcing label coherence within each group.

We implemented two variants of this algorithm:

" Online Update: Centroids are updated immediately after each individual sample is
assigned to a cluster. This allows the model to incorporate new information incre-
mentally, making the updates more responsive to recent assignments and potentially
faster to adapt in streaming or large-scale settings. However, such frequent updates
may introduce higher variance and reduced stability in the centroid trajectories.

~ Batch Update: Centroids are updated only after all samples have been assigned in a
given iteration. This strategy aggregates information from the entire dataset before
updating the centroids, leading to more stable and consistent updates, albeit at the
cost of increased memory usage and potentially slower convergence.
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Algorithm 1 Batch Semi-Supervised K-Means

1: Initialize centroids— ,— ¢ « *— "using means of labeled data per class
2. while not converged do

3 for all points @do

4: Compute distancesy = kG ~ ok forall 9

5: if = 1then  Unlabeled point
6: lg argmin g ¢

7: else

8: if H5< Phrgming othen

9: 9 9, * Penalty
10: end if

11: B argmin g g

12: end if

13: end for

14: Update centroids using all assigned points
15: if89: k9 ° ok YYthen

16: break

17: end if

18: end while

19: return f* gg—fkg

Algorithm 2 Online Semi-Supervised K-Means

1: Initialize centroids~ ,— ¢ * «— "using means of labeled data per class
2. while not converged do

3 for all points @do

4: Compute distancesy = kG ~ ok?forall 9

5: if k= 1then » Unlabeled point
6: lg argmin g ¢

7: else

8 if H5< Phrgming othen

9: 9 9, _ * Penalty
10: end if

11: B argmin g o

12: end if

13: Update centroid ; based on new assignment

14: end for

15: if89: k9 * ok YYthen

16: break

17: end if

18: end while
19: return f* gg—fhkg
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5.2 Experimental Settings

These strategies allow us to explore the impact of update timing on clustering stability
and performance. We present the pseudocode for our semi-supervised clustering algorithms
in Algorithm 1 and Algorithm 2, which outlines the assignment and update steps for both
labeled and unlabeled data.

To evaluate the robustness of our semi-supervised clustering framework, we designed ex-
periments with increasing levels of supervision, starting from 10% labeled data and incremen-
tally adding 10% up to full supervision. During inference, each test meme was embedded us-
ing the same vision language models and assigned to the nearest cluster based on Euclidean
distance. The predicted label was determined by the majority label of that cluster, allowing
us to classify unseen samples without a separate classi er.

5.2 Experimental Settings

We evaluate our proposed method using two publicly available benchmark datasets EXIST
and MAMI for sexism and misogyny detection in memes (see Section 4.1). For each dataset,
we used the o cial test sets provided to assess the generalization performance of our cluster-
ing framework.

Our experiments compared fully netuned multimodal models (CLIP and BLIP) with
semi-supervised clustering approaches, including both batch and online variants of K-Means,
across varying proportions of labeled data. For each con guration, we measured model per-
formance and carbon-footprint using the methods described in Section 4.3.

We used two models as baselines:

5.2.1 Contrastive Language Image Pretraining (CLIP)

We adopted CLIP [117] as one of our baselines for misogyny detection in memes. CLIP is a
multimodal framework trained to align visual and textual information in a shared embedding
space (see Section 4.2.1 for details). In our setup, each meme was processed using the CLIP
tokenizer and image preprocessor to ensure consistency and alignment between modalities.
We ne tuned the model by attaching a classi cation head on top of the embeddings, where
image and text features were averaged to form a joint representation. This representation was
then mapped to binary logits, allowing the model to predict whether a meme belongs to the
misogynistic/sexist or non-misogynistic/non sexist category. To evaluate the e ect of super-
vision, CLIP was ne tuned incrementally, beginning with 10% of the available training data

and progressively increasing up to 100%.
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5.2.2 Bootstrapped Language Image Pretraining (BLIP)

We further employed BLIP [81] as another baseline. BLIP is a multimodal architecture de-
signed to e ectively integrate textual and visual inputs (see Section 4.2.2 for details). For
these experiments, memes were preprocessed with the BLIP processor, which standardizes
image features and ensures uniform text formatting through truncation and padding. We

ne tuned BLIP on our datasets for misogyny and disagreement detection by adding a clas-

si cation layer that outputs binary predictions. To optimize performance while maintaining

e ciency, only the top layers of BLIP were unfrozen during ne tuning, enabling partial
adaptation to our tasks while leveraging the strength of pretrained weights. Similar to CLIP,
BLIP was ne tuned with varying proportions of the training data, starting from 10% and
gradually scaling up to the full dataset (100%).

5.3 Results and Analysis

This section presents a comparative analysis of model performance and environmental im-
pact across fully ne-tuned multimodal models and semi-supervised clustering approaches.
We focus on understanding the trade-o s between predictive accuracy, computational e -
ciency, and carbon emissions under varying proportions of labeled data. We begin by dis-
cussing results on the MAMI dataset, highlighting how clustering-based methods achieve
competitive performance while substantially reducing computational and environmental costs.

5.3.1 MAMI

The netuned models achieved consistently strong performance on the MAM|, dattaset
F1-scores reaching 0.70 for CLIP embeddings and 0.66 for BLIP embeddings at 80 100% la-
beled data (see Tables 5.1 and 5.2). However, this came at a substantial computational and
environmental cost. For example, netuned CLIP required 73.7 minutes at 100% labeled
data, resulting in 55.8 gGQvhile netuned BLIP consumed 94.2 minutes, producing 71.4
gCO,. Even at moderate labeling levels, emissions remained high: at 30% labeled data, ne-
tuned CLIP produced 15.4 gG@nd netuned BLIP 22.4 gC9O

In contrast, clustering approaches demonstrated remarkable e ciency. Batch K-Means
runs at 100% labeled datarequired only 7.7 minutes, yielding 2.&bi®»nline K-Means
consumed 9.2 minutes, producing 3.1 g@®30% labeled data, batch clustering emitted
1.1 gCQ@and online clustering 1.3 g&;@ompared to the 15 22 gG@f netuned base-
lines. Despite this dramatic reduction in emissions, clustering achieved competitive F1-scores:
for instance, at 30% labeled data, batch K-Means reached 0.66 and online K-Means 0.68,
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5.3 Results and Analysis

Model | % Labeled P R F1  Time(min) g¢gCQ

10% | 0.76 0.67 0.64 1.75 1.33

20% | 075 068 0.66 15.5 11.7

30% | 075 069 0.67 20.3 15.4

40% | 075 0.70 0.68 29.6 22.4

. 50% | 0.76 0.71 0.70 33.3 25.2
Finetuned CLIP 60% | 076 071 0.70 43.6 33.0
70% | 076 071 0.70 48.2 36.5

80% | 076 072 0.70 59.4 45.0

90% | 076 072 0.70 62.1 47.0

100% | 0.76 0.72 0.70 73.7 55.8

10% | 069 066 064 159 0.54
20% | 070 067 065 252 0.85

30% | 071 067 066 315 1.06

40% | 073 068 066 384  1.29

50% | 0.73 069 068 451 152

CLIP+K-Means(Batch)  goo0 | 074 070 068 519 175
70% | 075 071 070 620  2.09

80% |076 072 070 657 221

90% | 076 072 070  7.43  2.40

100% | 0.76 072 070 777  2.62

10% | 069 066 065 2.09 0.70
20% | 071 068 066 311 1.05

30% | 074 070 068 3.82 1.29

40% | 074 070 068  4.60 1.55

_ 50% | 0.75 070 068  5.37 1.81

CLIP+K-Means (Online})  oh0c | 075 070 0.69 6.14 2.07
70% | 075 071 069  7.22 243

80% | 076 072 070  7.65 257

90% | 076 072 070 829 279

100% | 0.76 0.72 0.70  9.19 3.09

Table 5.1: Performance comparison across label percentages for three models on MAMI test set using
CLIP Embeddings, including execution time and carbon emissions. Bold and underlined
values indicate the best performance for each metric at a given label percentage. Bold values
indicate results that are equal to or exceed the performance of the Finetuned CLIP baseline
for the corresponding label percentage.

closely matching netuned CLIP (0.67) and BLIP (0.63). Overall, batch clustering con-
sumed slightly less energy, while online clustering emitted marginally pnioné c©0-
sistently achieved better F1-scores, making it the more accurate yet still sustainable option.
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Model | % Labeled P R F1  Time (min) gCQ
10% |0.70 0.65 0.62 9.20 6.97

20% | 070 064 0.62 18.7 14.2

30% | 070 0.66 0.64 29.5 22.4

40% | 073 067 0.65 37.9 28.7

. 50% | 072 0.68 0.67 47.8 36.2
Finetuned BLIP 60% | 0.75 069 0.68 55.9 42.3
70% | 076 067 0.64 66.2 50.2
80% | 0.71 0.65 0.63 80.1 60.1

90% | 072 0.67 0.65 85.9 65.1

100% | 0.73 0.68 0.66 94.2 71.4

10% | 064 062 060 160 0.54

20% | 064 062 060 226 0.76

30% |064 062 060 294  0.99

40% | 0.64 062 060 355 1.19

50% | 065 062 061 420 1.41

BLIP+K-Means (Batch) - 5000 | 065 0.62 061 476 160
70% | 065 062 061 541 1.82

80% |0.66 065 063 591  1.99

90% | 0.66 0.64 065 655 2.21

100% | 0.65 0.64 0.65 _7.19 242

10% | 0.65 0.64 0.63 2.13 0.72

20% | 0.65 0.64 0.63 2.84 0.96

30% | 064 064 064 355 1.19

40% | 065 064 064 423 1.42

. 50% | 0.65 0.64 0.64 5.0 1.68

BLIP +K-Means (Online)  ¢0 | 064 064 064 5.64 1.90
70% | 0.65 0.65 0.65 6.38 215

80% | 0.66 0.64 0.65 6.94 2.34

90% | 066 065 065  7.64 257

100% | 0.66 0.65 0.65 8.55 2.88

Table 5.2: Performance comparison across label percentages for three models on MAMI test set using
BLIP Embeddings, including execution time and carbon emissions. Bold and underlined
values indicate the best performance for each metric at a given label percentage. Bold values
indicate results that are equal to or exceed the performance of the Finetuned BLIP baseline
for the corresponding label percentage.
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Figure 5.1: F1 scores obtained by netuned, batch K-Means, and online K-Means variants of CLIP and
BLIP embeddings across di erent proportions of labeled data. CLIP consistently outper-
forms BLIP, while clustering-based methods narrow the gap with netuning as label avail-
ability increases.

Figure 5.2: Comparison of G@missions for CLIP and BLIP models under netuning, batch clus-
tering, and online clustering across increasing label percentages. The logarithmic scale
highlights the large environmental gap between netuned models and the signi cantly
more e cient clustering-based methods.
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A comparison between CLIP- and BLIP-based models on the MAMI dataset (see Fig-
ures 5.1 and 5.2) shows a clearer separation between the two embedding families than what
is later observed in the EXIST experiments. Across all supervision levels, CLIP consistently
delivers stronger predictive performance: both netuned CLIP and its clustering variants
reach F1-scores of 0.70, whereas BLIP peaks at 0.66 even under full supervision. This ad-
vantage persists in the clustering setting, where CLIP-based batch and online K-Means fre-
quently match or exceed the netuned CLIP baseline while maintaining emissions between
0.5 3gCO0s,. BLIP-based clustering remains competitive but slightly weaker, typically reach-
ing 0.63 0.65 at best. In terms of e ciency, BLIP is substantially more carbon-intensive
when netuned emitting 7 71 gCO, comparedto CLIP's 1 56 gC(butthis di erence
nearly disappears under clustering, where both models operate in the low-emission regime.
Overall, CLIP provides a more favorable performance e ciency pro le for MAMI, with
clustering narrowing the gap between the two models but not fully eliminating CLIP's ad-
vantage in predictive accuracy.

5.3.2 EXIST

Across the EXIST English experimerfsee Tables 5.3 and 5.4), the results reveal a clear
performance e ciencytrade-o betweenfully supervised ne-tuningandthe proposed clus-
tering based approaches. The Finetuned &idFinetuned BLImodels obtain the high-

est F1-scores under full supervision (0.70 for CLIP and 0.64 for BLIP). However, these gains
come at a substantial computational and environmental cost: training time increases almost
linearly with the percentage of labeled data, reaching 47 minutes and 3508 GCIP

and 22 minutes and 16 ggfr BLIP at 100% supervision.

In contrast, both batch and online K-Means clustering demonstrate remarkable e ciency.
Evenwith only 10 30% labeled data, clustering achieves F1-scores that are competitive and in
several cases exceed from the netuned models trained with the same amount of supervision.
For instance, with just 10% labeled data, online clustering with CLIP embeddings reaches
an F1-score of 0.60, substantially outperforming netuned CLIP (0.43). This trend persists
across label percentages: clustering maintains stable performance while keeping emissions
extremely low, typically below 1 gCO

A consistent pattern emerges between the two clustering variants. Online clustering tends
to achieve slightly higher F1-scores, particularly at lower supervision levels, whereas batch
clustering is consistently the most energy-e cient. This distinction highlights a practical
trade-o : batch clustering is preferable when minimizing environmental impact is the pri-
ority, while online clustering o ers a modest performance boost with only a small increase in
emissions.
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Model | % Labeled P R F1  Time (min) gCQ
10% 0.57 052 043 5.14 3.90
20% 0.59 0.61 0.57 9.8 7.43
30% 0.60 0.61 0.60 14.29 10.8
40% 0.65 0.65 0.62 19.79 14.9

50% 0.69 0.72 0.69 24.08 18.3
60% 069 0.73 0.70 28.53 21.6
70% 0.71 0.75 0.72 33.49 25.4
80% 0.70 0.73 0.70 38.37 20.1
90% 0.71 0.73 0.70 42.09 31.9
100% | 0.71 0.73 0.70 46.94 35.6

Finetuned CLIP

10% | 054 060 055 072 024
20% | 055 061 056 092 031
30% | 058 064 059  1.07  0.36
40% | 059 064 0.60 125 042
50% | 0.60 065 061 142 0.48
CLIP+K-Means(Batch)  gao0 | 062 068 063 156 053
70% | 062 068 064 171 058
80% | 0.63 070 066 _1.88 0.63
90% | 064 070 0.66 223 0.75

100% | 0.65 0.71 0.67 225 0.76

10% |058 063 060  0.76 0.26

20% | 059 0.64 061  0.95 0.32

30% | 059 064 061  1.11 0.37

40% | 0.60 0.66 0.62 1.29 0.43

_ 50% | 0.61 0.67 0.63 1.46 0.49

CLIP+K-Means (Online})  oh00 | 063 069 0.65 1.60 0.54
70% | 0.64 0.70 0.66 1.76 0.59

80% | 0.64 0.70 0.66 1.93 0.65

90% | 0.64 071 066  2.28 0.77
100% | 0.65 0.71 0.67 231 0.78

Table 5.3: Performance comparison across label percentages for three models on EXIST English
test set using CLIP Embeddings, including execution time and carbon emissions.
Bold and underlinedvalues indicate the best performance for each metric at a given la-
bel percentage. Bold values indicate results that are equal to or exceed the performance of
the Finetuned CLIP baseline for the corresponding label percentage.

When switching from CLIP to BLIP, the overall behavior remains similar, but BLIP-based
clustering shows even stronger relative gains at low supervision. For example, with 20 40%
labeled data, both clustering variants achieve F1-scores around 0.56 0.59, closely matching
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Model | % Labeled P R F1  Time (min) gCQ®
10% 0.57 0.59 0.56 2.85 2.16
20% 0.57 0.60 0.58 5.09 3.86
30% 0.61 0.66 0.63 7.12 5.39
40% 0.61 0.64 0.61 9.62 7.29

50% 0.63 0.66 0.63 11.50 8.71
60% 0.62 0.66 0.63 14.90 11.30
70% 0.62 0.66 0.63 15.74 11.90
80% 0.61 0.65 0.62 18.98 14.40
90% 0.62 0.66 0.63 19.83 15.00
100% | 0.63 0.67 0.64 22.31 16.10

10% | 054 059 056 061 021
20% | 054 059 056 065 0.22

Finetuned BLIP

30% 0.55 0.60 0.57 0.88 .30
40% 0.55 0.60 0.57 ~1.06 0.36
50% 0.55 0.60 0.57 ~1.20 0.40

BLIP+K-Means (Batch) g0, | 055 060 057 134 045

70% | 056 061 058 152 051
80% | 056 062 059 167 0.56

90% | 056 062 059 182 061
100% | 057 0.62 059 199  0.67

10% | 053 058 053  0.64 0.22

20% | 056 061 058  0.79 0.27

30% | 056 061 058 092 0.31

40% | 056 061 058 1.10 0.37

_ 50% | 056 0.62 0.59 1.24 0.42

BLIP +K-Means (Online) - 0. | 058 0.64 0.60 1.39 0.47

70% | 057 063 0.60 1.57 0.53

80% | 059 0.65 0.61 1.72 0.58

90% | 059 065 0.62 1.88 0.63

100% | 0.59 0.64 0.61 2.05 0.69

Table 5.4: Performance comparison across label percentages for three models on EXIST English
test set using BLIP Embeddings, including execution time and carbon emissions.
Bold and underlinedvalues indicate the best performance for each metric at a given la-
bel percentage. Bold values indicate results that are equal to or exceed the performance of
the Finetuned CLIP baseline for the corresponding label percentage.

or surpassing the netuned BLIP model while requiring less than,1 @@duction of
more than 90% compared to ne-tuning.

Adirectcomparison between CLIP-and BLIP-based models onthe EXIST English dataset
further clari es the relative strengths of the two embedding families (see Figures 5.3 and
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