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Warning: This paper contains examples of language and images which may be offensive.
In this paper, we address the problem of automatic misogynous meme recognition by dealing
with potentially biased elements that could lead to unfair models. In particular, a bias estimation
technique is used to identify those textual and visual elements that unintendedly affect the model
prediction, and a few bias mitigation methods are proposed, investigating two different types of
debiasing strategies, i.e., at training time and at inference time. The proposed approaches achieve
remarkable results both in terms of prediction and generalization capabilities.

1. Introduction

Memes have become an increasingly popular form of communication, representing
humor, culture, and shared experiences in a compact, easily shareable format. Their
viral nature makes them an effective medium for spreading messages online, and they
are especially popular on social media. According to the Digital 2022 Global Overview
Report (We Are Social and Hootsuite 2022), more than 37% of internet users between
16 and 64 years old watch memes and viral videos. However, these memes can also
perpetuate discriminatory behaviors towards certain groups and minorities. Memes are,
in fact, sometimes being used as a vehicle for hate speech, which is defined as any form
of derogatory communication that targets individuals or groups based on characteristics
such as race, religion, ethnicity, sexual orientation, disability, or gender. The task of
identifying hate in memes is challenging due to the need to understand textual content
and visual cues, as well as the subtle interplay between the two. Additionally, in many
cases, cultural context is required since the conveyed message might refer to specific
persons or events. One form of hate frequently depicted in memes is misogyny. As
social networks have become increasingly prevalent, new modes of communication
and social interaction have risen, enabling hateful messages towards women to be
expressed (Fontanella et al. 2024). In particular, the multimodal nature of memes allows
hatred towards women to be represented by leveraging different aspects such as female
stereotyping, shaming, objectification, and violence. This phenomenon is particularly
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serious considering that more than 46% of Social Media users are female (We Are Social
and Hootsuite 2022). While misogyny recognition mechanisms have been widely in-
vestigated focusing on textual sources (i.e., tweets) (Anzovino, Fersini, and Rosso 2018;
Bashar, Nayak, and Suzor 2020; Ta et al. 2022; Calderón-Suarez et al. 2023), less attention
has been paid to misogynous identification in multimodal settings, and in particular on
memes. A preliminary insight is represented by (Fersini, Gasparini, and Corchs 2019)
in which simple unimodal and multimodal approaches are compared to investigate
the contribution of the two modalities that compose a meme (i.e., textual and visual).
Further investigations from the same authors (Fersini et al. 2021) presented a multi-
modal approach that considers the visual component through image captioning and
the textual one, with the textual transcription, to distinguish between misogynous and
non-misogynous memes. Recently, pre-trained and trained-from-scratch models were
compared to see if domain-specific pre-training could improve recognition performance
(Singh, Haridasan, and Mooney 2023), highlighting the importance of domain-specific
pretraining in identifying multimodal misogyny. Several authors (Song et al. 2023; Shen
et al. 2023) have pointed out that, despite the high results obtained on the recognition
task, there may be some potential bias affecting the models. The majority of works aim at
quantifying and minimizing the bias at the dataset or model level by focusing on a fixed
set of seed words to propose bias estimation metrics and related mitigation strategies.
However, in the field of misogynous meme recognition, consolidated metrics to estimate
the bias and techniques to mitigate it are still missing. To this purpose, in this work, we
provide the following main contributions related to mitigation strategies at inference
time:r Bayesian Averaging Model - Class-based Mitigation (BMA-CM), which

mitigates the predictions of each model considering the respective bias
towards the class of the elements that appear in the meme;r Bayesian Averaging Model - Element-based Mitigation (BMA-EM), which
mitigates the predictions of each model considering the respective bias
towards the candidate biased elements that appear in the meme;

The rest of the paper is organized as follows. In Section 2 a summary of the state of
the art is reported. The adopted dataset is presented in Section 3. The Bias Estimation
strategy is introduced in Section 4. The bias estimation phase is articulated in the
identification of candidate bias elements (Section 4.1), the creation of a synthetic dataset
(Sections 4.2), and the description of a multimodal Bias Estimation metric (Section 4.3).
In Section 5, the proposed debiasing strategies are defined. In Section 6, the experimen-
tal results are discussed. In Section 7, conclusions are reported.

2. Background

The ease with which information may be shared on social networks, as well as their new
modes of communication and social interaction, have fostered the spread of numerous
sorts of material in which users express their beliefs, ideologies, and opinions. As a
consequence, even more deeply rooted ideologies and beliefs with historical origins,
such as various types of hatred, for example, towards women, have evolved new
modes of representation (Fontanella et al. 2024). Likewise, research in the area of hate
identification has adjusted to the phenomenon: the detection of hate speech directed
at various minorities and subgroups was first restricted to Tweets (Anzovino, Fersini,
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and Rosso 2018; Bashar, Nayak, and Suzor 2020; Ta et al. 2022; Calderón-Suarez et al.
2023); only in recent years has it expanded to encompass multimodal content, including
memes. One of the areas that are gaining popularity refers to the identification of hateful
content towards women, which is articulated into the identification of misogynistic or
sexist content, also considering the different ways in which this type of hate can be
expressed (e.g., by means of stereotypes, objectification, etc.). It is crucial to address this
issue, given that almost half of the global population, and more than 46% of social media
users, are female (We Are Social and Hootsuite 2022). However, detecting misogyny
is a complex area of research due to the various ways in which hate towards women
can be expressed. This includes targeting women for different reasons. A first insight
to counter sexist memes has been proposed in (Fersini, Gasparini, and Corchs 2019).
This approach aims to address the issue of memes that can convey sexist messages
by investigating both unimodal and multimodal approaches. The study examines the
contribution of textual and visual cues in order to understand the various ways that hate
towards women is expressed, ranging from stereotyping women to shaming, objectifi-
cation, and violence. Simultaneously, other approaches have focused on evaluating the
information content introduced by the two modalities that make up memes (i.e., Visual
and textual components). An example is represented by (Sabat, Ferrer, and i Nieto 2019),
in which the authors identify the visual component as more informative for detecting
hate speech in memes. More recently, two benchmark datasets have been proposed to
facilitate the investigation related to misogynous meme detection. The first benchmark
presented in (Gasparini et al. 2022) contains 800 memes from the most popular social
media platforms. All the memes that compose the dataset have been labeled by three
experts and by three annotators from a crowdsourcing platform, involving a total of 60
annotators. More recently, a similar benchmark has been collected for the MAMI shared
task at SemEval 2022 (Fersini et al. 2022). It contains 10.000 memes for training and
additional 1.000 memes for testing, allowing both to (i) identify misogynistic memes
and (ii) recognise the misogynistic type among potentially overlapping types (i.e.,
Shaming, Stereotype, Objectification, and Violence). The majority of the participants
(Zhou et al. 2022; Chen and Chou 2022; Hakimov, Cheema, and Ewerth 2022; Zhi et
al. 2022) presented pre-trained models-based approaches and/or investigated ensemble
strategies. However, as highlighted by the challenge organizers, due to the presence of
specific terms or elements within the images, most of the systems tend to be biased
towards the misogyny category. While a lot of researchers have investigated the po-
tential bias that the models could inherit from the training dataset, from an unimodal
perspective (Nozza, Volpetti, and Fersini 2019; Zueva, Kabirova, and Kalaidin 2020;
Nascimento, Cavalcanti, and Da Costa-Abreu 2022; Fersini, Candelieri, and Pastore
2023), less attention has been paid to investigate the bias in a multimodal settings. Par-
ticular attention has been paid to studying the distributions of the terms in the datasets
in order to identify specific terms, called identity terms, frequently related to hateful
expressions referring to a specific target. The proposed works demonstrated how the
models evolved undesired behaviours based on biased implicit associations between
such terms and the provided class label, resulting in unfair predictions. The state-
of-the-art also proposes several mitigation strategies to counteract this phenomenon.
Among the proposed solutions, the most widely adopted strategy is related to data
augmentation (Calderón-Suarez et al. 2023; Zmigrod et al. 2019; Guo et al. 2023). This
strategy consists of the inclusion of additional instances with specific characteristics,
aiming to adjust the unbalanced distribution that characterized the identity terms. In
hate-related domains, typically, additional non-toxic comments that report the selected
identity terms are collected. While this technique aims at mitigating bias directly from
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the datasets, more complex alternatives directly mitigate the models through the def-
inition of specific objective functions (Xia, Field, and Tsvetkov 2020; Sridhar and Yang
2022) or optimization strategies (Perrone et al. 2021; Sikdar, Lemmerich, and Strohmaier
2022). Although the above-mentioned strategies represent a fundamental step towards
bias mitigation, they are defined for unimodal settings. Less attention has been paid to
investigating bias estimation and mitigation for a multimodal perspective, especially for
misogynous meme identification. A first insight in analyzing the bias that could affect
the classification models for misogynous meme recognition and defining a mitigation
strategy is represented by (Rizzi et al. 2023). The authors propose a strategy to identify a
set of relevant elements that are part of the memes, both from a textual and a visual point
of view that can lead models to produce biased predictions and a metric to measure the
distortion of the predictive model. Moreover, they propose a mitigation strategy based
on Bayesian Optimization. A more recent approach is represented by (Balducci, Rizzi,
and Fersini 2023) in which the authors propose a mitigation strategy at training time,
named Masking Mitigation, that masks the candidate biased elements to reduce the
distortion introduced by their presence. This work represents an extension of (Balducci,
Rizzi, and Fersini 2023), which proposes a few sophisticated debiasing techniques.
In particular, while the former approaches have been defined to mitigate the bias at
training time, making the learning process more complex from a computational point
of view, the proposed approaches work at inference time with the advantage of keeping
the training phase simple and reducing the bias when processing unseen memes.

3. Dataset

The proposed method has been evaluated on the Multimedia Automatic Misogyny
Identification (MAMI) Dataset (Fersini et al. 2022), consisting of 10.000 memes for
training and 1.000 memes for testing. As shown in Figure 1, the dataset contains memes
representing different types of misogyny, including:

r Shaming: The practice of criticising women who violate expectations of
behaviour and appearance regarding issues related to gender typology
(such as "slut shaming") or related to physical appearance (such as "body
shaming") (Van Royen et al. 2018). This category focuses on content that
seeks to insult and offend women because of some characteristics of the
body or personality.r Stereotype: a stereotype is a fixed, conventional idea or set of characteristics
assigned to a woman (Eagly and Mladinic 1989). A meme can use an
image of a woman according to her role in society (role stereotyping), or
according to her personality traits and domestic behaviours (gender
stereotyping).r Objectification: A practice of seeing and/or treating a woman like an object
(Szymanski, Moffitt, and Carr 2011).r Violence: A meme that indicates physical and/or a call to violence against
women (Andreasen 2021).
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(a) Shaming (b) Stereotype (c) Objectification (d) Violence

Figure 1
Examples of misogynous memes.

4. Bias Estimation

In order to evaluate whether a given model for misogyny identification is biased, we
adopt the approach proposed in (Rizzi et al. 2023). The Bias Estimation strategy is
composed of the following main steps:

1. Identification of Candidate Biased Elements, which allows us to identify
specific elements related to the different modalities that compose the
sample (e.g. visual or textual) that, due to an unbalanced distribution in
the training dataset, could lead a model to unfair predictions,

2. Creation of a Synthetic Dataset with specific characteristics linked with
the candidate elements identified accordingly with the previous step. The
proposed synthetic dataset allows evaluating model behaviors in
challenging examples,

3. Estimation of the Model Bias to quantify how a model could be biased
from such elements. In order to comprehensively evaluate the model’s
ability to solve the classification task, a metric to evaluate model
prediction both on a test set, conform with respect to the training data, and
on a synthetic dataset with challenging samples will be implemented.

4.1 Candidate Bias Elements Estimation

Unbalanced distributions of specific elements in the dataset might lead classification
models to unwanted behaviors, especially in the presence of those specific elements.
As highlighted by the literature (Rizzi et al. 2023; Balducci, Rizzi, and Fersini 2023), in
a multimodal setting, those elements can manifest in different modalities. In the case
of memes, both specific terms or visual elements strongly associated with a given class
label can result in a distortion of data-derived models. Those candidate biased elements
can, in fact, be detected in the text that composes the memes - candidate biased terms
- or within the objects that describe the visual scene - candidate biased tags. In this
work, the estimation strategy proposed in (Rizzi et al. 2023) is exploited to recognize
candidate-biased elements linked to both modalities. This estimation technique allows
the estimation of a score, bounded in the interval between -1 and 1, for each element
that appears in the training dataset keeping into account the context in which the
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(a) Non-misogynous
memes with the negative
candidate tag cat.

(b) Non-misogynous
memes with the
negative candidate
term communism.

(c) Misogynous memes
with the positive
candidate tag woman.

(d) Misogynous memes
with the positive
candidate term dishwasher.

Figure 2
Examples of memes in the training dataset.

elements appear. This estimation strategy, on the one hand, overcomes the Polarized
Weirdness Index (PWI) (Poletto et al. 2021) limitations, and, on the other hand, extends
the estimation to consider different modalities.

According to the (Rizzi et al. 2023) estimation strategy, given a multimodal dataset
D and a visual or textual element e belonging to the set T that comprises all the terms
and tags of D, a bias score S(e) can be estimated for each element e according to the
following formula:

S(e) =
1

|Me|

|Me|∑
m=1

P (c+ | Tm)− P (c+ | Tm − {e}) (1)

Where Me is the set of memes containing e, c+ represents the misogynous label
and Tm denotes the set of terms and tags in a given meme m. P (c+ | Tm) represents the
probability of a meme m of being associated with the misogynous label, given its terms
and tags Tm, and, similarly, P (c+ | Tm − {e}) denotes the probability of a meme m of
being associated with the misogynous label c+, given its terms and tags, excluding the
element e in analysis. The achieved score indicates how likely a given element would
induce bias towards the positive class (high positive scores) and towards the negative
class (low negative scores). Intuitively, terms with scores close to zero are considered
neutral with respect to a given label. Examples of memes included in the training
dataset are reported in Figure 2.

We report in Tables 1 and 2 the set of biased terms and biased tags identified
on the MAMI training dataset. From Table 1, it is possible to see how the set of
candidate-biased terms with the highest score for the misogynous class include words,
like dishwasher and chick, typically associated with specific misogyny categories, and
others, like whore to identification, confirming the ability of the approach to identify
elements linked with the different types of misogyny present in the dataset (see Section
3). Additionally, tokens representing websites that have been used to collect memes in
the dataset creation phase also appear in the list, suggesting that some websites are
more prone in sharing misogynistic memes. Moreover, few terms that achieve positive
scores correspond to seed words used for memes’ collection (e.g., whore); confirming
the ability of the proposed approach to capture the Selection Bias (i.e., bias introduced
in the dataset-creation phase). It is however, easy to notice the presence of other terms
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Table 1
Top-10 candidate biased terms.

Candidate Biased Terms
Misogynous Not Misogynous

Term Score Term Score
demotivational 0.39 mcdonald -0.26
dishwasher 0.38 ambulance -0.24
promotion 0.35 communism -0.23
whore 0.35 anti -0.21
chick 0.34 valentine -0.20
motivate 0.33 developer -0.20
chloroform 0.30 template -0.20
blond 0.30 weak -0.19
diy 0.30 zipmeme -0.18
belong 0.28 identify -0.17

Table 2
Top-10 candidate biased tags.

Candidate Biased Tags
Misogynous Not Misogynous

Tag Score Tag Score
Woman 0.11 Penguin -0.27
Earring 0.11 Cat -0.26
Lip 0.11 Whisker -0.23
Strap 0.11 Beak -0.18
Tire 0.10 Gun -0.17
Eyebrow 0.10 Dog -0.16
Girl 0.09 Toy -0.15
Teeth 0.08 Paw -0.15
Short 0.08 Animal -0.14
Dress 0.08 Bear -0.14

(e.g., chloroform), demonstrating the ability of the proposed approach to generalize with
respect to the dataset creation process and include elements that may induce bias due
to their unintended unbalanced distribution.
For what concerns tokens linked with the negative label (not misogynous class), the
candidate biased terms include very general words commonly used in several popular
memes. Analogous considerations can be drawn for the visual component.

4.2 Synthetic Dataset

Analogously to what has been performed in (Rizzi et al. 2023), a synthetic dataset has
been created collecting memes with specific characteristics linked with the presence
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of the identified candidate elements. The evaluation of classification models in such
memes highlights the bias of the models. For the data collection, the following proce-
dure has been followed:r Considering all the biased candidate elements with a positive (tags E+

o

and terms E+
t ) and negative (tags E−

o and terms E−
t ) score, memes have

been collected for both classes such that:
– not misogynous memes containing e+t (or e+o ) does not contain any

other biased candidate terms (or tags) with a negative score. This is
to evaluate the impact of the selected biased element in introducing
a bias towards the misogynous class in not misogynous memes;

– misogynous memes containing e+t (or e+o ) does not contain any
other biased candidate terms (or tags) with a positive score. This is
to verify if the model, given the presence of biased element in
introducing a bias towards the non misogynous class, is able to
perform well on misogynous memes.r Analogously, misogynous and not misogynous memes according to the

candidate biased terms and tags with a negative score, have been collected
following a similar procedure.

As previously mentioned, this paper represent an extension of a previous work, there-
fore the same synthetic dataset as presented in (Balducci, Rizzi, and Fersini 2023) will
be adopted and later recalled as synt. Examples of memes included in the Synthtetic
dataset are reported in Figure 3.

(a) Non-misogynous
memes with the
positive candidate
term "dishwasher".

(b) Misogynous memes
with the positive
candidate term
"dishwasher".

(c) Misogynous memes
with the negative
candidate term
"mcdonald".

(d) Non-misogynous
memes with the
negative candidate
term "mcdonald".

Figure 3
Examples of memes in the synthetic dataset.

4.3 Multimodal Bias Estimation (MBE)

In order to measure if a given model is affected by bias, the Multimodal Bias Estimation
(MBE) metric introduced in (Rizzi et al. 2023) has been adopted. The MBE metric is a
combination of two AUC-based measure that measure model performance both on the
official MAMI test set (AUCraw), and on the synthetic dataset (AUCsynt).

MBE =
1

2
AUCraw +

1

2
AUCsynt (2)
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As shown in Equation 3, the AUCsynt measure capture different aspect of the synthetic
dataset including the following:r AUCSubgroup(·), estimated on the subset of the synthetic dataset identified

by the presence of a biased element;r AUCBPSN (·), computed on the background-positive subgroup-negative
subset that corresponds to the subset of misogynous memes identified by
the absence of the biased element and the not misogynous memes
containing the biased element;r AUCBNSP (·), computed on the background-negative subgroup-positive
subset that corresponds to the subset of not misogynous memes identified
by the absence of the biased element and the misogynous memes
containing the biased element.

AUCsynt =
1

2

∑
t∈T

AUCSubgroup(Mt) +
∑
t∈T

AUCBPSN (Mt) +
∑
t∈T

AUCBNSP (Mt)

|T |

+
1

2

∑
i∈I

AUCSubgroup(Mi) +
∑
i∈I

AUCBPSN (Mi) +
∑
i∈I

AUCBNSP (Mi)

|I|

(3)

In particular, Mt represents the subgroup of memes identified by the presence of a
term t from the subset T of selected biased terms. Mi denotes the subgroup of memes
identified by the presence of a tag i from the subset I of selected biased tags.
The MBE metric ranges in the interval [0, 1], allowing a robust comparison among
different models evaluating both the ability to perform a good prediction on the raw
test data and simultaneously the potential significant performance on memes that,
opportunely selected to include specific characteristics that can lead models to a biased
prediction.

5. Debiasing Strategies

5.1 Baseline Models

In order to detail the proposed mitigation strategies, which are based on an Ensemble
method called Bayesian Model Averaging (BMA) (Fersini, Messina, and Pozzi 2014),
several baseline models have been considered for distinguishing between misogynous
and non-misogynous memes. In particular, the following models have been taken into
account:r Support Vector Machine (SVM) excels in classification tasks by finding the

optimal hyperplane that maximizes the margin between different classes,
making it robust in high-dimensional spaces. This approach has been
effectively used in the domain of hate speech detection, for instance by
(Asogwa et al. 2022; MacAvaney et al. 2019).r K-Nearest Neighbors (KNN) utilizes the proximity of data points to
classify new instances, making it effective for classification tasks where
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local patterns are important and computation cost is not a significant
concern. This approach has been proven to be effective for several
classification tasks, including hate speech detection (Cahyana et al. 2022;
Prasetyo and Samudra 2021).r Naive Bayes classifier calculates the probability of each class based on the
features of the data, assuming independence between features, making it
efficient and suitable for text classification and other tasks with
high-dimensional feature spaces. From the experiments carried out by
(Ruwandika and Weerasinghe 2018), Naive Bayes classifier with Tf-idf
features performed best in comparison with several supervised and
unsupervised models.r Decision Tree recursively splits the data based on features, creating a
tree-like structure that makes decisions by following paths from the root to
the leaf nodes, making it interpretable and suitable for tasks where
understanding the decision-making process is important. Decision trees
have shown promising results in dealing with highly unstructured data
because they do not require data scaling and are usually adopted for
several classification tasks (Ruwandika and Weerasinghe 2018).r Multi-layer Perception (MLP) is a type of artificial neural network
composed of multiple layers of nodes (neurons), which can learn complex
patterns in data and perform well in classification tasks with large
datasets, given sufficient computational resources for training. This
approach, eventually embedded within the BERT-based models in a
feed-forward artificial neural network, like in (Anjum 2023), is proven to
be effective for hate speech detection.

All the models have been trained independently on each unimodal representation of
the memes, i.e., using the textual and visual sources separately. In particular, for what
concerns the textual component, each textual transcription obtained with Optical Char-
acter Recognition techniques has been embedded with the Universal Sentence Encoder
(USE) (Cer et al. 2018).
For what regards the visual component, the image that composes the memes has been
processed to identify the objects that compose it (object tags) by the Scene Graph Gener-
ation method (Han et al. 2021). For each sample, an n-dimensional vector containing the
probabilities that the given memes contain one or more pre-defined objects is derived.
Finally, the Bayesian Model Averaging (BMA) (Fersini, Messina, and Pozzi 2014) ensem-
ble paradigm has been adopted to combine the selected classifiers. Three different BMA
ensembles have been derived, i.e., (a) BMA on Visual Component, (b) BMA on Textual
Component, and (c) BMA on Multimodal Components (both Visual and Textual).

5.2 Mitigation Strategies

Bias mitigation is adopted in both unimodal and multi-modal contexts. In the unimodal
setting, only the considered modality is mitigated. In a multi-modal scenario, all the
models based on visual and textual components that compose the ensemble are miti-
gated. In particular, two different types of debiasing strategies are experimented, i.e., at
training time and at inference time.
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5.2.1 Debiasing at training time
This approach requires retraining the baseline models to obtain a mitigated prediction.
In order to mitigate each model at training time, we follow the approach presented in
(Balducci, Rizzi, and Fersini 2023).

Masking Mitigation (MM). is proposed. In particular, for what concerns the textual
component, each biased term is masked according to the class label that they affect
more (see Table 1). Any given biased term, estimated using the strategy presented in
section 4, is masked in the training dataset according to the class towards they induce
bias. In particular, if a candidate biased term induces a bias towards the misogynous
label, then it is replaced with a positive mask [POS-MASK] in misogynous memes. On
the contrary, if a candidate biased term induces a bias towards the not misogynous
label, then it is replaced with a negative mask [NEG-MASK] in not misogynous memes.
An example is reported in the following.

Original Text: When you can’t afford a new dishwasher so you...

Masked Text: When you can’t afford a new [POS-MASK] so you...

Regarding the visual component, when a candidate biased tag is present, the
probability value of that tag is set equal to 0, and a new feature indicating the presence
of the masking is added to the original n-dimensional vector. A toy example is reported
in Figure 4.

woman cat desk chair man car bicycle

0.9 0.3 0.8 0.43 0.87 0.13 0.0

woman cat desk chair man car bicycle MASK

0.0 0.3 0.8 0.43 0.87 0.13 0.0 1.0

Figure 4
Visual Masking

5.2.2 Debiasing at inference time
This strategy is applied once the baseline models’ output probabilities are estimated
at inference time, not requiring any re-training step. We propose two novel debiasing
strategies at inference time: (1) Bayesian Averaging Model - Class-based Mitigation and
(2) Bayesian Model Averaging Element-based Mitigation.

Bayesian Averaging Model Class-based Mitigation (BMA-CM). The proposed Model-
based mitigation is based on a smoothed estimation of the posterior probability of the
Bayesian Model Averaging ensemble. In particular, the ensemble model is debiased
according to the presence of a given biased element. In particular, if a meme contains
a candidate-biased element that introduces a bias towards the misogynous label (e.g.,
dishwasher), then the positive probability resulting from the BMA ensemble strategy,
P (c+m), is penalized by the MBE+ (i.e., the MBE measure computed as shown in
Equation 2, on the subset defined by the misogynous candidate elements), while the
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posterior probability that refers to negative class, P (c−m), is not mitigated. This implies
that if a given positive candidate elements e+ appears within a meme m, e+ ∈ m, then:

P (c+m) = MBE+
∑
g∈G

P (c+(m) | g,D)F+
1 (g)

P (c−m) =
∑
g∈G

P (c−(m) | g,D)F−
1 (g)

(4)

where D is the considered multimodal dataset, c+ and c− represent the misogynous and
non-misogynous labels respectively, and G represents the set of models included in the
BMA.

Similarly, if a meme contains a candidate-biased element e− that introduces a bias
towards the not misogynous label (e.g., ambulance), then the negative probability result-
ing from the BMA ensemble strategy is penalized by the MBE− (i.e., the MBE measure
computed on the subset defined by the not misogynous candidate elements), while the
posterior probability that refers to positive class is not mitigated. This implies that if
e− ∈ m, then:

P (c+m) =
∑
g∈G

P (c+(m) | g,D)F+
1 (g)

P (c−m) = MBE−
∑
g∈G

P (c−(m) | g,D)F−
1 (g)

(5)

Bayesian Model Averaging Element-based Mitigation (BMA-EM). This mitigation strat-
egy, for both textual and visual components, is based on a smoothed estimation of
the posterior probability of each unimodal classifier enclosed in the Bayesian Model
Averaging ensemble but only debiasing the models according to the presence of a given
biased element. In particular, if a meme contains a candidate-biased element e+ that
introduces a bias towards the misogynous label (e.g. dishwasher), then the contribution
that each model gives to the posterior probability to the positive class is penalized by the
MBE+

e (i.e. the MBE measure computed on the subset defined by that specific candidate
element), while the posterior probability that refers to negative class is not mitigated.
MBE+

e in this case is obtained considering AUCBNSP (·) AUCBPSN (·) AUCBNSP (·)
where the subgroup is composed by only by the element e+. For each model, bias
introduced by an element is represented by MBE+

e . This implies that if e+ ∈ m, then:

P (c+m) =
∑
g∈G

P (c+(m) | g,D)F+
1 (g)MBE+

e

P (c−m) =
∑
g∈G

P (c−(m) | g,D)F−
1 (g)

(6)

Similarly, if a meme contains a candidate-biased element e− that introduces a bias to-
wards the not misogynous label (e.g. ambulance), then the contribution that each model
gives to the posterior probability to the negative class is penalized by the MBE−

e (i.e. the
MBE measure computed on the subset defined by e−), while the posterior probability
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that refers to positive class is not mitigated. This implies that if e− ∈ m, then:

P (c+m) =
∑
g∈G

P (c−(m) | g,D)F+
1 (g)

P (c−m) =
∑
g∈G

P (c−(m) | g,D)F−
1 (g) ∗MBE−

e

(7)

6. Experimental Results

We report in this section the results of the proposed mitigation strategies, comparing
their performance with several baseline approaches. In particular, we report AUCraw,
AUCsynt and MBE related to each model enclosed in the ensemble, i.e., Support
Vector Machines (SVM), K-Nearest Neighbour (KNN), Naive Bayes (NB), Decision Tree
(DT), and Multi-layer Perception (MLP), together with their Bayesian Model Averaging
(BMA). Since the currently available transformer-based models can be used as baselines,
we also included BERT (Devlin et al. 2019) as a benchmark model for the textual
component, ViT (Su et al. 2019) for the visual component, and CLIP (Radford et al.
2021) as a multimodal model that considers both the textual and the visual sources. We
also show the performance of the Masking Mitigation on BMA (BMA-MM)(Balducci,
Rizzi, and Fersini 2023), Bayesian Averaging Model Class-based Mitigation (BMA-CM)
and Bayesian Averaging Model Element-based Mitigation (BMA-EM). All the models
enclosed within the BMA-based ensemble share a uniform input representation (i.e.,
the embedding representation for the extracted text for the unimodal text-based models,
the vector containing the probabilities of the selected tag within a given sample for the
unimodal image-based models, and their concatenation for the multimodal models). On
the other hand, the pre-trained large language models adopt peculiar feature extraction,
leading therefore to a different input representation, which results to be incoherent with
respect to one adopted for bias evaluation. Therefore, the state-of-the-art pre-trained
models have not been enclosed in the BMA ensembles and the corresponding mitigated
version. Finally, we report, as baseline debiasing technique available in the state of
the art REPAIR (Li and Vasconcelos 2019) as a benchmark mitigation model. REPAIR
computes a weight wi for each sample based on its proportional loss contribution with
respect to a reference model and resamples the original training dataset according to
several strategies. In particular, given a weight wi for each meme i, it keeps p = 50%
examples with the largest weight wi from each class.
We show in Tables 3-5, the comparison between all the considered models, distin-
guished according to the modalities used to perform the training and the corresponding
mitigation phase. A few considerations can be derived from Table 3, where the mod-
els have been trained using the textual component only: (1) training on the textual
component only leads all the models to obtain good results on both raw and synt
test sets, (2) BMA is able to achieve remarkable results compared with the baselines,
(3) the proposed Masking Mitigation strategy (BMA-MM) significantly outperforms
all the baseline models and the original BMA, but also the REPAIR strategy. BMA-
CM and BMA-EM also outperform all the baselines and the original BMA without
the need to re-train models. Regarding the inclusion of pre-trained transformer-based
LM, we reported state-of-the-art approaches to provide an additional comparison, in
particular, BERT model has been fine-tuned on the task. In this case, all the models
outperformed the fine-tuned BERT. The three proposed strategies are able to maintain
good recognition performance on the raw test set, still improving significantly the
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Table 3
Model performance using the textual component only. Underline denotes the best result while
Bold reflects that the mitigated model outperforms the best non-mitigated approach (BMA)

Textual Component Only
Model AUCraw AUCsynt MBE
SVM 0.7183 0.7508 0.7346
KNN 0.7145 0.7172 0.7158
NB 0.7011 0.7398 0.7204
DT 0.6352 0.7370 0.6861
MLP 0.7240 0.7440 0.7340
BERT 0.6547 0.6590 0.6568
BMA 0.7312 0.7606 0.7459
REPAIR 0.6679 0.6918 0.6798
BMA-CM 0.7312 0.7699 0.7506
BMA-EM 0.7314 0.7744 0.7529
BMA-MM 0.7308 0.7921 0.7615

generalization capabilities on the controversial memes available in the synt test set. For

Table 4
Model performance using the visual component only. Underline denotes the best result while
Bold reflects that the mitigated model outperforms the best non-mitigated approach (BMA)

Visual Component Only
Model AUCraw AUCsynt MBE
SVM 0.6806 0.5964 0.6385
KNN 0.6612 0.5627 0.6119
NB 0.6634 0.5511 0.6072
DT 0.6491 0.6077 0.6284
MLP 0.6693 0.6093 0.6393
ViT 0.5330 0.5260 0.51997
BMA 0.6877 0.6085 0.6481
REPAIR 0.6632 0.5814 0.6223
BMA-CM 0.688 0.5970 0.6425
BMA-EM 0.6875 0.5930 0.6402
BMA-MM 0.6625 0.6218 0.6419

what concerns Table 4, where the models have been trained using the visual component
only, the considerations are a bit different. As demonstrated in other state-of-the-art
studies (Rizzi et al. 2023), the visual component is less impactful on the recognition
capabilities than the textual one. We hypothesize that the reduced contribution of the
pictorial component is mainly due to conceptualization issues in relating a given object
to an abstract concept (e.g. dishwasher). However, also in this case, BMA is able to
achieve better results than the baselines and BMA-MM, BMA-CM, BMA-EM, is still
able to significantly outperform the baseline models and REPAIR but not the original
BMA. Also in this case BMA, BMA-MM, BMA-CM, BMA-EM, outperform Vision-based
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Transformer model (ViT) fine-tuned on the binary task. Regarding the performance of

Table 5
Model performance using the multimodal components. Underline denotes the best result while
Bold reflects that the mitigated model outperforms the best non-mitigated approach (BMA)

Multimodal Components
Model AUCraw AUCsynt MBE
SVM 0.7620 0.7615 0.7618
KNN 0.7567 0.6937 0.7252
NB 0.7319 0.7411 0.7365
DT 0.7501 0.7361 0.7184
MLP 0.7501 0.7378 0.7440
CLIP 0.6209 0.6843 0.6526
BMA 0.7794 0.7991 0.7892
REPAIR 0.7247 0.6792 0.7020
BMA-CM 0.7726 0.8154 0.7940
BMA-EM 0.7722 0.8104 0.7913
BMA-MM 0.7648 0.8187 0.7917

the multimodal settings reported in Table 5, we can assert that not only the proposed
mitigation strategies significantly outperform all the other configurations presented
above, but they are also able to achieve a very promising compromise between raw
and synt samples that facilitate the adoption of the BMA-MM, BMA-CM, and BMA-
EM in a real setting. In order to provide an additional comparison from a multi-
modal perspective, the CLIP model has been fine-tuned. Also, in this setting, BMA
and the corresponding mitigated version outperformed the state-of-the-art multimodal
transformer-based model.

7. Conclusions

This paper addressed the problem of mitigating misogynous meme detection. In partic-
ular, a candidate biased element estimation and corresponding mitigation strategies are
proposed to perform fair prediction in a real setting. The proposed approach at train-
ing time (BMA-MM) was validated on a benchmark dataset and achieved remarkable
results both in terms of prediction and generalization capabilities, reducing the bias
in a significant way. Also, the proposed approaches at inference time, BMA-CM, and
BMA-EM achieved notable results, reducing bias without the need to re-train models
on the dataset and reducing computational resources used. This facilitates the adoption
of these strategies on pre-trained models, which are increasingly used today, at inference
time.
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