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Hate speech and defining aspects
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Abusiveness/Toxicity Misogyny
Racism

Homophobia

Abusive Language

Hate Speech

Aggressiveness

Offensiveness

Abusive language: umbrella term, which covers several related phenomena

+ The definition puzzle

Relation between topical focuses in abusive language phenomena

Offensiveness intersects with abusiveness, but includes also phenomena which are not abusive (cathartic swearing)

Ontological modeling can help -> O’'Dang! The Ontology of Dangerous Speech Messages.

Fabio Poletto, Valerio Basile, Manuela Sanguinetti, Cristina Bosco, and Viviana Patti. 2020. Resources and Benchmark Corpora
for Hate Speech Detection: a Systematic Review. Journal of Language Resources and Evaluation. Springer.



Hate speech and defining aspects

+ How to define the boundaries?

Abusiveness/Toxicity ' Misogyny
" Hate Speech D 4 R?]Cizm
+ Free speech (sayable and unspeakable) ( Aggressiveness yiomepnedta
Offensiveness
+ Toxic speech and blurred boundaries
+ Offensiveness (swearing) — —

+ Hate speech: key aspects in many definitions:
+ Incitement to hatred towards a target belonging to a vulnerable category.
+ Expressions of hate consist of verbal attacks that incite violence and discrimination against
individuals or entire groups characterized by a particular race or ethnicity (Africans,

Roma, etc.), religion (Muslims, Jews, etc.), gender (women), or sexual orientation.

+ Minorities or (marginalized) groups with a long history of discrimination.
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The EU Code of conduct on countering illegal hate speech online

D ( tb a | ( O I l The robust response provided by the European Union

PAGE CONTENTS
The EU Code of Conduct
The EU Code of Conduct
To prevent and counter the spread of illegal hate speech online, in May 2016, the Commission
How it performs. agreed with Facebook, Microsoft, Twitter and YouTube a “Code of conduct on countering illegal hate
speech online”.
Monitoring rounds
In the course of 2018, Instagram, Snapchat and Dailymotion took part to the Code of Conduct,

Related links Jeuxvideo.com in January 2019, TikTok in 2020 and Linked in 2021. In May and June 2022,
respectively, Rakuten Viber and Twitch announced their participation to the Code of Conduct

illegal hate speech
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Boldrini magari gl mette il

che ne pensate?

Post diffamatorio contro
la Boldrini, il sindaco
leghista condannato a 20
mila euro di multa

SOCIAL MEDIA

New U.N. Report on Online Hate Speech

By Evelyn Douek  Friday, October 25, 2019, 1:28 PM

11 capo degli stupratori: toh, era in Italia perché... “Hate speech”, a short-hand phrase that conventional international law does not define,
UCX presidente de]]a Camera: Sinistra e Boldrini che dicono? has a double-edged ambiguity. Its vagueness, and the lack of consensus around its

. . N meaning, can be abused to enable infringements on a wide range of lawful expression. ...
«Quel messagglO mil ferl Yet the phrase’s weakness (“it’s just speech”) also seems to inhibit governments and
moltissimo, dedico que sta companies from addressing genuine harms such as the kind that incites violence or

sentenza a mia ﬁglia». Camiciottoli: discrimination against the vulnerable or the silencing of the marginalized.
«Nessun invito allo stupro, era solo

un attacco politico e non mi % Governments: laws
pento» % Companies, social media

platforms: content moderation

% Hate campaigns: not just a single
David Kaye, the United Nations special rapporteur on the promotion and protection of the

post freedom of opinion and expression, recommended in June 2018 that social media companies
adopt international human rights law as the authoritative standard for their content moderation.

Before Kaye’s report, the idea was fairly out of the mainstream. But the ground has shifted. Since

the release of the report, Twitter CEO Jack Dorsey responded to Kaye agreeing that Twitter’s rules

h h need to be rooted in human rights law, and Facebook has officially stated that its decisions—and

t e momel’ltS Of C al’lge COU.ld be those of its soon-to-be-established oversight board—will be informed by international human

5 | ' . 1 rights law as well.

lmportant' Longltudlna NLP Now Kaye has a new report, released Oct. 9—a timely evaluation of one of the biggest challenges
. . in the regulation of online speech. Despite some tech companies expressing openness to Kaye’s

COUld play a rOle (Marla Llakata) approach, in general these companies continue to manage “hate speech” on their platforms, as

Kaye notes, “almost entirely without reference to the human rights implications of their
products.” And it remains unclear how these standards, developed for nation-states, can be put
into practice in the very different context of private companies operating at mind-boggling scale
and across a wide variety of contexts. These questions are the central concern of Kaye’s latest
report, which evaluates the human rights law that applies to regulation of online “hate speech.”

Protest against Islamophobia and hate speech (Source: Flickr/Fibonacci Blue)

% Peaks of escalation! Identifying

Twitta link



Hate speech and defining aspects
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Hate speech detection S

Task definition

+ Hate speech is commonly defined as any communication that is abusive, insulting, intimidating,
harassing, and / or incites to violence, hatred, or discrimination, and it is directed against a person
or a group belonging to a vulnerable category on the basis of some characteristics:

+ race, race, ethnic origin, religion, gender, age, physical condition, disability, sexual
orientation, political conviction (Erjavec and Kovacic¢ 2012)

+ Binary classification task: Q
7
() ““decide whether a given message is a hateful speech
'ﬂ utterance or a harmless one against a given target”

% Online hate is expressed in different forms depending on the subject against whom it is targeted
+ Target oriented nature of hate speech
+ Vulnerable category

+ Inciting hate or violence



Hate speech and defining aspects
Operational Definitions for Annotators

+ Hate speech is commonly defined as any communication that is abusive, insulting, intimidating, harassing, and /or

incites to violence, hatred, or discrimination, and it is directed against a person or a group belonging to a vulnerable
category on the basis of some characteristics:

+ race, race, ethnic origin, religion, gender, age, physical condition, disability, sexual orientation, political conviction.

+ Operational definition (Sanguinetti et. al., 2018)

2 Hate Speech

Labels: No — Yes

Two aspects are taken into account for its identification:

e the target, which must be a group identified as one of the three categories included in the
search, or even an individual considered for its membership in that category (and not for its
individual characteristics);

e the action, or more precisely the illocutionary force of the utterance: this means that we
must deal with a message that spreads, incites, promotes or justifies hatred or violence
towards the given target, or a message that aims at dehumanizing, delegitimating, hurting
or intimidating the target.

+ Hate speech and Offensive language: different dimensions



Example

Developing corpora

for hate speech

+ Selecting data samples
+ Collect data from sources representative of the phenomena to be studied
+ Filter data by keywords and hashtags representing;:
+ Hate speech targets > e.g. women, immigrants (Romas, Muslims, ...)

+ Forms of hate speech > misogyny, racism, xenophobia, religious
hate..

+ Monitoring potential victims of hate accounts, downloading the
history of identified haters and filtering Twitter streams with
keywords, i.e. words, hashtags and stems!



Developing corpora

for hate speech

id str target hate speech aggressiveness offensiveness stereotype

782117718791221248
782128837496745984
782142959789670401
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Example

Developing corpora

for hate speech

+ Human annotation
+ Annotation scheme / Multilayered annotation schemes

+ Define a set of labels oriented to made explicit the presence of hate

speech ... in texts, starting from some operational definition
+ Coarse-grained: Hateful? Yes or no

+ Fine-grained: e.g. more relevant aspects characterizing hate

(e.g. stereotypes, offensive attitude, aggressive attitude)
+ The entity towards which the hate is expressed (target)

+ The presence of figurative use of language: irony



Abusiveness/Toxicity Misogyny

Benchmark corpora &

Aggressiveness

Offensiveness

Multilingual Perspective

+ Very high number of resources and benchmark corpora for many different languages
developed in a very narrow time span

+ This confirms the growing interest of the community around abusive language in social
media (and HS detection in particular)

Name Task  Sub-Tasks Focus Language Size Teams
SemEval 2019 task 5: HatEval [Basile et al., 2019] HS v misogyny, racism EN, ES 19,600 74
AMI at IberEval 2018 [Fersini ef al., 2018al] HS v misogyny EN, ES 8,115 11
AMI at EVALITA 2018 [Fersini et al., 2018b] HS v misogyny EN, IT 10,000 16
HaSpeeDe at EVALITA 2018 [Bosco er al., 2018] HS v racism, generic IT 8,000 9
MEX-A3T at IberEval 2018 [Alvarez-Carmona et al., 2018] AG - - ES 11,000 7
TRAC-1 [Kumar et al., 2018] AG - - EN, HI 15,000 30
GermEval 2018 task 2 [Wiegand et al., 2018b] OF v - DE 8,541 20
SemEval 2019 task 6: OffensEval [Zampieri ef al., 2019] OF v - EN 14,100 115

Table 2: Shared Tasks on Hate Speech detection (HS), aggressiveness (AG) and offensiveness (OF) identification as main task with presence
of sub-tasks, specific focuses, size of datasets and number of participating teams.

Fabio Poletto, Valerio Basile, Manuela Sanguinetti, Cristina Bosco, Viviana Patti: Resources and benchmark corpora for hate speech detection
systematic review. Lang. Resour. Evaluation 55(2): 477-523 (2021)



Example

Hate Speech Corpus

- (http:/ /twita.di.unito.it/ ) is a collection of texts from Twitter in
1an 1afiguage that is continuously going on since 2012

<+ Hate target: immigrants
+ Smaller datasets extracted from the main collection TWITA and filtered
according to set of carefully selected keywords representing hate speech against

migrants

+ An annotation scheme was designed for making explicit the main
features of hate speech: stereotypes, aggressive attitude...

+ HS as a complex and multi-layered concept
+ Multilayered annotation scheme

+ Teams of annotators for applying the annotation on the datasets

+ Guidelines: https:/ / github.com / msang / hate-speech-corpus

+ Crowdsourcing experiments for enlarging the datasets and collecting opinions
of several people about what hate speech is

Manuela Sanguinetti, Fabio Poletto, Cristina Bosco, Viviana Patti, Marco
Stranisci. An Italian Twitter Corpus of Hate Speech against Immigrants. In
Proceedings of the 11th International Conference on Language Resources and
Evaluation (LREC 2018), Miyazaki, Japan, May 7-12, 2018.

Annotation Scheme

Hate speech
Yes: any expression showing both features outlined in our operational
definition (action + target).

’ La prossima resistenza la dovremmo fare subito contro gli invasori islamici!

Aggressiveness - focus on the speaker’s intention

Weak: any expression that implies or legitimate discriminating attitudes,
refers or hints to the target group as a potential threat, or claims that it
enjoys some privileged treatment.

, Nuova invasione di migranti in Europa.
Strong: any expression that refers — implicitly or explicitly — to violent
actions of any kind.

,‘ Cacc:amo i rom dall /ta/la’

Offensweness focus on the hurtful effect
Weak: any expression that portraits the target group with negative or
unpleasant features.

, Ita/lan/ sfratran e /mm/grat/ VIZIaU

Strong any outrageous degradmg or overtly insulting expression
addressed to the target group.

’ Zingari di merda!!!

Irony

Yes: broad term including nuances such as humour, sarcasm, satire.
’ Ora tutti questi falsi profughi li mandiamo a casa di Renzi??!

Stereotype
Yes: any implicit or explicit generic attribution of negative features to a
whole target group, based on the alleged feature of some of its members.

, Ffoma éin bancarotta ma rega/a 12 m/hon/ ai rom.

Intensnty of hate speech |

1: implicit incitement - attributes negative qualities to the target
’ I migranti sanno solo ostentare I'ozio. La gente & stufa
Migrants can only show off their laziness. People are f )
2: implicit incitement - uses dehumanizing or dlscrlmmatory language
La polizia i controllori fermano solo italiani rom e immigrati non li avvicina
=7 nemmeno rischiano la vita.

nspect ltallans they dont even get close (o Koma or

3: explicit incitement - generally justifies or promotes hatred or violence

Quella schifosa rom prende anche in giro. Speriamo che con i loro fuochi tossici

w si brucmo e crep/no tutt/ alla svelta TOLLERANZA ZERO

R even g. | hope they are all burned down Dy their t«

firec JO TO

4: exphcut |ncnement personally caIIs for openly violent actions
, Hanno rotto il cazzo con tutti quest/ atti terroristi. lo sono pronto alla guerra.

e pissing me ith all ce rarict attacke I'rr fAr
ey’re pissing me off with all these terrorist attacks. I'm ready for


http://twita.di.unito.it/
https://github.com/msang/hate-speech-corpus
https://aclanthology.org/L18-1443/

Semeval 2019- task 5: multlingual detection
of hate against immigrants and women Sk

Twitter data g ‘ y

Hate Targets

> Immigrants: especially raised by political changes occurred in the last few years. Governments and
policy makers are currently trying to address the issue

> Women: hate against the female gender: long-time well-known form of discrimination

Cascade tasks
> Hateful tweets against targets: yes/no
> Finer-grained aspects of hateful tweets:
> Incitement is against specific individuals/groups of people
> Aggressive behavior

Multilingual tasks
> English & Spanish

https:/ / competitions.codalab.org/competitions /19935
Annotation guidelines: https:/ /github.com /msang/hateval/blob/master/annotation_guidelines.md



https://competitions.codalab.org/competitions/19935
https://github.com/msang/hateval/blob/master/annotation_guidelines.md

Semeval 2019- task 5: multlingual detection
of hate against immigrants and women &

Task A: Hateful? yes, no g

Predict whether a tweet in English or Spanish with target women or immigrants
contains HS or not.

AWARNING
Hateful? OFFENSIVE
LANGUAGE
A Yeo
[hateful] @USER_345234 @USER_372644 Shut the fuck up. Your a CINO

fucking cunt. Shut the fuck up. Your a stupid cunt suck my dick

[non-hateful] Karma is a bitch. 0\ Yeo
XINO



Semeval 2019- task 5: multlingual detection
of hate against immigrants and women Sk

L

Task B: Is a hateful tweet also aggressive? yes, no
Is a hateful tweet against an individual or generic

target? individual, generic ‘

Target:
individual (including hateful messages purposely sent to a specific target)
generic (referring to hateful messages posted to many potential receivers)

AWARNING
OFFENSIVE
LANGUAGE
Aggressive? VA Yeo :
CINO ¢

@USER_NAME Stupid ugly cunt who needs to die

SE————

Is the target individual or generic: ' Hate speech on line

®
Women should kindly stay in the kitchen w

Off line violence




Multlingual and multitarget perspective

Hate against immigrants and women

+ Training data

WOMEN
ENGLISH

SPANISH

Figure 1: Distribution of the annotated categories in
English and Spanish training and development set for

HS
TR
AG
HS

R

AG

Women

Individual Target .
Generic Target

Aggressive

Non-Aggressive

Hateful

Individual Target Generjc Target

Aggressive Non-Aggressive

o

1000 2000 3000

the target women.

MMIGRANTS

ENGLISH

SPANISH

Immigrants

HS RGN

Individual Target

TR l
HS Hateful

Individual Target
TR Generic Target
Aggressive

AG .
- Non-Aggressive

0 1000 2000 3000 4000 5000

Figure 2: Distribution of the annotated categories in
English and Spanish training and development set for
the target immigrants.

Valerio Basile, Cristina Bosco, Elisabetta Fersini, Debora Nozza, Viviana Patti, Francisco Manuel Rangel Pardo, Paolo Rosso,
Manuela Sanguinetti. 2019. SemEval-2019 Task 5: Multilingual Detection of Hate Speech Against Immigrants and Women in

Twitter. SemEval ONAACL-HLT 2019: 54-63



Multlingual and multitarget perspective
Hate against immigrants and women

+ Women are frequent target online abuse in several countries:
+ Some data-driven evidences:
+ Violation of the patriarchal norm

+ In our corpora (not only Italian) we clearly find traces of the fact that often the trigger for the misogynistic attack,
even online, is the so-called violation of the patriarchal norm by the single woman (Kate Manne, "Down girl”)

+ Online misogyny often targets a specific person and not a category.

+ Especially the woman who plays a social role traditionally considered male is the subject of online
misogynistic attacks: woman in politics, the scientist, the leader of an ecological movement

+ The verbal violence of the hater targets the single woman, accompanied by the desire to threaten her integrity, with
a greater danger of interference with real life and a transition from verbal violence online to physical offline

+ The case of hate speech towards migrants is different:
ingroup / outgroup dynamics studied by social psychology come into play. We have seen in the data that this is
reflected in a verbal expression where the category tends to be hit (the category of immigrants is inferior and
constitutes a threat)

+ Hate speech and populist rhetoric (Comandini and Patti, 2019)

Gloria Comandini and Viviana Patti. 2019. An Impossible Dialogue! Nominal Utterances and Populist Rhetoric in an Italian Twitter Corpus of Hate Speech against Immigrants. In Proceedings of
the Third Workshop on Abusive Language Online, pages 163-171, Florence, Italy. ACL.



Same larget Different
Topical Focus

Misogyny vs sexism

+ Philosophical debate on
whether sexism and misogyny are distinct
concepts (Manne, 2017), or whether misogynistic speech
is hate speech (Richardson-Self, 2018)

+ In (Pamungkas et al., 2020) cross-domain experiments
provide some empirical results interesting for this debate:

+ Hate speech toward women has a stronger relation
to misogyny than sexism.

+ This is in line with recent philosophical accounts
theorizing misogyny and sexism as related
but distinct mechanisms that enforce the norms of
patriarchy (Manne, 2017), and arguing for
considering misogynistic speech as a specific kind of
hate speech (Richardson-Self, 2018).

Endang Wahyu Pamungkas, Valerio Basile and Viviana Patti. 2020

Misogyny Detection in Twitter: a Multilingual and Cross-Domain Study,
Information Processing & Management, Elsevier.

To maintain or restore a patriarchal social order

MISOGYNY

(police force)

A property of social system

The hostile reactions women face in
navigating the social world.

It helps us uphold sexist beliefs and
enforces patriarchy

It functions like a “police force”,
punishing women who deviate from
feminine roles, policing women'’s
subordination, enforcing male
dominance

It is moralistic
v Is there a thing in the constitution about

women shutting the hell up? COME ON!
#shutthehellupwomen

SEXISM
(theory)

Patriarchal ideology, a set of beliefs, that
justifies and rationalizes a patriarchal
social order

Think men are less suited for feminine
roles.

Belief women are inherently inferior

It is scientific

- @jackheathh I'm not sexist but women
drivers are bad and when i mean bad I
mean BAD


https://www.sciencedirect.com/science/article/abs/pii/S0306457320308554
https://www.sciencedirect.com/science/article/abs/pii/S0306457320308554

Hate Speech Detection

HaSpeeDe
¢

+ HaSpeeDe (Hate Speech Detection)
shared task at Evalita 2018

+ http:/ /www.di.unito.it/
~tutreeb /haspeede-evalital8/
index.html

+ Course-grained binary task:
automatically annotate messages with a
binary value (0 or 1) indicating the
presence (or not) of hate speech

+ Task main purpose: encourage and
promote the participation of several

research groups, making a shared dataset

available in order to allow an

advancement in the state of the art in this

field for Italian tools as well.

haspeede@evalita 2018

The HaSpeeDe (Hate Speech Detection) shared task will be organized within Evalita 2018, the 6th evaluation campaign of

Natural Language Processing and Speech tools for Italian, which will be held in Turin, Italy, on December 12-13, 2018.
introduction and motivation

Online hateful content, or Hate Speech (HS), is characterized by some key aspects (such as virality, or presumed
anonymity) which distinguish it from offline communication and make it potentially more dangerous and hurtful.

Therefore, its identification becomes a crucial mission in many fields.

HaSpeeDe consists in automatically annotating messages from two popular micro-blogging platforms, Twitter and

Facebook, with a boolean value indicating the presence (or not) of HS.

Itis proposed for the first time for Italian within the context of Evalita, following the success of similar t:

sentiment analysis, such as those for polarity and subjectivity detection, organized in the two last editio} m Yes
campaign.

target audience H atef ul? | NO

The task is open to ever

tweet irony
ora tutti questi falsi profughi yes

task description

Considering the linguis

to the differences in ust li mandiamo a casa di Renzi ??!

dataset used:

(shall we send all these
A) HaSpeeDe-FB, where

i’ 291
B) HaSpeeDe-TW, whel fake refugees to Renzi’s house??!)
C) Cross-HaSpeeDe, whereonlytHeIFaceBooRaataserean be Used 10 classily THe TWItter tesrseranaviceversall

relation with ironita@evalita2018

Considering that a small portion of the task dataset contains ironic tweets, such set will also be used in another shared

task proposed for EVALITA 2018, namely the one for irony detection (ironITA)
data

The dataset proposed for this task is the result of a joint effort of two research groups on unifying the annotation

previously applied to two different datasets, in order to allow their exploitation in the task.

The first dataset is a collection of Facebook posts developed by the group from Pisa and created in 2016 [Del Vigna et al.
2017], while the other one is a Twitter corpus developed in 2018 by the group from Turin [Poletto et al. 2017; Sanguinetti
etal. 2018].

The annotation format is the same for both datasets used for this task, and it consists of a simplified version of the
schemes adopted in the two corpora mentioned above: it thus comprises the tweet or Facebook comment along with the

respective annotation.

The tags included in the scheme are only 1and O, expressing the presence or not of hate speech in the post, respectively.
evaluation

Each participating team will initially have access to the training data only. Later, the unlabeled test data will be released

(see the timeframe below). After the assessment, the labels for the test data will be released as well.

The evaluation will be performed according to the standard metrics known in literature (precision, recall and F-
measure). Details on evaluation metrics to be applied for the evaluation of the participant results will be published in the

Task auidelines


http://www.di.unito.it/~tutreeb/haspeede-evalita18/index.html
http://www.di.unito.it/~tutreeb/haspeede-evalita18/index.html
http://www.di.unito.it/~tutreeb/haspeede-evalita18/index.html

Hate Speech Detection #
HaSpeeDe 20183

+ Two datasets released to participants:

[ not hate speech

1,296 (32,4%)
B hate speech

2,059 (51,5%) 1,942 (48,5%)
2,704 (67,6%)

+ Three main sub-tasks (depending on the dataset used):
+ HaSpeeDe-FB = Facebook Train+Test
+ HaSpeeDe-TW = Twitter Train+Test
+ Cross-HaSpeeDe:
+ a.Cross-HaSpeDe_FB = Facebook train + Twitter test
+ b.Cross-HaSpeDe_TW = Twitter train + Facebook test



Grounds of hatred 2021

7.7% Afrophobia

Anti-gypsyism
4.7% Other

Gender 5.1%

New targets i

H O D I Sexual orientation 18.2%

8.5% Anti-Muslim hatred

| Antisemitism

National origin
5.8%

Ethnic origin

L \
3.9% Race\ Xenophobia (including anti-migrant hatred)

Home Task Description How to participate Important Dates Organizers and Contacts Q

Homotransphobia Detection in Italian (HODI)

.Shared Task at EVALITA 2023

HODI is structured on two subtasks:

Welcome to the web page of HODI, the first
About HODI bt A

Italian at 8th evaluation campaign EVALIT
Hate speech detection: this is a bi- nary

Despite advancements in LGBTQIA+ rights JUEESTELORER S where systems are challenged to

classify a

message is hateful or not against LGBTQIA+

combatting online hate speech since it can community.

LGBTQIA+ individuals. Natural language pr¢

moderators' labor and mental stress. Despi

Subtask B

) Explainability: once a message is classified as

community. hateful, the objective is to identify the rationales of
the classification model, i.e.,

QUCE LS EIERER QIR CUTRERE G those tokens in the sequence that contributed to the
flagging of the message.

detection datasets and models, very few st




Grounds of hatred 2021

7.7% Afrophobia

Anti-gypsyism
4.7% Other

Gender 5.1%
8.5% Anti-Muslim hatred

Religion 2% _—— Antisemitism

National origin
5.8%

New targets

v

\
L 3.9% Race\

Sexual orientation 18.2%

Ethnic origin

Xenophobia (including anti-migrant hatred)

+ Hate speech is commonly defined as any communication that is abusive, insulting,
intimidating, harassing, and / or incites to violence, hatred, or discrimination, and it is
directed against a person or a group belonging to a vulnerable category on the basis of
some characteristics:

+ race, race, ethnic origin, religion, gender, age, physical condition, disability, sexual
orientation, political conviction

This Third Edition focuses on Hate Speech in Twitter proposing 2 tasks:

» Task A: Political Hate Speech Detection: a binary classification task aimed at determining whether the message
contains Hate Speech or not

o Textual: participants can only use the provided textual content of the tweets from PolicyCorpusXL for

development.
> Contextual: participants can employ for development the textual content of the tweets plus contextual
@ information that will be given to them (i.e., metadata of the tweet and author, friends, retweets,and reply
relations).
— /e~  Task B: Cross-domain Hate Speech Detection: a binary classification task with test data from different domains.

The main objective is to explore cross-domain hate speech detection in two evaluation settings
> XPoliticalHate: the test set will consist of tweets from PolicyCorpusXL (the same as in Task A), but
o pe any kind of external data from other hate domains

Political and Religious Hate SpeeCh Detection he task here will be recognizing religious hate, therefore the test set will consist of tweets

from the ReligiousHate corpus



Hidden bias? New Challenges!

From hate speech ,..
to microaggressions, stercotypes, unconscious bias

&

Implicit hate

Stereotypes behind hate

Among the notions investigated for their relationships with toxic speech and related phenomena,
stereotype is raising particular interest: it can play a leading role in novel detection tools and
resource

Stereotype has been studied in social psychology:
inherently complex phenomenon that we can observe in a fine-grained way

+  We can distinguish stereotype from the evaluative and
affective dimension of prejudice and from
the specific forms of discredit it assumes

<« STudying European Racial Hoaxes and sterEOTYPES S



HaSpeeDe 2 @ Evalita 2020
Stereotype Detection

@ Viviana Patti @vivi_patti - 20 set v Tasks EVALITA 2020 ’

¥ 1The #HaSpeeDe2020 test set is out! ¢Jdi.unito.it/haspeede20 Hate CAMPAIGNS

Speech detection in Italian @EVALlTACampa|gn with new cha”enges: EVALITA provides a shared framework for the evaluation of different systems and

Ianguage Variety and test Of tlme v stereotypes g o and SyntaCtiC + EVALITA 2020 approaches on separate tasks, all for Italian. For the 2020 edition tasks are organized
— 1 ol

along the following tracks:

realisation of hate speech |l We are waiting for your runs _ #! #NLProc > Tasks

> Technical Reports

o Affect, Hate, and Stance
o ATE ABSITA - Aspect Term Extraction and Aspect-Based Sentiment

EVAL'TA 2020 @EVAL|TAcampa|gn N 20 set > Important Dates Analysis (L. De Mattei, G. De Martino, A. lovine, A. Miaschi, M. Polignano)
o AMI - Automatic Misogyny Identification (E. Fersini, D. Nozza, P. Rosso)
Test data for the first battery of #EVALITA2020 tasks ready! é We are > Task Registration o SardiStance - Stance Detection (M. Lai, A. T. Cignarella, C. Bosco, V. Patti,
o -p P ok - P. Rosso)
Waltlng for your runs seo ! Deadline: September 25! ‘ « > Qroanization o HaSpeeDe - Hate Speech Detection (C. Bosco, V. Patti, M. Sanguinetti, T.
twitter.com/AILC_NLP/statu... + EVALITA 2018 Caselli, G. Gomandini, E. Di Nuovo, I. Russo, M. Stranisci)
o Creativity and Style
+ EVALITA 2016 o CHANGE-IT - Style Transfer (L. De Mattei, M. Cafagna, M. Nissim, F.

Dell'Orletta, A. Gatt)

*+ EVALITA 2014 o TAG-it - Topic, Age and Gender Prediction (A.Cimino, F. Dell'Orletta, M.
+ EVALITA 2011 Nissim)
TASK A - MAIN TASK B-PILOT 1 TASK C - PILOT 2 « Semantics and Multimodality
+ EVALITA 2009 o DANKMEMES - Multimodal Artefacts Recognition
HATE SPEECH IDENTIFICATION OF (G. Anselmi, G. Giorgi, G. Lebani, M. Miliani, . Rama)
DETECTION STEREOTYPE DETECTION NOMINAL UTTERANCES + EVALITA 2007 o CONcreTEXT - Concreteness in Context (L. Gregori, D. Radicioni, A. A.
Ravelli, R. Varvara, M. Montefinese)
o Ghigliottin-Al - Evaluating Artificial Players for the Language Game “La
Binary classification Binary classification Sequence labeling EVALITA is an initiative of: Ghigliottina” (P. Basile, L. Siciliani, F. Sangati, J. Monti, A. Pascucci, M.
task: determine the task: determine the presence| | task:identify Nominal Finten : o
presence | absence of hateful  absence of stereotypes towa Utterances in hateful data iaschi, F.
content towards a given rds a given target
farget » One training set — Lgnoli 5.
li, A. Caputo,
» Two separate testsefs: /
i0, C. Chesi, R.
. . . . . _ 1 turi)
Observation: in social media and newspapers’ headlines, > In-domain g vp—
the most hateful parts are often verbless sentences or a verbless
fi ts, also kn Nominal Utt NU ’ : m=|
ragments, also known as Nominal Utterances (NUs)newspapers » Out-of-domain — =
headlines, the most hateful parts are often verbless sentences or a mm——)  © participate to

verbless fragments, also known as Nominal Utterances (NUs)

> Walter Daelemans’s Keynote » Twittertraining and test set from different time frames
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THREE LANGUAGES
Nevtral LES DECODEURS
CREATION OF A

MULTILINGUAL RACIAL
HOAXES CORPUS

Stereotypes and hoaxes

&

Conversational context

0
4

ON TWITTER

collection/annotation O —

4

COLLECTING RHs FROM
TWITTER

b

French

+ https:/ /www.irit.fr / sterheotypes / ﬁ T TJ

DOWNLOADING THE

FULL CONVERSATIONAL
THREAD

Multilingual Database of

Introduction

d

“Reactions to Racial Hoaxes" MULTILINGUAL DB OF

“REACTIONS TO RACIAL
HOAXES"

STERHEOTYPES is a three year (2021-2024) funded International project under
the “Challenge for Europe” call by Carlsberg Foundation, Volkswagen Stiftung

and Compagnia San Paolo, led by University of Bari ‘Aldo Moro".
pag y y Examples
1. Immigrants out of control: they flee and injure an
The project focuses on ‘racial hoaxes’, communicative acts created to circulate officer (Security)
allegations of threats posed against someone’s health or safety by individuals or 2. Migrant with Covid repatriated. And now 100

agents are in quarantine (Public Health)

groups, characterized by their race, ethnicity or religion. Aiming at understanding
the social and psychological processes emerging from racial hoaxes in digital
generations across three border Mediterranean European countries (Italy, Spain
and France), it integrates different methodological approaches coming from 4. A foreign minor, 4,700C per month, your

3. The electoral roll increases because the
Government nationalizes 200,000 “illegals"
(Migration Control)

h I. d tat, ll, o ti grandmother, 426C pension per month (Benefits)
psychology and computational linguistics.

5. In Aubervilliers, the sheep ready to be slaughtered

for #Eid on their way to the butcher. Mind
boggling! #Ramadam (Religion)

Tom Bourgeade, Alessandra Teresa Cignarella, Simona Frenda, Mario Laurent, Wolfgang
Schmeisser-Nieto, Farah Benamara, Cristina Bosco, Véronique Moriceau, Viviana
Patti, Mariona Taulé: A Multilingual Dataset of Racial Stereotypes in Social Media
Conversational Threads. EACL (Findings) 2023: 674-684



https://www.irit.fr/sterheotypes/

Stereotypes and hoaxes
Conversational context
collection/annotation

W SOURCE RACIAL HOAX: Immigrant rapes
a 7-year-old girl | The father cuts off his balls
and makes him swallow them [URL]

+ https:/ /www.irit.fr / sterheotypes/

% DIRECT REPLY: @user in a serious
country it would have already been
T dismissed....

N Ve N
is the stereotype inferable /./""\ 2] /‘I /
tweet/post + only from the context of < —
/ the thread? T~ ™ )
/‘ —_— ‘\\ yes /' %W REPLY-TO-REPLY: @user but
/ ':’ now here they do whatever they
' / ' @ want... them... )
is there a stereotype / doyouneedtomakean |
towards a racial target? / inference to understand  <___ =
/ the stereotype? Iy, explici
plicit )
/ \\,,____,/ is there a stereotype towards a YES
/ racial target or anti-immigration?
/
N RN i thetg eny Jorm of ap) Forms of Discredit. It encodes the pre- errabl
T T ! — 2 . . . is the stereotype inferrable only YES
P> g Clse_ form m_ WI?ICh .the text spreads a from the context of the thread?
G ® racial or anti-migration stereotype, at-
—C
= —_— tributing a type of behavior to the dis-
Mu"tl_layerEd iy s mi s P do you need to make an inference
- —— 2 criminated target. The values that can be ] e e ooty | EXPLICIT
[ 2 . . . o understand the stereotype?
Annotation Scheme e £ applied are six: Affective Competence
- pm———— o
for Racial Stereotypes —_Ac D ° (AC), Attack to Benevolence (B), Com-
p eten_ce (C)’ Dominance DO“.m (DD)’ 1 s there any form of discredit? DU
Dominance Up (DU) and Physical (P).

Tom Bourgeade, Alessandra Teresa Cignarella, Simona Frenda, Mario Laurent, Wolfgang
Schmeisser-Nieto, Farah Benamara, Cristina Bosco, Véronique Moriceau, Viviana
Patti, Mariona Taulé: A Multilingual Dataset of Racial Stereotypes in Social Media
Conversational Threads. EACL (Findings) 2023: 674-684


https://www.irit.fr/sterheotypes/

PW1: Practical Lab, Dec 4

+ Recognising canceling attitudes:
an annotation task
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