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Preface

On behalf of the Program Committee, a very warm welcome to the Seventh Italian Conference on
Computational Linguistics (CLiC-it 2020). This edition of the conference is held in Bologna and
organised by the University of Bologna. The CLiC-it conference series is an initiative of the Italian
Association for Computational Linguistics (AILC) which, after six years of activity, has clearly
established itself as the premier national forum for research and development in the fields of
Computational Linguistics and Natural Language Processing, where leading researchers and
practitioners from academia and industry meet to share their research results, experiences, and
challenges.

This year CLiC-it received 80 submissions against 64 submissions in 2015, 69 in 2016, 72 in
2017, 70 in 2018 and 82 in 2019 confirming the increasing trend of the past years. The
Programme Committee worked very hard to ensure that every paper received at least three
careful and fair reviews. This process finally led to the acceptance of 19 papers for oral
presentation and 53 papers for poster presentation, with a global acceptance rate of 90%
motivated by the inclusive spirit of the conference. The conference is also receiving considerable
attention from the international community, with 17 (21%) submissions showing at least one
author affiliated to a foreign institution. Regardless of the format of presentation, all accepted
papers are allocated 5 or 6 pages plus 2 pages for references in the proceedings, available as
open access publication. In line with previous editions, the conference is organised around
thematic areas managed by one or two area chairs per area.

In addition to the technical programme, this year we are honoured to have as invited speakers
internationally recognised researchers as Veronique Hoste (Ghent University) and Stefan Kopp
(Bielefeld University). We are very grateful to Veronique and Stefan for agreeing to share with
the Italian community their knowledge and expertise on key topics in Computational Linguistics.

Traditionally, around one half of the participants at CLiC-it are young postdocs, PhD students,
and even undergraduate students. As in the previous edition of the conference, we organised a
special track called “Research Communications”, encouraging authors of articles published in
2020 at outstanding international conferences in our field to submit short abstracts of their
work. Research communications are not published in the proceedings, but will be orally
presented within a dedicated session at the conference, in order to enforce dissemination of
excellence in research.

Moreover, during the conference we will award the prize for the best Master Thesis (Laurea
Magistrale) in Computational Linguistics, submitted at an Italian University between August 1st
2019 and July 31st 2020. This special prize is also endorsed by AILC. We have received 4
candidate theses, which have been evaluated by a special jury. The prize will be awarded at the
conference, by a member of the jury.



As last year, we propose a tutorial at the beginning of the conference by Alessandro Lenci. We
highlight the importance that this kind of opportunities have for young researchers in particular,
and we are proud of having made the tutorial attendance free for all registered students.

Even if CLiC-it is a medium size conference, organizing this annual meeting requires major
effort from many people. This conference will not be possible without the dedication, devotion
and hard work of the members of the Local Organising Committee, who volunteered their time
and energies to contribute to the success of the event. We are also extremely grateful to our
Programme Committee members for producing a lot of detailed and insightful reviews, as well
as to the Area Chairs who assisted the Programme Chairs in their duties. All these people are
named in the following pages. We also want to acknowledge the support from endorsing
organisations and institutions and from all of our sponsors, who generously provided funds and
services that are crucial for the realisation of this event. Special thanks are also due to the
University of Bologna for its support in the organisation of the event.

Please join us at CLiC-it 2020 to interact with experts from academia and industry on topics
related to Computational Linguistics and Natural Language Processing and to experience and
share new research findings, best practices, state-of-the-art systems and applications. We hope
that this year’s conference will be intellectually stimulating, and that you will take home many
new ideas and methods that will help extend your own research.

Johanna Monti, Felice Dell’Orletta and Fabio Tamburini
CLiC-it 2020 General Chairs



Organising Committee

Conference and Programme Chairs

Johanna Monti (Universita di Napoli “L’Orientale”)
Felice Dell’Orletta (Istituto di Linguistica Computazionale “A.Zampolli” - CNR)
Fabio Tamburini (Universita di Bologna)

Area Chairs

Dialogue, Discourse and Natural Language Generation
Alessandro Mazzei (Universita degli Studi di Torino)
Malvina Nissim (Universita di Groningen)

Information Extraction, Information Retrieval and Question Answering
Elena Cabrio (Université Cote d’Azur, Inria, CNRS)
Alessandro Moschitti (Amazon)

Language Resources and Evaluation
Simonetta Montemagni (Instituto di Linguistica Computazionale “A. Zampoli”, CNR)
Viviana Patti (Universita degli Studi di Torino)

Language and Cognition
Gloria Gagliardi (Universita di Napoli “L’Orientale”)
Alessandro Lenci (Universita di Pisa)

Linguistic Issues in CL and NLP
Francesca Chiusaroli (Universita degli Studi di Macerata)
Elisabetta Jezek (Universita degli Studi di Pavia)

Machine Learning for NLP
Pierpaolo Basile (Universita degli Studi di Bari)
Andrea Esuli (Istituto di Scienza e Tecnologie dell’'Informazione “A. Faedo”, CNR)

Machine Translation and Multilinguality
Marcello Federico (Amazon)
Matteo Negri (Fondazione Bruno Kessler, Trento)

Morphology and Syntax Processing
Maria Pia di Buono (Universita di Napoli “L’Orientale”)
Marco Passarotti (Universita Cattolica del Sacro Cuore, Milano)

NLP for Digital Humanities
Sara Tonelli (Fondazione Bruno Kessler, Trento)
Giulia Venturi (Instituto di Linguistica Computazionale “A. Zampoli”, CNR)

NLP for Web and Social Media
Cristina Bosco (Universita degli Studi di Torino)
Paolo Rosso (Universitat Politécnica de Valéncia)

Pragmatics and Creativity
Valentina Bambini (Ne.T.S.-IUSS Center for Neurolinguistics and Theoretical Syntax, Pavia)
Marco Guerini (Fondazione Bruno Kessler, Trento)

Research and Industrial NLP Applications
Roberto Basili (Universita di Roma, Tor Vergata)
Giovanni Semeraro (Universita degli Studi di Bari)

Semantics and Knowledge Representation
Tommaso Caselli (Universita di Groningen)
Roberto Navigli (Universita di Roma, La Sapienza)



Spoken Language Processing and Automatic Speech Understanding
Barbara Gili Fivela (Universita del Salento)
Antonio Origlia (Universita Degli Studi di Napoli Federico II)

Vision, Robotics, Multimodal and Grounding
Raffaella Bernardi (Universita degli Studi di Trento)
Francesco Cutugno (Universita Degli Studi di Napoli Federico II)

Website chair
Andrea Cimino (Istituto di Linguistica Computazionale “A.Zampolli” - CNR)

Local Organisation

Claudia Roberta Combei (Universita di Bologna)
Gloria Gagliardi (Universita di Napoli “L’Orientale”)
Fabio Tamburini (Universita di Bologna)

Reviewers

Lasha Abzianidze, Mehwish Alam, Oscar Araque, Luigi Asprino, Mattia Atzeni, Vevake Balaraman,
Francesco Barbieri, Pierpaolo Basile, Valerio Basile, Roberto Basili, Nuria Bel, Luisa Bentivogli,
Monica Berti, Michele Bevilacqua, Luca Bischetti, Andrea Bolioli, Marianna Bolognesi, Johan Bos,
Federico Boschetti, Cristina Bosco, Dominique Brunato, Christian Burgers, Davide Buscaldi,
Hendrik Buschmeier, Marina Buzzoni, Elena Cabrio, Erik Cambria, Annalina Caputo, Luigi Di
Caro, Giuseppe Castellucci, Flavio Massimiliano Cecchini, Giuseppe Giovanni Antonio Celano,
Mauro Cettolo, Francesca Chiusaroli, Yi-Ling Chung, Alessandra Teresa Cignarella, Andrea
Cimino, Fabio Ciotti, Giovanni Colavizza, Davide Colla, Claudia Roberta Combei, Sergio Consoli,
Anna Corazza, Elisa Corino, Gianpaolo Coro, Danilo Croce, Hoang Cuong, Francesco Cutugno,
Rossana Damiano, Marco de Gemmis, Thierry Declerck, Angelo Mario Del Grosso, Marco Del
Tredici, Felice Dell'Orletta, Claudio Delli Bovi, Silvia Demartini, Danilo Dessi, Francesca Di
Donato, Barbara Di Eugenio, Stefanie Dipper, Mauro Dragoni, Benamara Farah, Marion Fechino,
Anna Feltracco, Alejandro Moreo Ferndndez, Elisabetta Fersini, Simone Filice, Franz Fischer,
Greta Franzini, Diego Frassinelli, Simona Frenda, Francesca Frontini, Matteo Gabburo, Vincenzo
Galata, Lorenzo Gatti, Emiliano Giovannetti, Elisabetta Gola, Christophe Gravier, Elisa
Guadagnini, Eleonora Gualdoni, Marco Guerini, Shohreh Haddadan, Christian Hardmeier, Sadid
A. Hasan, Delia Irazu Hernandez Farias, Ignacio lacobacci, Carlos A. Iglesias, Andrea lovine, Amy
Isard, Elisabetta Jezek, Roman Klinger, Kristina Kocijan, Dimitrios Kokkinakis, Sandra Kiibler,
Surafel Lakew, Gianluca Lebani, Luca Di Liello, Francesca Strik Lievers, Eleonora Litta, Pasquale
Lops, Samuel Louvan, Simone Magnolini, Francesco Mambrini, Diego Marcheggiani, Maria Di
Maro, Mirko Marras, Marco Maru, Prashant Mathur, Stefano Menini, Massimo Moneglia, Paolo
Monella, Johanna Monti, Cataldo Musto, Maria Nadejde, Federico Nanni, Fedelucio Narducci,
Massimo Nicosia, Nicole Novielli, Alessandro Oltramari, Antonio Origlia, Francesco Osborne,
Petya Osenova, Maria Palmerini, Alessio Palmero Aprosio, Ludovica Pannitto, Alessandro
Panunzi, Patrick Paroubek, Marco Passarotti, Diego Pescarini, Vito Pirrelli, Marco Polignano,
Simone Paolo Ponzetto, Daniele Puccinelli, Valeria Quochi, Daniele P. Radicioni, Daniele
Radicioni, Alessandro Raganato, Andrea Amelio Ravelli, Diego Reforgiato, Kevin Roitero, Marco
Rospocher, Gaetano Rossiello, Irene Russo, Manuela Sanguinetti, Giorgio Satta, Loredana



Schettino, Flavia Sciolette, Marco S.G. Senaldi, Marco Senaldi, Maria Simi, Luca Soldaini,
Francesca Spezzano, Damiano Spina, Rachele Sprugnoli, Carlo Strapparava, Irene Sucameli, Fabio
Tamburini, Mariona Taulé, Serra Sinem Tekiroglu, Maurizio Tesconi, Francesca Tomasi, Rocco
Tripodi, Emiel Vanmiltenburg, Rossella Varvara, Guido Vetere, Serena Villata, Fabio Massimo

Zanzotto.



CEUR-WS.org/Vol-2769/abstract_VH.pdf

Fine-grained sentiment analysis: a piece of cake?

Veronique Hoste
LT3 Language and Translation Technology Team
Department of Translation, Interpreting and Communication
Ghent University

veronique.hoste@ugent.be

With the emergence of the interactive Web 2.0, the amount of opinionated online text has
grown immensely, as well as the interest in exploiting that information. At the same time,
digitization and globalization have profoundly changed the media ecology, with an increasing
trend to consume news online, more specifically via newspaper websites or through secondary
gatekeepers on social media platforms, etc.

This availability of online social and curated text sources has led to a boost in sentiment
analysis research, which mainly took off in early 2000 with as initial objective the identification
of semantic polarity (positive, negative, or neutral) of a given text. In the last years this primary
objective has evolved into a more fine-grained paradigm. This includes identifying the entity
towards which a given sentiment is aimed in aspect-based sentiment analysis (Pontiki et al.,
2016), identifying emotions instead of mere polarity orientations (Mohammad et al., 2018) or
modeling the implicit sentiment certain events or facts convey or evoke. In this talk, I will focus
on some ongoing projects in our team in which we seek to model sentiment and emotions at
this fine-grained level.

Taking the aspect-based sentiment analysis framework as a starting point, | will broaden the
scope from aspects to unrestricted news events and discuss our attempts to model fine-grained
news events' polarity in general and economic hard news. As factual utterances often do not
contain explicitly lexicalized sentiment, but rather describe “polar facts” or real-world events
or objects with implied affective information, I will mainly focus on the challenges involved
in modeling implicit sentiment. This implicit or prototypical polarity modeling has also been
key to our work on verbal irony and the associated SemEval-2018 shared task. As irony is
frequently realized through a clash between (often) explicit opinion words and a prototypically
negatively connoted activity, | will discuss how we seek to model this contrast (Van Hee et al.,
2018).

Finally, in view of more refined emotion modelling in text, | will elaborate on our first steps in
the domain of emotion detection, starting with our pursuit of a reliable method to label
emotional properties in text (De Bruyne et al., to appear). Furthermore, | will discuss the
problem of choosing an appropriate framework for building an emotion-annotated corpus and
our experiments on transfer learning for emotion detection in a less-resourced scenario.

De Bruyne, L., De Clercg, O. & Hoste, V. (to appear). Annotating Affective Dimensions in User-
Generated Content. Comparing the reliability of best-worst scaling, pairwise comparison and rating
scales for annotating valence, arousal and dominance. Language Resources and Evaluation.



Mohammad, S.M., Bravo-Marquez, F., Salameh, M. & Kiritchenko, S. (2018). Semeval-2018 Task 1:
Affect in tweets. Proceedings of SemEval-2018.

Pontiki, M., Galanis, D., et al. (2016). SemEval-2016 task 5: aspect based sentiment
analysis. Proceedings of SemEval-2016.

Van Hee, C., Lefever, E., & Hoste, V. (2018). We usually don’t like going to the dentist: using
common sense to detect irony on Twitter. Computational Linguistics, 44(4), 793-832.
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Interaction-aware multimodal dialogue with conversational agents

Stefan Kopp
Social Cognitive Systems
Faculty of Technology and CITEC

Bielefeld University
skopp@techfak.uni-bielefeld.de

Spoken language-based interfaces and dialogue systems are on the rise thanks to advances in
Machine Learning. However, we are still far away from being able to develop and deploy social
robots or virtual assistants that are capable of fluent, flexible and robust communication in
cooperative tasks with human users. One main challenge that still remains is the modeling of
face-to-face dialogue with embodied conversational agents, i.e. the orchestration of human-
like understanding and generation of multi-channel, multi-functional, and multi-modal
communication embedded in a coherent and fluent dialogue. I will present work that pursues
this goal by bringing together data-based and model-based approaches in a framework for
»interaction-aware* dialogue processing. Issues covered will include the realtime adaptation to
communication partners at different levels of dialogue processing, the use of semantic and
pragmatic functions of nonverbal communication, and the perception of such conversational
agents by human users in different contexts of use.
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Distributional Semantics: Yesterday, Today, and Tomorrow

Alessandro Lenci

University of Pisa
alessandro.lenci@unipi.it

Distributional semantics is undoubtedly the mainstream approach to meaning representation in
computational linguistics today. It has also become an important paradigm of semantic analysis
in cognitive science, and even linguists have started looking at it with growing interest. The
popularity of distributional semantics has literally boomed in the era of Deep Learning, when
“word embeddings” have become the basic ingredient to “cook” any NLP task. The era of
BERT & co. has brought new types of contextualized representations that have often generated
hasty claims of incredible breakthroughs in the natural language understanding capability of
deep learning models. Unfortunately, these claims are not always supported by the improved
semantic abilities of the last generation of embeddings. Models like BERT are still rooted in
the principles of distributional learning, but at the same time their goal is more ambitious than
generating corpus-based representations of meaning. On the one hand, the embeddings they
produce encode much more than lexical meaning, but on the other hand we are still largely
uncertain about what semantic properties of natural language they actually capture.
Distributional semantics has surely benefited from the successes of the deep learning, but this
might even jeopardize the very essence of distributional models of meaning, by making their
goals and foundations unclear.

Computational linguistics is a fast-moving field and distributional semantics makes no
exception. In doing this, we always risk chasing the last hype model or using pre-trained vectors
as black-box tools, without scrutinizing the relationship between distributional learning and
meaning representations. The goal of this tutorial is to try to understand what distributional
semantics is today, by looking also at what it was yesterday and at its grounding principles. |
will present the main concepts, tools and applications of distributional semantics, to foster a
critical analysis of its potentialities as well as its limits. This way, we will try to imagine what
distributional semantic could and should become tomorrow.
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Abstract

Proactivity (i.e., the capacity to provide
useful information even when not explic-
itly required) is a fundamental characteris-
tic of human dialogues. Although current
task-oriented dialogue systems are good at
providing information explicitly requested
by the user, they are poor in exhibiting
proactivity, which is typical in human-
human interactions. In this study, we
investigate the presence of proactive be-
haviours in several available dialogue col-
lections, both human-human and human-
machine and show how the data acqui-
sition decision affects the proactive be-
haviour present in the dataset. We adopt
a two-step approach to semi-automatically
detect proactive situations in the datasets,
where proactivity is not annotated, and
show that the dialogues collected with ap-
proaches that provide more freedom to the
agent/user, exhibit high proactivity.

1 Introduction

Proactivity is the collaborative attitude of humans
to offer information in a dialogue even when such
information was not explicitly requested. As an
example, a travel operator may suggest points of
interest and attractions in a certain area, even if
the customer did not explicitly requested for them.
The following portion of dialogue, extracted from
the Nespole dataset (Mana et al., 2003), shows
proactive contributions of the travel agent (dis-
played in italics).

Copyright (©)2020 for this paper by its authors. Use per-

mitted under Creative Commons License Attribution 4.0 In-
ternational (CC BY 4.0).
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Client: good morning; could you suggest any
village in the Val di Fiemme to me; where it’s
possible to skate for example; that is does any
skating rink exist in the Val di Fiemme;

Agent: yes; in the whole of Val di Fiemme there
are some outdoor skating rinks; where you can
skate usually in the afternoon; in some rinks
even in the morning; and then right in Cavalese
there’s a skating rink an ice rink; where even
some courses are organized; where they also
hold hockey or skating shows, and it’s indoors.

In this dialogue situation the travel agent pro-
vides indications both about the opening time of
skating rinks and about skating courses, which
were not requested by the customer. We may think
proactivity as a guess of the agent with respect
to the customer needs, with the purpose of antici-
pating expected requests, this way facilitating the
achievements of the dialogue goals.

Proactivity is a crucial characteristics of human-
human dialogues. It is related to the so called prin-
ciples of cooperative dialogue, which have been
summarized in the popular Grice’s maxims (Grice,
1975). In particular, proactivity follows the maxim
of quantity, where one tries to be as informative as
one possibly can, and gives as much information
as it is needed, and no more. Under this maxim,
proactivity has to find a trade-off between provid-
ing useful not requested information and limiting
excessive not needed information. For instance,
in the context of our dialogue about skating in
Val di Fiemme, an agent suggesting a good pizze-
ria would probably be perceived as a violation of
the quantity maxim, as this information seems not
enough needed in that context.

Despite the large use of proactivity that we note
in everyday human-human dialogues, proactive
behaviours are poorly represented in most of the
models at the core of the last generation of task-
oriented dialogue systems. Overall, we notice a
general lack of cooperative phenomena (e.g., clar-



ification questions, explanatory dialogues, proac-
tivity, etc.), that characterize, and somehow make
efficient, task-oriented human-human dialogues.
A notable exception are recommendation systems
(Thompson et al., 2004; Sun and Zhang, 2018;
Yoshino and Kawahara, 2015), where, however,
the focus is on influencing the user towards a spe-
cific goal (e.g., buy a certain product). Instead,
we intend proactivity to be a general collabora-
tive strategy aiming at improving the quality and
effectiveness of the conversation. As an exam-
ple, proactivity can be used to anticipate future re-
quests of the user (e.g., providing the telephone
number of a certain restaurant), or to recover from
failure situations (e.g., offering possible alterna-
tives when there are no restaurants satisfying the
user desires).

The main purpose of the paper is to conduct
an empirical analysis over several existing task-
oriented dialogue datasets, used to train dialogue
models, in order to verify the presence of proac-
tive behaviours. More specifically, we consider
a human-human dialogue corpus collected with a
role-taking methodology, i.e., Nespole, and com-
pare it with other task-oriented dialogues col-
lected either with Wizard of Oz or with bootstrap-
ping methods. To conduct such a comparison,
the major obstacle is that in both cases, proac-
tivity is not annotated in any way, and we had
to figure out methods (addressed in Section 2)
to semi-automatically detect proactive situations.
Results confirm that dialogues collected through
role-taking methodology show a much richer pres-
ence of proactivity, which is a challenge for future
dialogue systems.

2 Methodology

In this Section, first we define proactivity be-
haviours in the context of task-oriented dialogues,
and then we describe the methodology we use to
detect proactivity in available dialogue corpora.

2.1 Defining Proactivity

Our starting point is the work on proactivity pre-
sented in (Balaraman and Magnini, 2020), where a
pro-active behaviour is defined as any information
that: (i) is introduced by the system; (ii) was not
previously introduced in the dialogue by the user;
and (iii) is assumed to be relevant to achieve the
user needs. According to this definition, system
turns like the following are all proactive:
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o System: We have good reviews for restaurant
X.

e System: There a no Eritrean restaurants in
the city center, but there are several of them
in the south of the city.

e System: In case it might be useful, the tele-
phone of the restaurant is X, after a certain
restaurant has been chosen by the user.

o System: There is a metro station close to the
restaurant you have chosen.

As the examples show, proactive information is
strictly related to domain knowledge (e.g., knowl-
edge about restaurants in a city). Moreover, the
system may decide to be proactive only in certain
dialogue situations, where there is need to help the
user to positively conclude a dialogue. In our sec-
ond example, for instance, the user needs do not
match any instance in a domain Knowledge Base
(i.e., there are no Eritrean restaurants in the city
center), and the system informs the user that there
are Eritrean restaurants in the south of the city, this
way avoiding a longer follow up interaction.

2.2 Detecting Proactivity

Unfortunately, proactivity was not a designing fea-
ture of any of the datasets considered in this study.
This means that proactivity is not marked, and that
we need to figure out how it can be detected at a
reasonable cost. The approach taken in this pa-
per detects proactivity occurring in intermediate
failure situations, when the system tries to recover
from a dialogue failure. There are two reasons for
this choice: (i) failure situations are easy to be de-
tected through simple patterns (e.g., I am sorry...,
We do not have...); (ii) as the capacity to recover
from failure situations is crucial to maximize the
final success of the dialogue, we assume that the
attitude of a system to be proactive is particu-
larly revealed in failure situations. In other words,
we look at failure situations as typical situations
where proactivity should be applied by a system.
Given a dialogue collection, we can consider the
proportion of proactivity within intermediate fail-
ures as a sort of upper bound of proactivity in the
whole collection.

Under this assumption, we adopted a failure-
based, two-step methodology for detecting proac-
tivity. At the first step we detect as much as pos-
sible turns where the system inform the user that



his/her request cannot be satisfied. This step is
implemented through either pattern-based search
of typical linguistic expressions indicating failure
(e.g., I am sorry..., We do not have..., There are
no..., etc.) or patterns in dialogue acts of the sys-
tem. At the second step, we focus on system fail-
ure responses, and check whether the response
contains any proactive information (see Section
2.1: if any proactive information is present, we
mark the system turn as proactive, otherwise as
non-proactive. This second step is either per-
formed manually or by finding patterns in the dia-
logue acts of the system response.

3 Experimental Data

In this section we describe the different data ac-
quisition approaches used for the collection of
task-oriented dialogue datasets, and provide de-
tails about them.

3.1 Data Acquisition Approaches

We consider three data acquisition approaches that
are widely used for dialogue collection.

Wizard of Oz (WoZ) is the most popular ap-
proach to collect task-oriented dialogues, possibly
using crowd workers (Fraser and Gilbert, 1991;
Kelley, 1984). This involves a pair of crowd work-
ers who are provided with respective dialogue
goals and are asked to communicate in natural lan-
guage to achieve the goal. Each crowd worker,
acting either as the wizard or the user, is provided
with the instructions to achieve the dialogue goal.
The following is an example of a dialogue script
provided to the crowd worker in the MultiWoZ
(Budzianowski et al., 2018) dataset.

1. You are looking for a place to stay. The hotel
should be in the cheap price range and should
be in the type of hotel

. The hotel should include free parking and
should include free wifi

Once you find the hotel you want to book it
for 6 people and 3 nights starting from tues-
day

4. If the booking fails how about 2 nights

5. Make sure you get the reference number

The dialogue script is typically filled in using
placeholders in a template (shown in italics in our
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example). We notice the amount of details present
in the dialogue description, which could influence
the crowd worker utterance for a given turn, and
induce to follow a structure similar to the dialogue
script.

Bootstrapping, also referred to as Machines
talking to Machines (M2M)), is a simulation-based
approach for generating outlines for a number
of dialogues via self-play (Shah et al., 2018),
a methodology that takes advantage of a task-
specific information input provided by the devel-
oper. The task-specification defines the schema
of intents, the slot names and the slot values for
a certain domain. Based on the task-specification,
the framework first generates a set of dialogue out-
lines containing natural language utterances and
their corresponding annotations. The obtained di-
alogues are then paraphrased using crowd workers
in order to obtain linguistic variations. This ap-
proach reduces the resources required to collect a
large dialogue dataset and enables the developer to
control for the diversity both in the dialogue flow
and in the user behaviors. Table 1 shows an exam-
ple of a dialogue outline generated through a boot-
strapping approach, which is then paraphrased us-
ing crowd workers.

Role-Taking. This methodology involves peo-
ple playing two roles, typically with minimum
training, interacting in order to achieve a given
goal (e.g., a travel agent and a customer with the
goal of organizing a trip; an applicant and a job
operator with the goal of finding a job opportu-
nity). For both the participants responses are un-
scripted and are supposed to be natural as expected
in a real-world conversation. This is similar to the
MAP task approach (Anderson et al., 1991; Meena
etal., 2013), which allows to collect unscripted di-
alogues with specific communication goals. Both
the participants can be trained workers, acting re-
spectively as the user and the expert, and are pro-
vided with a dialogue goal and information they
can use (e.g. an applicant with a CV and a job
operator with job offers). Table 2 shows a sample
interaction for this approach.

3.2 Datasets

We have analysed proactivity in five available col-
lections of task-oriented dialogue datasets in En-
glish, all of them used to train dialogue models.
In addition, we have compared them with Ne-
spole (Mana et al., 2003), a human-human dia-



Dialogue Outline

Paraphrase

Annotation

Template utterances

NL utterances

S: greeting() Greeting.

Hi, how can I help you?

U: inform(intent=book_movie,
name=Inside Out, date=tomorrow,
num_tickets=2)

Book movie with name is
Inside Out and date is tomorrow
and num tickets is 2.

I want to buy 2 tickets for Inside
Out for tomorrow.

S: ack() request(time)

OK. Provide time.

to see the movie?

U: inform(time=evening)

Time is evening.

for me.

S: offer(theatre=Cinemark 16,

time=6pm) time is 6pm.

Offer theatre is Cinemark 16 and

How about the 6pm show at
Cinemark 167

U: affirm() Agree.

That sounds good.

S: notify_success()

Reservation confirmed.

Your tickets have been booked!

Table 1: A sample dialogue collected through the bootstrapping approach (Shah et al., 2018).

logue dataset which was collected to study real-
world human-human interactions. Table 3 reports
the main characteristics of the six datasets, includ-
ing the method of data acquisition.

WOZ2.0 includes textual conversations for
restaurant booking in Cambridge and was col-
lected using Wizard of Oz by pairing users in
Amazon Mechanical Turk. The user and the wiz-
ard contribute a single turn to each dialogue (Wen
et al.,, 2017). (Mrksi¢ et al., 2017) expanded
the original WoZ dataset producing the WoZ2.0
dataset, consisting of 1200 dialogues.

MultiWwQZ2.1 includes dialogues in multiple
domains collected via Wizard of Oz. The devel-
opers explicitly encouraged goal changes, in order
to model realistic conversations (Budzianowski et
al., 2018). Different versions of the dataset have
been published recently, addressing annotation er-
rors occurring in the original dataset (Ramadan et
al., 2018; Budzianowski et al., 2018; Eric et al.,
2020; Zang et al., 2020). We use the MultiWoZ2.1
dataset, containing 10438 dialogues.

Schema-Guided Dataset (SGD) consists of
22825 dialogues in multiple domains collected us-
ing the Machine Talking to Machine (Bootstrap-
ping) approach (Rastogi et al., 2019). Dialogues
generated via simulation are then paraphrased by
the crowd workers for language variability. SGD
promotes research towards dialogue systems that
can handle dynamic schemas.

Microsoft Dialogue dataset (Li et al., 2016; Li
et al., 2018) consists of dialogues collected via
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Amazon Mechanical Turk using a bootstrapping
approach for three different domains Movie-Ticket
Booking, Restaurant Reservation and Taxi Order-
ing with 2890, 4103 and 3094 dialogues, respec-
tively.

Maluuba Frames dataset (El Asri et al., 2017)
consists of 1369 dialogues collected via Wizard
of Oz using a Slack bot for travel vacation do-
main. Users were assigned a tasks using a tem-
plate where placeholder values are filled by draw-
ing values from a database. If the task is success-
ful, the user either ended the dialogue or received
an alternate task. In case of no match, suggestions
were sometimes provided to the wizards, who then
decided whether to use or not the suggestion for
the user.

Nespole (Mana et al., 2003; ?) is a VoIP (Voice
over Internet Protocol) corpus consisting of spo-
ken interactions between a professional agent and
a recruited worker acting as a user or client. We
use the DB-1 part of the Nespole dataset, con-
sisting of 39 dialogues (in the transcribed ver-
sion of the dataset 3 client side dialogues were
missing, leaving 36 dialogues for a total of 1549
turns). Dialogues are about vacation planning in
the Trentino region and, unlike other datasets, they
do not have a fixed user-side goal, but rather a col-
laborative goal. Specifically, the user and the agent
collaborate via a spoken conversation to achieve a
goal that satisfies the user.

Alright. What time would you like

Anytime during the evening works




Speaker | Utterance
System Could you help me to find my
way to the bus stop?
User start from the department store
System | yeah
User and eh
System | Should I start by going west?
User yeah do that
then you will get to a meadow and
User
when you get to the meadow
System | Eh, could you repeat that?
you go straight and you see a
User . .
meadow on your right side
System | A green field?
User ehm yeah a field
System | mhm
pass the meadow and turn right
User .
so you are going north
System | okay
at the junction go south and then
User .
you will get to the bus stop
System | okay, thanks a lot.

Table 2: A sample dialogue collected through the
Role-Taking approach (Meena et al., 2013).

4 Results and Discussion

We have applied the methodology described in
Section 2 to detect proactivity in the six datasets.
First we detect the number of failure turns in each
dataset and then, among failures, we identify the
turns that exhibit proactivity.

Table 4 reports the number of failure turns we
were able to detect for each dataset, and the pro-
portion of them that exhibit a proactive behaviour,
according to our definition in Section 2.1. We can
notice that the datasets collected via Wizard of Oz
(WoZ) typically exhibit very low proactivity. This
could be due to the fact that in the WoZ approach
users are provided with a task description detail-
ing how to proceed with the dialogue. This indi-
rectly influences the users to use certain formats
as defined in the description. The MultiWoZ2.1
dataset shows the highest proactivity among the
datasets collected via WoZ approach: this is due
the explicit encouragement of goal changes in
task-descriptions. As for the SGD and Microsoft
dialogue datasets, collected via a bootstrapping
approach, we can notice that over 50% of the fail-
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ure turns exhibiting proactivity. This is because of
the choice of the developers to specifically include
such failure and recovery scenarios in the dialogue
flow.

Datesets collected via WoZ and bootstrapping
have different approaches in adopting proactivity.
Since WoZ is collected by pairing humans, proac-
tive turns often contain information that would
lead to a dialogue success. However, in the boot-
strapping approach, as it is based on a script, the
proactive turns contain information that are possi-
ble for the user to request but may not lead to dia-
logue success. An example in MultiWoz2.1 is the
following: “There are no hotels that fit your crite-
ria in the South, but there are two Guesthouses.
Would you like to book one of those?”. Here
the crowd-worker acting as a wizard has already
looked the availability of two Guesthouses and
is providing this information to another crowd-
worker who is acting as the user. If the user
chooses the guesthouse, the dialogue would be
a success. A similar example in Microsoft Di-
alogue dataset is the following: "I'm sorry The
Other Side of The Door is not playing in your
area on Tuesday. I am able to find show times for
The Witch and Triple 9”. Here, the system-agent
is providing information that the user-agent can
choose as alternatives, but the alternatives may not
always directly lead to dialogue success. When
the user-agent responds “The Witch will be fine”.
the system-agent searches the knowledge-base and
responds “I’'m sorry they are only showing The
Witch at 4:40 pm. Would that be acceptable for
you?” which again is a proactive response.

The analysis for proactivity in Nespole differs
from the other datasets, as Nespole is not mod-
eled to find an exact match for the user needs, and,
as a consequence, there are no clear failure situ-
ations. In addition, while the other datasets were
collected focused towards using them for training
dialogue systems, Nespole was collected to an-
alyze linguistic features in real-world dialogues.
However, we manually analysed the 36 dialogues
(1549 turns) of vacation planning and identified
the turns where the agent exhibits proactivity. We
found that 49 turns in 26 dialogues are proactive
responses, where the agent provides information
not explicitly requested by the user (see the exam-
ple in the Introduction). Since Nespole is a VoIP
dataset, the number of turns are not comparable
to the other datasets as they contain frequent in-



Dataset Data Acquisition | #Dialogues | #Turns | Avg. Turn length
WoZz2.0 Wizard of Oz 1,200 8,824 11.27
MultiWoZ2.1 Wizard of Oz 10,438 | 143,048 13.18
Maluuba Frames Wizard of Oz 1,369 19,986 12.60
Schema-Guided Dataset Bootstrapping 22,825 | 463,284 9.86
Microsoft Dialogue
- Movie-Ticket Booking Bootstrapping 2,890 21,656 10.96
- Restaurant Reservation 4,103 29,719 11.45
- Taxi Ordering 3,094 | 23311 11.04
Nespole Role-Taking 36 1,549 18.48
Table 3: Statistics about the datasets used for the proactivity analysis.
Dataset #Failure | #Proactive ‘ To ‘ increases their success rate. Under this assump-
WoZ72.0 414 26 | 5.9 | tion failure situations act as an upper bound for
MultiWoZ2.1 2,127 325 | 15.3 | the situations in which the systems is expected
Maluuba Frames 1,214 77 | 6.3 | to be proactive. As an example, having found
Schema-Guided 3,362 1,737 | 51.7 | that 5.9% of intermediate failures in WoZ2.0 are
Microsoft proactive, we infer that the amount of proactivity
- Movie 318 161 | 50.6 | in the whole WoZ2.0 will not be higher that 5.9%.
:iae;itaurant Zz)i 3?; gé; Does ;troactivity correlate with the plethod of
collection of the dataset? As seen in Table 4,
Nespole - 49 -

Table 4: Number of failure situations (turns) and
corresponding proactivity, for each dataset.

terruptions and fillers. An example of proactive
turn in Nespole is the following: “no; there’s no
entertainment for the kids; entertainment for the
kids would be at the Olimpionic Hotel; but it’s a
3 star one already”. We can see that the agent
provides information for a scenario that was re-
quested by the user with a piece of proactive infor-
mation (entertainment for the kids would be at the
Olimpionic Hotel; but it’s a 3 star one). We no-
tice that proactive turns in Nespole exhibit much
richer information compared to the other datasets,
which could be attributed to the freedom of ex-
pression provided to the agent, unlike to the other
approaches considered.

We now discuss a few research questions that
arise from our study on proactivity in dialogue col-
lections.

Does our failure-based methodology provide
reasonable coverage about proactivity in our
datasets? We assume that task-oriented dia-
logue systems should maximize their success rate
(i.e., matching the user needs), and that recover-
ing from intermediate failure situations potentially
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the Wizard of Oz approach consistently has very
low proactivity, while the bootstrapping approach
exhibits high proactivity. While the amount of
proactivity in each dataset depends on the devel-
oper choice about the dialogue goals and on the in-
structions provided to users, we can conclude that
the WoZ approach indirectly influences the user to
deviate from a collaborative approach and to fol-
low a scripted dialogue.

5 Conclusion

Task-oriented dialogue systems have shown to be
effective in providing services to users with a high
success rate. However, the interaction still lacks
an effective proactive approach, which is typical
in human-human conversations. In this study, we
compare proactive behaviours in several available
dialogue datasets, and show that the dialogues col-
lected through Wizard of Oz contain a small pro-
portion of system proactive responses, while di-
alogues collected through simulation-based and
role-taking methodologies contain higher degree
of proactivity. To sum up, we suggest that data
collection strategies should be better aware that
their designing principles have strong influence on
the quality of the dialogues. Particularly, we rec-
ommend higher attention to proactive behaviours,
and, in general, to collaborative phenomena.
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Abstract

Pre-trained word embeddings are often
used to initialize deep learning models for
text classification, as a way to inject pre-
computed lexical knowledge and boost the
learning process. However, such embed-
dings are usually trained on generic cor-
pora, while text classification tasks are of-
ten domain-specific. We propose a fully
automated method to adapt pre-trained
word embeddings to any given classifica-
tion task, that needs no additional resource
other than the original training set. The
method is based on the concept of word
weirdness, extended to score the words in
the training set according to how charac-
teristic they are with respect to the labels
of a text classification dataset. The polar-
ized weirdness scores are then used to up-
date the word embeddings to reflect task-
specific semantic shifts. Our experiments
show that this method is beneficial to the
performance of several text classification
tasks in different languages.

1 Introduction

In recent years, the Natural Language Processing
community has directed a great deal of effort to-
wards text classification, in different declinations.
The list of shared tasks proposed at the recent edi-
tions (2016-2019) of the International Workshop
on Semantic Evaluation (SemEval) shows an in-
creasing number of tasks that can be cast as text
classification problems: given a text and a set of
labels, choose the correct label to associate with
the text. If the cardinality of the set of labels is
two, we speak of binary classification, as opposed

Copyright (©)2020 for this paper by its authors. User permit-

ted under Creative Commons License Attribution 4.0 Inter-
national (CC BY 4.0)
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to multiclass classification. Furthermore, not all
binary classification tasks are the same. When the
labels indicate the presence or absence of a given
phenomenon, we speak of a detection task.

Classification tasks are mainly approached in
a supervised fashion, where a labeled dataset is
employed to train a classifier to map certain fea-
tures of the input text to the probability of a cer-
tain label. Arguably, the most useful features in a
NLP problem are the words that compose the text.
However, in order to be processed by a machine
learning algorithm, words need to be represented
in a dense and machine readable format. Word
embeddings solve this issue by providing vecto-
rial representations of words where vectors that
are close in the geometric space represent words
that occur often in the same contexts. Among their
applications, pre-trained word embeddings are a
powerful source of knowledge to boost the perfor-
mance of supervised models that aim at learning
from textual instances.

Several deep learning models compute word
embeddings at training time. However, they can
be initialized with pre-trained word embeddings,
typically computed on the basis of concordances
in large corpora. This kind of initialization not
only boosts the training of the model, but it also
represents a way of injecting precomputed world
knowledge into a model otherwise trained on a
(sometimes very specific) data set.

An issue with word embedding models, includ-
ing recent contextual embeddings such as Peters
et al. (2018), is that they are typically trained on
general-purpose corpora. Therefore, they may fail
to capture semantic shifts that occur in specific do-
mains. For instance, in a dataset of online hate
speech, negatively charged words such as insults
often co-occur with words that would normally
be considered neutral, but carry instead a negative
signal in that particular context. More concretely,
in a dataset of hate speech towards immigrant in



the post-Trump U.S., a word that otherwise would
be considered neutral such as wall carries a defi-
nite negative connotation.

In this work, we try to capture this intuition
computationally, and model this phenomenon in
a word embedding space. We employ an auto-
matic measure to score words in a labeled corpus
according to their association with a given label
(Section 3.1) and use this score in a fully auto-
mated method to adapt generic pre-trained word
embeddings (Section 3.2). We test our method
on existing benchmarks of hate speech detection
(Section 4.1) and gender prediction (Section 4.2),
reporting improvements in precision and recall.

2 Related Work

Kameswara Sarma et al. (2018) propose a method
to adapt generic word embeddings by computing
domain specific word embeddings on a corpus of
text from the target domain and aligning the two
vector spaces, obtaining a performance boost on
sentiment classification. Another recent approach
is based on projecting the vector representations
from two domain-specific spaces into a joint word
embedding model (Barnes et al., 2018b), building
on a similar method applied to cross-lingual word
embedding projection (Barnes et al., 2018a). With
respect to these works, the approach proposed in
this paper is significantly more lightweight, acting
directly on a generic word embedding model with-
out the need to train a domain specific one.

The word-level measure introduced in the next
section is reminiscent of similar metrics from In-
formation Theory, e.g., Information Content (Ped-
ersen, 2010), and measures of frequency distri-
bution similarity such as Kullback-Leibler diver-
gence (Kullback and Leibler, 1951). However,
in this paper we aimed at keeping the complexity
of such computation low, in order to manually ex-
plore its effect on the word embeddings.

In the domain of hate speech, several ap-
proaches mix word embeddings and supervised
learning with domain-specific lexicons (e.g., dic-
tionaries of hateful terms), as highlighted by the
description of participant systems to recent evalu-
ation campaigns (Fersini et al., 2018; Bosco et al.,
2018). These methods are computationally inex-
pensive, but require curated resources that are not
always available for less represented languages.
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3 Weirdness-based Embedding
Adaptation

In this section, we present our method for auto-
matic domain adaptation of pre-trained word em-
beddings. The input of the procedure is a set of
pre-trained word embeddings and a corpus of texts
paired with labels.

3.1 Polarized Weirdness

The Weirdness index was introduced by Ahmad et
al. (1999) as an automatic metric to retrieve words
characteristic of a special language with respect
to their typical usage. According to this metric,
a word is highly weird in a specific collection of
documents if it occurs significantly more often in
that context than in a general corpus. In practice,
given a specialist text corpus and a general text
corpus, the weirdness index of a word is the ratio
of its relative frequencies in the respective corpora.
Calling w, the frequency of the word w in the spe-
cialist language corpus, w, the frequency of the
word w in the general language corpus, and ¢ and
t4 the total count of words the specialist and gen-
eral language corpora respectively, the weirdness
index of w is computed as:

_ ws/ts
wg/tg

Weirdness(w)

The weirdness index is used to retrieve words
that are highly typical of a particular domain. For
instance, in Ahmad et al. (1999), the words dol-
lar, government and market are extracted from the
TREC-8 corpus, a collection of governmental and
financial domain, by comparing their frequencies
to the general domain British National Corpus.

In this work, we propose a new application of
the weirdness index to the task of text classifica-
tion. Rather than comparing the frequencies of
words from corpora of different domains, we com-
pute the weirdness index based on the frequency
of words occurring in labeled datasets. The mech-
anism is straightforward: instead of comparing the
relative frequencies of a word in a special lan-
guage corpus against a general language corpus,
we compare the relative frequencies of a word
as it occurs in the subset of a labeled dataset
identified by one value of the label against its
complement. Consider a labeled corpus C
{(e1,11), (e2,12), ...} where e; = {w1,wy,...} is
an instance of text (e.g., an online comment), and



l; is the label associated with e;, belonging to a
fixed set L (e.g., {positive, negative}).

The polarized weirdness (Florio et al., 2020) of
w with respect to a specific label Ix € L is the
ratio of the relative frequency of w in the subset
{e; € C : l; = Ix} over the relative frequency of
w in the subset {e; € C : [; # I*}

Here is an example of how polarized weirdness
is computed. Consider a corpus of 100 instances,
50 of which labeled positive and 50 labeled neg-
ative. The total number of words in instances la-
beled positive is 3,000, while the total number of
words in instances labeled negative is 2,000. The
word good occurs 50 times in positive instances
and 5 times in negative instances. Therefore its po-
larized weirdness with respect to the positive label
is:

50/3, 000

PWposit’i’Ue(gOOd) = 5/2 000

= 6.66
However, the polarized weirdness of good with re-
spect to the negative label is:

5/2,000

el Rty |
50/3, 000

PWnegative(gOOd) = 5
indicating that good is much more indicative of
positiveness than negativeness.

Polarized weirdness can be computed at a low
computational cost on any dataset labeled with
categorical values, with just tokenization for pre-
processing. The outcome of the calculation of the
polarized weirdness index is a set of rankings, one
for each label, over the vocabulary, there the top
words in the ranking relative to a given label [ are
the most characteristic for that label.

3.2 Word Embedding Adaptation

In Section 3.1, we introduced an automatic met-
ric that allows us to compute how much a word is
characteristic to a certain label. We use this infor-
mation to transpose the vector representing words
highly typical of a label closer to each other in
the vector space. Formally, once a label has been
decided and the polarized weirdness is computed
with respect to it, for each pair of vectors U1, U5 in
a word embedding model, representing words with
polarized weirdness pw; and pws respectively, we
compute new representations:
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where « is a parameter controlling the extent of
the adaptation. The result of the application of
this algorithm is a new word embedding model
over the same vocabulary as the original model,
where pairs of word vectors are closer in the space
to an extent proportional to their respective polar-
ized weirdness score.

4 Experimental Evaluation

We test the word embedding adaptation introduced
in Section 3 by adapting pre-trained multilingual
word embeddings to three different tasks. For
each task, the polarized weirdness index is com-
puted on the labeled training sets as described in
Section 3.1, and the generic word embeddings are
adapted to the particular task domain applying the
algorithm described in Section 3.2.

Our baseline model is a convolutional neural
network (CNN) with a 64x8 hidden layer and Rec-
tified Linear Units activation (ReLLU), followed by
a 4-size max pooling layer. We use the imple-
mentation from the Keras Python library!, with
ADAM optimization (Kingma and Ba, 2014),
leaving the hyperparameters at their default value,
except for optimization of learning rate (set be-
tween 1072 and 103 depending on the dataset)
and number of epochs (between 10 and 25).

We use the multilingual word embeddings pro-
vided by Polyglot (Al-Rfou et al., 2013). These
are distributed word representations for over 100
languages trained on Wikipedia. —The vector
representations of words in Polyglot are 64-
dimensional. The choice of this model is moti-
vated by the need to have word embedding models
for different languages that were created with the
same method, to be able to measure improvements
introduced merely by our adaptation method. In
these experiments, we set a = 0.5.

4.1 Experiment 1: Multilingual Hate Speech
Detection

In the first experiment, the generic word embed-
dings are adapted to provide a better representa-
tion for words used in online messages containing
hate speech towards women and immigrants. We
use the dataset provided by the SemEval Task 5
(HatEval: Multilingual Detection of Hate Speech
Against Immigrants and Women in Twitter), a
public challenge where participants are invited to
submit the predictions of systems for hate speech

"https://keras.io/



detection (Basile et al., 2019). In particular, we
employ the data of the subtask A, where the pre-
diction is binary (hateful vs. not hateful). The
shared task website” provides datasets in Spanish
and English, already divided into training, devel-
opment and test sets. The topics of the messages
are mainly two, namely women and immigrants,
in a fairly balanced proportion. In fact, the dataset
has been created by querying the Twitter API with
a set of keywords crafted to capture these two top-
ics. The English dataset comprises 13,000 tweets
(10,000 for training and 3,000 for testing), with
about 42% of the messages labeled as hateful. The
Spanish dataset is smaller (6,600 tweets in total,
5,000 for training and 1,600 for testing), and it fol-
lows a similar distribution of topics and labels as
the English set. Following are two examples of
tweets from the English HatEval data,, with their
Hate Speech label:

I'd say electrify the water but that would kill
wildlife. #SendThemBack

label: yes

Polish Prime Minister Mateusz Morawiecki
insisted that Poland would push against any
discussion on refugee relocations as part of
the EU’s migration politics.

label: no

Similarly, two examples of tweets from the Span-
ish HatEval data, with translation and label:

@rubenssambueza eres una basura de per-
sona, lo cual no me sorprende porque eres
SUDACA, y asi son los tercermundistas
@rubenssambueza you are garbage, which does
not surprise me because you are a SUDACA, and
so are third-worlders

label: yes

Yo creia que ese jueguito solo existia para
los arabes, jajaja.

1 thought that this little game was only for arabs,
ahahah.

label: no

The polarized weirdness of the words in the HatE-
val datasets (English and Spanish) is computed on
the respective training sets as the ratio of their rel-
ative frequency in hateful messages over their rel-
ative frequency in non hateful messages. A mod-
ified version of the Polyglot embeddings is then

https://competitions.codalab.org/
competitions/19935
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Table 1: Results of the English and Spanish Hate
Speech Detection, for the negative (no-HS) and
positive class (HS) and their macro-F1.

no-HS HS Avg.

Model |Acc.| P. R. F1| Pr.. R. F1| F1
English

CNN 468 1.567 401 .470].398 .564 .466 | .468

CNN+W | .482|.588 .394 472|.413 .608 .492| .482
Spanish

CNN 5281.592 595 .5941.437 434 436| 515

CNN+W | .527 | .614 497 .549|.450 .568 .502| .527

computed® and the performance of the CNN using
the adapted embeddings for initialization is com-
pared with the performance obtained by initializ-
ing the CNN with the generic embeddings.

The results on the English dataset, presented
in Table 1, show a clear improvement in the de-
tection of hateful messages, leading to a +1.2%
performance gain in macro-average F1-score. Re-
call is particularly impacted by the adapted em-
beddings, indicating that the modified model suc-
cessfully helps in correcting false negatives.

The results on the Spanish HatEval task dataset,
presented in Table 1 are even better than on En-
glish, with improvements in precision and recall
for both the positive and the negative class, and a
total gain of almost 2% macro-averaged F1-score.
Similarly to English, the largest improvement is
measured on the recall.

One of the advantages of the proposed method
is that it is transparent with respect to the se-
mantic shift computed on the pre-trained em-
beddings. Firstly, the words with the highest
polarized weirdness index can be extracted, to
gain insights into the specificity of the datasets.
The top twenty weird words in the hateful En-
glish HatEval set are the following: nodaca, end-
daca, kag, womensuck, @hillaryclinton, amer-
icafirst, trump2020, taxpayers, buildthewallnow,
illegals, @senatemajldr, dreamer, buildthewall,
they, @potus, walkawayfromdemocrat, votedem-
sout, wethepeople, illegalalien, backtheblue. The
top twenty weird words in the hateful Spanish Hat-
Eval set with English translations are the follow-
ing: mantero (street vendor), turista (tourist), ne-
gratas (nigger), caloria (calory), sanidad (health-
care), drogar (to drug), paises (countries), em-
igrante (immigrant), Hija (daughter), ZORRA
(bitch), impuesto (fax), zorro (bitch (masculine)),
3To speed up to computation without major loss of informa-

tion, we consider only the top 2,000 items from the weird-
ness ranking.



Table 2: Examples of words from the HatEval datasets, showing how their vector representation moves
to reflect the semantic shift. Particular words that are generally neutral get closer to offensive words in

the hate speech context.

Word embeddings ~ Generic word Offensive word Semantic shift Cosine distance
Polyglot EN wall fuck yes 1.224
Polyglot EN + PW. wall fuck yes 0.444
Polyglot EN car fuck no 1.279
Polyglot EN + PW. car fuck no 1.413
Polyglot ES directora (director (F)) puta (whore) yes 1.271
Polyglot ES + PW.  directora (director (F)) puta (whore) yes 1.222
Polyglot ES director (director (M))  puta (whore) no 1.366
Polyglot ES + PW.  director (director (M))  puta (whore) no 1.411

totalmente (fotally), lleno (full), invasor (invader),
costumbre (custom), barrio (neighborhood), PAIS
(country), Oye (hey), Espaioles (Spaniards).

Secondly, one can extract the word embeddings
after the polarized weirdness adaptation is applied,
and qualitatively inspect their respective position
in the vector space. Table 2 shows how certain
pairs of words become more related in the adapted
space, while others are untouched by the process.
The example in Spanish is particularly interesting
(and worrying), where a misogynistic derogatory
word (puta) becomes closer to the feminine inflec-
tion of “director” but not to the masculine inflec-
tion.

4.2 Experiment 2: Gender Prediction

In the second experiment, we test our word em-
bedding adaptation method in a different scenario,
that is, the prediction of the gender of the author
of messages. The assumption is that the most typ-
ical words used by each gender will cluster in the
vector representation, thus helping the model dis-
criminate them better.

We use the dataset distributed for the Cross-
Genre Gender Prediction in Italian (GxG) shared
task of the 2018 edition of EVALITA, the evalua-
tion campaign of language technologies for Ital-
ian (Dell’Orletta and Nissim, 2018). The par-
ticipants to the shared task are invited to submit
the prediction of their system on a set of short
and medium-length texts in Italian from differ-
ent sources, including social media, news articles
and personal diaries, on the gender of the author.
The task is therefore a binary classification, eval-
uated by means of accuracy. We downloaded the
data from the task website*, comprising 22,874 in-

*https://sites.google.com/view/gxg2018/
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Table 3: Results of the Gender Prediction.

Female Male Avg.
Model |[Acc.| Pr. R. F1| Pr.. R. F1| F1
CNN S111.507 879 .6431.543 .143 227 435
CNN+W | .513|.508 .851 .636|.539 .174 .263| .450

stances divided into training set (11,000) and test
set (10,874). The labels of the GxG are perfectly
balanced between M (male) and F (female).
Following are two examples of instances from
the GxG dataset with their label and translation:

@ElfoBruno no la barba la devo tenere
lunga per sembrare folta perché in realta
rada...

@ElfoBruno no I have to keep the beard long to
make it look thick because it really is patchy...
label: M

Sabato prossimo sono davvero curiosa di
scoprire cosa fara @Valerio_Scanu a #Bal-
landoConLeStelle

Next Saturday I am very curious to find out what
@Valerio_Scanu will do at #DancingWithTheS-
tars

label: F

Since this is a classification rather than a detec-
tion task, the process is slightly different from the
previous experiment, to account for the symmetry
between the labels. First, the polarized weirdness
is computed on the training set twice, once on the
texts written by males (against the women’s texts)
and once on the texts written by females (against
the men’s texts). Then the general Polyglot em-
beddings are adapted by applying the algorithm
in Section 3.2 twice, in both directions, using the
respective weirdness rankings. The adapted em-
beddings are used to initialize the CNN, resulting



in the classification performance presented in Ta-
ble 3. The overall performance improves when
the adapted embeddings are included in the model.
However, the classification of the male label im-
proves while the classification of fernale does not,
due to the difference in recall.

Qualitative analysis reveals interesting patterns,
confirming that strong bias is present in some
pre-trained word embedding models. The twenty
top weird words in the Male GxG set are: cos-
tituzionale (constitutional), socialisto (socialist),
Lecce (name of a city and a football club),
DALLA (name of a singer), utente (user), Samp
(name of a football team), Sampdoria (same of a
football team), Nera (black), allenatore (coach),
Orlando (proper name), Bp (acronym), ni (yes and
no), maresciallo (marshall), garanzia (guarantee),
cerare (fo wax), voluto (willing), pilotare (fo pilot),
disco (disco), caserma (barracks), From (proper
name).

The top twenty weird words in the Female
GxG set are instead the following: qualcuna
(someone (feminine)), HEART EMOJI, Qual-
cuna (someone (feminine)), KISS EMOIJI, 83
(number), essi (them), leonessa (lioness), Sarah
(proper name), 06 (number), HEART-EYED
EMOII, nervoso (nervous), James (proper name),
Dante (proper name), coreografia (choreography),
Strada (street), Fra (proper name), Chiama (call),
en (en), bravissimi (very good (plural)), Moratti
(proper name). Arguably, a stronger topic bias
(football) is present in the male subset, possibly
explaining the better performance induced by the
adaptation.

5 Conclusion and Future Work

In this work, we adapted an extension of the weird-
ness index to score the words in a labeled corpus
according to how much they are typical of a given
label. The polarized weirdness score is used to
automatically adapt an existing word embedding
space to better reflect target-specific semantic as-
sociations of words. We measured a performance
boost on tasks of hate speech detection in English
and Spanish, and gender prediction in Italian.

On detection tasks, the improvement from our
method is remarkable in terms of recall, indicat-
ing the potential of weirdness-adapted word em-
beddings to correct false negatives. This result
is in line with the original motivation for this
approach, i.e., to account for semantic shift oc-
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curring in domain-specific corpora of opinionated
content. For instance, in the hate speech domain,
the adapted embeddings are able to capture that
certain neutral words (e.g., “wall”) assume a po-
larized connotation (e.g., negatively charged).
The results from this study are promising, and
encourage us to extend the method to richer repre-
sentations (e.g., “weird” ngrams), languages other
than European, and its integration into more so-
phisticated deep neural models. Recent Trans-
former models, in particular, compute contextu-
alized embeddings, therefore including transfor-
mations similar to the present method. Although
such models are less transparent with respect to
such transformation, an experimental comparison
is among the next steps planned in this research.
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Abstract

We present a novel corpus for person-
ality prediction in Italian, containing a
larger number of authors and a different
genre compared to previously available
resources. The corpus is built exploit-
ing Distant Supervision, assigning Myers-
Briggs Type Indicator (MBTI) labels to
YouTube comments, and can lend itself to
a variety of experiments. We report on
preliminary experiments on Personal-ITY,
which can serve as a baseline for future
work, showing that some types are easier
to predict than others, and discussing the
perks of cross-dataset prediction.

1 Introduction

When faced with the same situation, different hu-
mans behave differently. This is, of course, due
to different backgrounds, education paths, and life
experiences, but according to psychologists there
is another important aspect: personality (Snyder,
1983; Parks and Guay, 2009).

Human Personality is a psychological construct
aimed at explaining the wide variety of human be-
haviours in terms of a few, stable and measurable
individual characteristics (Vinciarelli and Moham-
madi, 2014).

Such characteristics are formalised in Trait
Models, and there are currently two of these mod-
els that are widely adopted: Big Five (John and
Srivastava, 1999) and Myers-Briggs Type Indica-
tor (MBTI) (Myers and Myers, 1995). The first
examines five dimensions (OPENNESS TO EX-
PERIENCE, CONSCIENTIOUSNESS, EXTROVER-
SION, AGREEABLENESS and NEUROTICISM) and
for each of them assigns a score in a range. The
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second one, instead, considers 16 fixed personal-
ity types, coming from the combination of the op-
posite poles of 4 main dimensions (EXTRAVERT-
INTROVERT, INTUITIVE-SENSING, FEELING-
THINKING, PERCEIVING-JUDGING). Examples
of full personality types are therefore four letter
labels such as ENTJ or ISFP.

The tests used to detect prevalence of traits in-
clude human judgements regarding semantic sim-
ilarity and relations between adjectives that peo-
ple use to describe themselves and others. This
is because language is believed to be a prime car-
rier of personality traits (Schwartz et al., 2013).
This aspect, together with the progressive increase
of available user-generated data on social media,
has prompted the task of Personality Detection,
i.e., the automatic prediction of personality from
written texts (Youyou et al., 2015; Argamon et al.,
2009; Litvinova et al., 2016; Whelan and Davies,
2006).

Personality detection can be useful in predicting
life outcomes such as substance use, political atti-
tudes and physical health. Other fields of applica-
tion are marketing, politics and psychological and
social assessment.

As a contribution to personality detection in
Italian, we present Personal-ITY, a new corpus of
YouTube comments annotated with MBTI person-
ality traits, and some preliminary experiments to
highlight its characteristics and test its potential.
The corpus is made available to the community'.

2 Related Work

There exist a few datasets annotated for personal-
ity traits. For the shared tasks organised within the
Workshop on Computational Personality Recog-
nition (Celli et al., 2013), two datasets annotated
with the Big Five traits have been released in 2013

"https://github.com/elisabassignana/

Personal-ITY



Corpus Model # user Avg.
PAN2015 Big Five 38 1258
TWISTY MBTI 490 21.343
Personal-ITY MBTI 1048 10.585

Table 1: Summary of Italian corpora with person-
ality labels. Avg.: average tokens per user.

(Essays (Pennebaker and King, 2000) and myPer-
sonality?) and two in 2014 (YouTube Personality
Dataset (Biel and Gatica-Perez, 2013) and Mobile
Phones interactions (Staiano et al., 2012)).

For the 2015 PAN Author Profiling Shared Task
(Pardo et al., 2015), personality was added to gen-
der and age in the profiling task, with tweets in En-
glish, Spanish, Italian and Dutch. These are also
annotated according to the Big Five model.

Still in the Big Five landscape, Schwartz et al.
(2013) collected a dataset of FaceBook comments
(700 millions words) written by 136.000 users
who shared their status updates. Interesting cor-
relations were observed between word usage and
personality traits.

If looking at data labelled with the MBTI traits,
we find a corpus of 1.2M English tweets annotated
with personality and gender (Plank and Hovy,
2015), and the multilingual TWISTY (Verhoeven
et al., 2016). The latter is a corpus of data col-
lected from Twitter annotated with MBTI person-
ality labels and gender for six languages (Dutch,
German, French, Italian, Portuguese and Spanish)
and a total of 18,168 authors. We are interested in
the Italian portion of TWISTY.

Table 1 contains an overview of the available
Italian corpora labelled with personality traits. We
include our own, which is described in Section 3.

Regarding detection approaches, Mairesse et al.
(2007) tested the usefulness of different sets of
textual features making use of mostly SVMs.

At the PAN 2015 challenge (see above) a va-
riety of algorithms were tested (such as Random
Forests, decision trees, logistic regression for clas-
sification, and also various regression models), but
overall most successful participants used SVMs.
Regarding features, participants approached the
task with combinations of style-based and content-
based features, as well as their combination in n-
gram models (Pardo et al., 2015).

Experiments on TWISTY were performed by

http://mypersonality.org
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the corpus creators themselves using a Lin-
earSVM with word (1-2) and character (3-4) n-
grams. Their results (reported in Table 2 for the
Italian portion of the dataset) are obtained through
10-fold cross-validation; the model is compared to
a weighted random baseline (WRB) and a major-
ity baseline (MAJ).

Trait | WRB MAJ f-score
El | 6554 77.88 77.78
NS | 75.60 85.78 79.21
FT | 5031 53.95 52.13
PJ | 50.19 53.05 47.01
Avg | 60.41 67.67 64.06

Table 2: TWISTY scores from the original paper.
Note that all results are reported as micro-average
F-score.

3 Personal-ITY

First, we explain two major choices that we made
in creating Personal-ITY, namely the source of the
data and the trait model. Second, we describe in
detail the procedure we followed to construct the
corpus. Lastly, we provide a description of the re-
sulting dataset.

Data YouTube is the source of data for our cor-
pus. The decision is grounded on the fact that
compared to the more commonly collected tweets,
YouTube comments can be longer, so that users
are freer to express themselves without limita-
tions. Additionally, there is a substantial amount
of available data on the YouTube platform, which
is easy to access thanks to the free YouTube APIs.

Trait Model Our model of choice is the MBTI.
The first benefit of this decision is that this model
is easy to use in association with a Distant Super-
vision approach (just checking if a message con-
tains one of the 16 personality types; see Sec-
tion 3.1). Another benefit is related to the ex-
istence of TWISTY. Since both TWISTY and
Personal-ITY implement the MBTI model, analy-
ses and experiments over personality detection can
be carried out also in a cross-domain setting.

Ethics Statement

Personality profiling must be carefully evaluated
from an ethical point of view. In particular, of-
ten, personality detection involves ethical dilem-



mas regarding appropriate utilization and interpre-
tations of the prediction outcomes (Weiner and
Greene, 2017). Concerns have been raised regard-
ing the inappropriate use of these tests with respect
to invasion of privacy, cultural bias and confiden-
tiality (Mehta et al., 2019).

The data included in the Personal-ITY dataset
were publicly available on the YouTube platform
at the time of the collection. As we will explain in
detail in this Section, the information collected are
comments published under public videos on the
YouTube platform by authors themselves. For a
major protection of user identities, in the released
corpus only the YouTube usernames of the authors
are mentioned which are not unique identifiers.
The YouTube IDs of the corresponding channels,
which are the real identifiers in the platform, al-
lowing to trace the identity of the authors, are not
released. Note also that the corpus was created for
academic purposes and is not intended to be used
for commercial deployment or applications.

3.1 Corpus Creation

The fact that users often self-disclose information
about themselves on social media makes it possi-
ble to adopt Distant Supervision (DS) for the ac-
quisition of training data. DS is a semi-supervised
method that has been abundantly and successfully
used in affective computing and profiling to assign
silver labels to data on the basis of indicative prox-
ies (Go et al., 2009; Pool and Nissim, 2016; Em-
mery et al., 2017).

Users left comments to some videos on the
MBTI theory in which they were stating their own
personality type (e.g. Sono ENTJ...chi altro? [en:
“I’m ENT]J...anyone else?’]). We exploited such
comments to create Personal-ITY with the follow-
ing procedure.

First, we searched for as many Italian YouTube
videos about MBTI as possible, ending up with
a selection of ten with a conspicuous number of
comments as the ones above>.

Second, we retrieved all the comments to these
videos using an AJAX request, and built a list of
authors and their associated MBTI label. A label

3Links to the 10 YouTube videos:
https://www.youtube.com/watch?v=VCo9R1DRpz0
https://www.youtube.com/watch?v=N4kC8iqUNyk
https://www.youtube.com/watch?v=28S8PgW8t2U
https://www.youtube.com/watch?v=wHZOG8k7nSw
https://www.youtube.com/watch?v=102z3_DINgs
https://www.youtube.com/watch?v=NaKP1l_ylJXg
https://www.youtube.com/watch?v=81404VBX1GY
https://www.youtube.com/watch?v=GK5J6PLj218

https://www.youtube.com/watch?v=9P95dkVLmps
https://www.youtube.com/watch?v=g0ZIFNgUmoE
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Comment User - MBTT label
lo sono ENFJ!!! Userl - ENFJ
Ho sempre saputo di  User2 - ISFP

essere connessa con
Lady Gaga! ISFP!

Table 3: Examples of automatic associations user
- MBTI personality type.

was associated to a user if they included an MBTI
combination in one of their comments. Table 3
shows some examples of such associations. The
association process is an approximation typical of
DS approaches. To assess its validity, we manually
checked 300 random comments to see whether the
mention of an MBTT label was indeed referred to
the author’s own personality. We found that in 19
cases (6.3%) our method led to a wrong or unsure
classification of the user’s personality (e.g. O tutti
gli INTJ del mondo stanno commentando questo
video oppure le statistiche sono sbagliate :-)). We
can assume that our dataset might therefore con-
tain about 6-7% of noisy labels.

Using the acquired list of authors, we meant to
obtain as many comments as possible written by
them. The YouTube API, however, does not al-
low to retrieve all comments by one user on the
platform. In order to get around this problem we
relied on video similarities, and tried to expand as
much as possible our video collection. Therefore,
as a third step, we retrieved the list of channels
that feature our initial 10 videos, and then all of
the videos within those channels.

Fourth, through a second AJAX request, we
downloaded all comments appearing below all
videos retrieved through the previous step.

Lastly, we filtered all comments retaining those
written by authors included in our original list.
This does not obviously cover all comments by
a relevant user, but it provided us with additional
data per author.

3.2 Final Corpus Statistics

For the final dataset, we decided to keep only the
authors with a sufficient amount of data. More
specifically, we retained only users with at least
five comments, each at least five token long.
Personal-ITY includes 96,815 comments by
1048 users, each annotated with an MBTI label.
The average number of comments per user is 92
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Figure 1: Distribution of the 16 personality types
in the YouTube corpus and in the Italian section of
TWISTY.

and each message has on average 115 tokens.

The amount of the 16 personality types in the
corpus is not uniform. Figure 1 shows such dis-
tribution and also compares it with the one in
TwISTY. The unbalanced distribution can be
due to personality types not being uniformly dis-
tributed in the population, and to the fact that dif-
ferent personality types can make different choices
about their online presence. Goby (2006) for ex-
ample, observed that there is a significant correla-
tion between online—offline choices and the MBTI
dimension of EXTRAVERT-INTROVERT: extro-
verts are more likely to opt for offline modes of
communication, while online communication is
presumably easier for introverts. In Figure 1, we
also see that the four most frequent types are intro-
verts in both datasets. The conclusion is that, de-
spite the different biases, collecting linguistic data
in this way has the advantage that it reflects ac-
tual language use and allows large-scale analysis
(Plank and Hovy, 2015).

Figure 2 shows more in detail, trait by trait,
the distribution of the opposite poles through the
users in Personal-ITY and in TWISTY. As we
might have expected, in line with what is observed
in Figure 1, the two datasets present very similar
trends. Such similarities between Personal-ITY
and TWISTY are these similarities are a further
confirmation of the reliability of the data we col-
lected.

4 Preliminary Experiments

We ran a series of preliminary experiments on
Personali-ITY which can also serve as a baseline
for future work on this dataset. We pre-processed
texts by replacing hashtags, urls, usernames and
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Figure 2: Comparison of the distributions of the
four MBTI traits between Personal-ITY and the
Italian part of TWISTY.



emojis with four corresponding placeholders. We
adopted the sklearn (Pedregosa et al., 2011)
implementation of a linear SVM (LinearSVM),
with standard parameters. We tested three types
of features. At the lexical level, we experimented
with word (1-2) and character (3-4) n-grams, both
as raw counts as well as tf-idf weighted. Charac-
ter n-grams were tested also with a word-boundary
option. At a more stylistically level, we con-
sidered the use of emojis, hashtags, pronouns,
punctuation and capitalisation. Lastly, we also
experimented with embeddings-based representa-
tions, by using, on the one hand, YouTube-specific
(Nieuwenhuis and Nissim, 2019) pre-trained mod-
els, on the other hand, more generic embeddings,
such as the Italian version of GloVe (Penning-
ton et al., 2014), which is trained on the Italian
Wikipedia*. We looked for all the available em-
beddings of the words written by each author, and
used the average as feature. If a word appeared
more than once in the string of comments, we con-
sidered it multiple times in the final average.

We used 10-fold cross-validation, and assessed
the models using macro f-score. Note that the
original TWISTY paper uses micro f-score. Thus,
for the sake of comparison, we include also micro-
F in Table 5 for the MAJ baseline and our lexical
n-gram model. Table 4 shows the results of our
experiments with different feature types.’ Over-
all, lexical features (n-grams) perform best. Com-
bining different feature types did not lead to any
improvement. Classification was performed with
four separate binary classifiers (one per dimen-
sion), and with one single classifier predicting four
classes, i.e, the whole MBTI labels at once. In the
latter case, we observe that the results are quite
high considering the increased difficulty of the
task. Table 5 reports the scores of our models on
TwISTY. As for Personal-ITY, best results were
achieved using lexical features (tf-idf n-grams);
stylistic features and embeddings are just above
the baseline. Our model outperforms the one in
(Verhoeven et al., 2016) for all traits (micro-F).

To test compatibility of resources and to assess
model portability, we also ran cross-domain ex-
periments on Personal-ITY and TWISTY. In the
first setting, we tested the effect of merging the

*https://hlt.isti.cnr.it/
wordembeddings

>In Tables 4-5, we report the highest scores based on av-
erages of the four traits. Considering the dimensions individ-
ually, better results can be obtained by using specific models.
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Trait | MAJ Lex Sty Emb FL

EI 40.55 51.85 40.46 40.55 51.65
NS 4434 5192 4434 4434 49.04
FT 35.01 50.67 36.27 35.01 50.86
PJ 29.49 50.53 51.04 47.06 51.03
Avg | 37.35 51.24 43.03 41.74 50.65

Table 4: Results of the experiments on Personal-
ITY. FL: prediction of the full MBTTI label at once,
with a character n-gram model.

‘ micro F ‘ macro F
Trait | MA] Lex | MAJ Lex Sty Emb
EI | 77.75 79.18| 43.69 55.23 43.69 43.69
NS | 8592 85.92| 46.15 46.15 46.15 46.15
FT | 53.67 55.31| 3479 52.98 35.34 3470
P] | 53.06 54.08 3456 53.01 35.20 34.90
Avg | 67.6 68.62 39.80 51.84 40.09 39.86

Table 5: Results of our experiments on TWISTY.

two datasets on the performance of models for per-
sonality detection, maintaining the 10-fold cross-
validation setting and by using the model perform-
ing better on average for YouTube and Twitter data
(a character n-grams model). Table 6 contains the
result of such experiments®. Scores are almost
always lower compared to the in-domain experi-
ments (excepts for NS as regards Twitter scores
reported in Table 5: 46.15 — 48.31), but quite in-
creased compared to the majority baseline.

Trait | MAJ | Lex

EIl 41.64 | 50.57
NS 4493 | 48.31
FT 35.04 | 51.31
PJ 30.66 | 48.24

Avg | 38.07 | 49.61

Table 6: Merging Personal-ITY with TWISTY.

In the second setting, instead, we divided both
corpora in fixed training and test sets with a pro-
portion of 80/20 and ran the models using lexi-
cal features, in order to run a cross-domain experi-
ment. For direct comparison, we run the model in-
domain again using this split. Results are shown

®Prediction of the full label at once.



Train Personal-ITY TWISTY
Test | IN  CROSS | IN  CROSS
Pers MAJ Twi | Twi MAJ Pers
EI | 58.94 44.94 4933| 55.66 44.59 44.59
NS | 52.88 47.87 47.31| 47.87 4531 4531
FT | 49.20 37.58 47.09| 65.26 39.13 51.04
P] | 5443 3241 32.50| 56.87 36.56 38.54
Avg | 53.86 40.70 44.06| 56.42 41.40 44.87

Table 7: Results of the cross-domain experiments.
MAJ = baseline on the cross-domain testset.

in Table 7. Cross-domain scores are obtained
with the best in-domain model.” They drop sub-
stantially compared to in-domain, but are always
above the baseline.

5 Conclusions

The experiments show that there is no single best
model for personality prediction, as the feature
contribution depends on the dimension consid-
ered, and on the dataset. Lexical features perform
best, but they tend to be strictly related to the con-
text in which the model is trained and so to overfit.

The inherent difficulty of the task itself is con-
firmed and deserves further investigations, as as-
signing a definite personality is an extremely sub-
jective and complex task, even for humans.

Personal-ITY is made available to further in-
vestigate the above and other issues related
to personality detection in Italian. The cor-
pus can lend itself to a psychological analysis
of the linguistic cues for the MBTI personal-
ity traits. On this line, it is interesting to in-
vestigate the presence of evidences linking lin-
guistic features with psychological theories about
the four considered dimensions (EXTRAVERT-
INTROVERT, INTUITIVE-SENSING, FEELING-
THINKING, PERCEIVING-JUDGING). First re-
sults in this direction are presented in (Bassignana
et al., 2020).
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Abstract

In this work we study gender bias in Ital-
ian word embeddings (WEs), evaluating
whether they encode gender stereotypes
studied in social psychology or present in
the labor market. We find strong asso-
ciations with gender in job-related WEs.
Weaker gender stereotypes are present in
other domains where grammatical gender
plays a significant role.

1 Introduction

In the literature, the study of gender bias in word
embeddings (WESs) is of interest for two main rea-
sons: (i) WEs, as components of automatic de-
cision systems (e.g. job search tools), may con-
tribute to harm some user groups (De-Arteaga et
al., 2019); (ii)) WEs can be employed as a tool to
measure the biases of text corpora (Garg et al.,
2018) and systems for automatic text classifica-
tion or information retrieval (Fabris et al., 2020).
In both applications, it is important to isolate the
gender-related information in a subspace (Boluk-
basi et al., 2016) and subsequently (i) eliminate it
via orthogonal projection or (ii) exploit it as a lens
to study association of concepts with gender.

A common taxonomy of bias in algorithms con-
centrates on the types of harm that they may cause
(Barocas et al., 2017). Allocational harms hap-
pen when a limited resource (e.g. jobs) is assigned
unfairly to subgroups of a population (e.g. women
and men). Representational harms arise when
groups or individuals are unable to determine their
image, which is presented unfavourably or ne-
glected. Autocomplete suggestions in search en-
gines (Noble, 2018; Olteanu et al., 2020) are a

Copyright (©)2020 for this paper by its authors. Use per-
mitted under Creative Commons License Attribution 4.0 In-
ternational (CC BY 4.0).
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clear example of this situation. Query comple-
tion suggestions for “why are italian ...” asso-
ciate diverse concepts to the country and its inhab-
itants. Italians contribute very little to these results
as they are unlikely to search information about
themselves in English.

Italian WEs have been developed (Berardi et
al., 2015; Bojanowski et al., 2017) and analyzed
(Tripodi and Li Pira, 2017), following seminal
work in English; analysis of gender bias has un-
fortunately lagged behind. Our main contribution
is to close this gap, by undertaking a systematic
study of gender stereotypes in Italian WEs, adapt-
ing established approaches that assess gender bias
in English WEs.

2 Related work

Gender stereotypes are representational harms
which influence the lives of women and men both
descriptively and prescriptively, shaping the qual-
ities, priorities and needs that members of each
gender are expected to possess (Ellemers, 2018).
In seminal work, Bolukbasi et al. (2016) uncover
problematic associations with gender in English
WE:s. Their approach to identify gender informa-
tion is adapted to Italian in Section 3.1.1. Caliskan
et al. (2017) study the stereotypical association of
gender with dichotomies such as career and fam-
ily, science and arts, following the Implicit Asso-
ciation Test (IAT - Greenwald et al. (1998)).We
recall their approach in Section 3.1.2. WEs of
jobs have also been analyzed extensively due to
their potential for allocational harms in resume
search engines (De-Arteaga et al., 2019; Prost et
al., 2019) and representational harms (Caliskan et
al., 2017), e.g. in general purpose search engines
(Kay et al., 2015). Grammatical gender has been
found to interact strongly with semantic gender
in Spanish and German (McCurdy and Serbetci,
2020), showing that the study of bias in gendered
languages poses an additional challenge. We adapt



these experiments to the Italian language, detailing
our approach in Sections 3-5.

3 Gender in Italian WEs

3.1 Identifying gender information
3.1.1 Gender score

To identify a vectorial subspace which encodes in-
formation about gender, we follow Bolukbasi et
al. (2016) by building a list of gender definitional
pairs: [lui (he), lei (she)], [uomo (man), donna
(woman)], [padre (father), madre (mother)], [mar-
ito (husband), moglie (wife)), [fratello (brother),
sorella (sister)], [maschio (male), femmina (fe-
male)].

These pairs are built so that the second word de-

notes a female entity and the first word is, semanti-
cally, its male counterpart. Moreover, given we are
interested in capturing semantic information about
gender, while avoiding entanglement with gram-
matical gender, we ensure that the words in a pair
do not derive from the same root via inflection.
An example of pair discarded due to this criterion
is [figlio (son), figlia (daughter)].
Principal Component Analysis. We perform a
Principal Component Analysis (PCA) on the six
vector differences resulting from each gender def-
initional pair. The first eigenvalue dominates the
remaining ones, with the first PC explaining 57%
of variance. We normalize the first PC and con-
sider it the main gender direction, denoted by
ZPCA-

This is an established procedure to isolate the
direction that captures most of the information
about gender (Bolukbasi et al., 2016; Ethayarajh
et al., 2019). In other words, by finding the di-
rection that best fits the six vector differences

. . .
(lui — lei, iwomd — donna, . ..), we aim to obtain
a direction that summarizes them.
Vector differences. To evaluate the robustness of
this approach and highlight potential anomalies,
we also consider each vector difference on its own,
defining six unit length gender directions ggis, :

Bdiffy = 171 — E Bdiffs = HW) — rTglié

gaiff; = womb — m gaitt, = fratello — M

—

guitt, = padre — madre ity = maschio — femmina

Gender score computation. Given a word w, let
us indicate with w its corresponding word vector.
Let us consider any of the gender directions g de-
fined above. We call gender score the normalized

projection of w onto the direction g, defined as

sg(w) = w - g/(|wl[g]). (1)

This scalar captures associations of w along gen-
dered lines. Informally, a highly positive value
means that w is closer to the male terms of the
pairs than to the female ones, while a strongly neg-
ative value entails the opposite.

3.1.2 WEAT

The Implicit Association Test (IAT - Greenwald
et al. (1998)) is an assessment developed in cog-
nitive psychology to measure subconscious as-
sociations between categories and concepts. It
is commonly employed to assess implicit stereo-
types in people. The Word Embedding Associ-
ation Test (WEAT - Caliskan et al. (2017)) is a
technique inspired by the IAT to measure asso-
ciations between concepts in WEs. Let X and
Y be two equal-sized sets of target words and
A and B two sets of attribute words, e.g., X =
{programmer, engineer}, Y = {nurse, teacher},
A = {man,male}, B = {woman, female}. Let
cos(a,b) be the cosine similarity between the
word vectors a and b. The differential association
of a word w (taken from X or Y') with the attribute
sets A and B is measured as

c(w, A, B) = mean,e 4 cos(w,a) —
meanye g cos(w, b).  (2)
The normalized differential association between
targets and attributes is defined as
B meangcxc(z, A, B) — meanyeyc(y, A, B)

d
std-devy,e xuyc(w, A, B)

3)
This is called effect size in statistics, and sum-
marizes how different the quantity c(w, A, B) is,
when evaluated on elements of target set X as op-
posed to target set Y. It is computed as a differ-
ence of means within each set, divided by overall
standard deviation.
Gender score and WEAT. It is worth noting that,
when |[A| = |B| = 1, WEAT is almost equivalent
to the gender score defined in Section 3.1.1. Let
A = {ap} and B = {bg} be the sets of attribute
words. Since we are using normalized vectors and
the distributive property holds for the dot product,
then

c(w, A, B) = cos(w,ay) — cos(w, bg)
=w-(ag—bg) =w-g = sg(w). €]



3.2 Handling grammatical gender

Italian is a gendered language, wherein grammat-
ical gender is assigned to all nouns. Within a sen-
tence, each word is surrounded by other words of
agreeing grammatical gender. This phenomenon,
called grammatical gender agreement, in con-
junction with the distributional hypothesis (Harris,
1954), plays an important role when training WEs.
Due to these properties, words that share the same
grammatical gender to have similar vector repre-
sentations. Accordingly, grammatical and seman-
tic gender become entangled in WEs (McCurdy
and Serbetci, 2020; Gonen et al., 2019). As a con-
sequence, when computing the gender score, we
tend to obtain positive values for (grammatically)
masculine terms and a negative score for feminine
ones, making stereotypical association more noisy
and harder to study.

Mean gender score. To compute the gender score
(Equation 1) for gendered words that have both a
feminine and a masculine version, we propose the
following approach. Let us indicate with wy and
Wy, the feminine and masculine version of a gen-
dered word w. We define their gender score as

Smeang (W) = (sg(wy) + sg(wm))/2.  (5)

Averaging the masculine and feminine version

with equal weights corresponds to giving both ver-
sions of the word the same importance. Different
approaches, based for instance on word frequency,
may be applicable in other contexts.
Orthogonal projection. Some nouns cannot be
inflected into the opposite grammatical gender,
making the above approach impractical. An exam-
ple is ufficio (office). In this context, we propose
to mitigate the effect of grammatical gender by re-
embedding every word through an orthogonal pro-
jection. We build a list of 138 inflected word pairs.
Each pair consists of the feminine and masculine
inflections of the same root, such as cara and caro
(dear), which only differ in grammatical gender.
We take the embedding of both words in a pair
and compute their difference.

We perform PCA on these vector differences.
The resulting PCs span a subspace U that con-
tains most of the variance due to grammatical gen-
der. To reduce the influence of grammatical gen-
der, we re-embed vectors by projecting them on
the orthogonal complement of U. In other words,
given a word embedding w, let us call projyw
its orthogonal projection onto the “grammatical
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gender subspace” U. We propose re-emdedding
every word vector w to

W — Pprojyw

’ proju (6)

By means of this procedure, we obtain a new set

of WEs. By construction, in this new embedding

space, grammatical gender should have a lower in-
fluence on the geometry of word vectors.

~ |w—proipw|

4 Datasets and embeddings

To study gender bias we use WEs trained on two
different datasets for the Italian language, both
made available by FastText (Bojanowski et al.,
2017; Grave et al., 2018). The first group of vector
representations, which we refer to as wiki, con-
sists of word vectors trained on a 2016 Wikipedia
dump (Bojanowski et al., 2017).! The second
group of word vectors (labeled wiki—-cc) was
trained on the May 2017 Common Crawl? and the
Wikipedia dump from September 11, 2017 (Grave
etal., 2018).

We compare our results from the analyses on
Italian WEs with results on their English counter-
part. To this end, we also download two sets of
FastText WEs trained on the English version of
the same corpora, i.e. the English counterparts of
wiki and wiki-cc. Given Wikipedia is a more
curated source, we expect to find weaker stereo-
types in wiki than in wiki-cc for both lan-
guages. As a pre-processing step we normalize
every word vector to unit length.

Census data about the labor market is required
to analyse the correlation between the gender gap
in professions and the gender score of the respec-
tive WEs. The statistics on the American occupa-
tion and gender representation are readily avail-
able (Census Bureau, 2019). For their Italian
counterpart, we retrieve statistics about occupation
participation from several institutions, including
professional chambers (Comitato Unitario Perma-
nente degli Ordini e Collegi Professionali, Conf-
professioni) and academic databases (AlmalLau-
rea).>

Finally, in order to perform the Word Embed-
ding Association Tests (WEAT), we need sets of

'The authors provide no information about which
Wikipedia dump they use.

2Common Crawl is a corpus of web pages, aimed at repre-
senting “a copy of the internet” at a given time. The authors
train WEs on pages written in Italian, exploiting language

identification as preliminary step for their pipeline.
3The detailed list of sources is available upon request.



target and attribute words in Italian. The sets of
target words for the gender-science WEAT (Sec-
tion 5.2) are derived from the Italian version of
IAT;* those for the gender-career WEAT (Section
5.3) were unavailable and have been translated by
the authors of this work from the original IAT
(Greenwald et al., 1998).

5 Experiments

5.1 Occupations

This experiment investigates gender representa-
tion for different jobs in Italy and their association
with gender-realted information in WEs, follow-
ing studies on the English language (De-Arteaga et
al., 2019; Garg et al., 2018; Prost et al., 2019). For
each occupation, we compute its gender score us-
ing the different gender directions defined in Sec-
tion 3.1.1, namely gpca and ggif;, @ € {0...5}.
We calculate the plain gender score for the ungen-
dered occupations (Equation 1) and the mean gen-
der score for occupations characterized by gram-
matical gender (Equation 5).

We compute Pearson’s correlation r between
the gender scores and the percentage of women
employed in each profession. The same analyses
are carried out on English WEs, restricting them to
the same set of occupations considered in Italian.
Results are summarized in Table 1 and Figure 1,
showing that Italian WEs consistently capture in-
formation about different gender representation in
jobs. Informally, this mean that ordering jobs by
percentage of women and by projection on a gen-
der direction yields similar results. The right pane
of Figure 1 demonstrates the significant effect of
grammatical gender.

5.2 Science and Arts

In this WEAT, the sets of target words for Science
and Arts, taken from the Italian version of the IAT,
are: X {biologia (biology), fisica (physics),
chimica (chemistry), matematica (mathematics),
geologia (geology), astronomia (astronomy), in-
gegneria (engineering)}, Y = {filosofia (philos-
ophy), umanesimo (humanism), arte (arts), letter-
atura (literature), italiano (italian), musica (mu-
sic), storia (history)}. The sets of male and female
attributes are taken from the gender definitional
pairs (Section 3.1.1): A = {lui, uomo, padre, mar-
ito, fratello, maschio}, B = {lei, donna, madre,

‘nttps://implicit.harvard.edu/
implicit/italy/takeatest.html
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wiki-cc wiki
IT r(p) 7 (p)
grca  -0.634 (1.3x1074ys%%  _0.589 (4.9x 10~ H)***
gaitr,  -0.664 (4.7x107%)#%% 0,490 (5.1x 103y
gair,  -0.594 (4.3x107*)k% 0,528 (2.3x 107 3k
gair,  -0.575 (7.1x 10~ 4y*#% 0537 (1.8x 10~ 2)***
garr;  -0.401 (2.5x107%)**  .0.160 (3.9x107")
gairr,  -0.658 (5.7x 107 P)¥**  _0.599 (3.8x 10~ H)***
gair;  -0.358 (4.8x1072)**  -0.205 (2.7x107 1)
EN 7 (p)  (p)
grca  -0.830 (2.0x 107 6)¥**  .0.707 (2.3x 10~ H)***

Table 1: Results of the Occupation analysis. Sta-
tistical significance is marked as * for p < 0.1, **
for p < 0.05 and *** for p < 0.01.

moglie, sorella, femmina}. We compute the effect
size d and the p-value using the whole attribute
sets A and B, and label this analysis “all”. More-
over, we also perform the WEAT test over single
word pairs, e.g. A = {lui}, B = {lei}. Results
are reported in Table 2. We find no stereotypical
association in the expected direction. We hypoth-
esize that this is due to the feminine grammatical
gender of all science-related target words, defer-
ring a more detailed analysis to Section 5.4.

wiki-cc wiki

IT d (p) d (p)

all -0.172 (6.3x107 1Y) -0.140 (5.9x107 1Y)
gairr, -0.464 (7.9x1071) -0.396 (7.5x1071)
garr,  -0.016 (5.1x107Y) -0.064 (5.4x1071)
gair,  -0.408 (7.5x1071) -0.152 (6.1x1071)
garrs  -0.002 (5.0x1071) 0.271 (3.3x1071)
garr, -0.127 (6.0x1071) -0.174 (6.2x107 1Y)
gatrs  -0.144 (6.1x1071) -0.195 (6.3x1071)
EN  d( d (p)

all 1.420 (1.5x 107 3)*#k 1304 (3.2%x 1073 )%

Table 2: Results of the Science and Arts WEAT.
Statistical significance is marked as * for p < 0.1,
** for p < 0.05 and *** for p < 0.01.

5.3 Career and Family

In essence, the Career and Family WEAT is very
similar to the Science and Arts WEAT; the only
difference is in the sets of target words. The tar-
get sets are translated into Italian from the origi-
nal English IAT as follows: X = {esecutivo (ex-
ecutive), management (management), profession-
ale (professional), azienda (corporation), stipen-
dio (salary), ufficio (office)}, Y = {casa (home),
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Figure 1: (Left) Gender score of occupations ggitr,, on the y axis, vs percentage of women in that
occupation, represented on the x axis. (Right) Same variables, including both feminine and masculine
versions of gendered jobs. Translations, omitted for readability, can be found in the left pane.

genitori (parents), bambini (children), famiglia
(family), cugini (cousins), matrimonio (marriage),
nozze (wedding), parenti (relatives)}. Results are
summarized in Table 3. Stereotypical associations
for wiki-cc WEs are present but weak, whereas
they are more significant for wiki.

wiki-cc wiki
) d(p)
all  0.838(5.3x107 %) 1351 (27107 3y
gaitr,  0.457 (2.0x 1071 1,172 (8.7x 10~ 3y
gair;  1.265 (4.7x107 %)% 1512 (5.4x 107 %)
gaifr, 0.614 (1.2><10_1) 1.181 (8.3><10_3)***
gaitrs  0.299 (2.9x107YH) 0.876 (4.4 10~ 2%+
garr, 0.952 (3.2x 10725 0.898 (4.2 10~ 2)**
gar; 0713 87x107%)*  -0.566 (8.6x10™")
EN d (p) d (p)
all 1879 (0.0x10%%% 1568 (23x 101y

Table 3: Results of the Career and Family WEAT.
Statistical significance is marked as * for p < 0.1,
** for p < 0.05 and *** for p < 0.01.

5.4 Mitigating the effect of grammatical

gender

In this section we quantify the extent to which the
semantic gender information (Section 3.1) is in-
fluenced by grammatical gender, and test one ap-
proach designed to mitigate its influence (Section
3.2).

The dataset used in the experiment about job-
related WEs (Section 5.1) is suitable for this anal-
ysis, as it consists of words which have (i) a se-
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mantic association with gender, as measured ob-
jectively by the percentage of women in each pro-
fession and (ii) a grammatical association with
gender, as half of those words admit a feminine
and a masculine version.

We measure the relative strength of semantic
and grammatical associations in the proposed gen-
der directions as follows. Let us denote by S,
the set of job-related words which admit a fem-
inine and a masculine version and by A, =
Sg(wm) — sg(wy) the difference in their gender
scores.” We compute the average influence of
grammatical gender on direction g (based on set
Sy) as

A, )

1
:@ZAw.

wES,

Visually, this corresponds to the average (signed)
length of the vertical lines, in the right pane of Fig-
ure 1, connecting the feminine and masculine ver-
sion of a job-related word.

Moreover, let us denote by S the complete set
of job-related words w; and by x; the percentage
of women in job w;. Let us indicate with sg(w);)
the respective gender score, computed according
to Equation 1 or 5, depending on whether w; ad-
mits different masculine and feminine inflections.
We define maxs(x) (ming(z)) as the maximum
(minimum) percentage of women in a job from set

SFor the sake of brevity, we concentrate on gpca; the re-
maining gender directions (guisr; ) yield similar results.



S. Furthermore, let us call m the angular coef-
ficient computed by (linearly) regressing sg(w;)
onto x; over set S. We compute the full-scale in-
fluence of semantic gender on direction g (based
on set S) as

A = |m(maxgs(z) — ming(x))|. (8)

Visually, this corresponds to the vertical compo-
nent of the blue regression line in Figure 1, clipped
between ming(x) and maxs(z).

Finally, we compute the relative strength of se-
mantic and grammatical associations in the pro-
posed gender direction as the ratio

©)

The first three rows of Table 4 report A4, Ag
and k for wiki-cc (first column) on the job
dataset described in Section 4. The second col-
umn concentrates on a set of word embeddings
derived from wiki-cc by removing information
about grammatical gender from every word, via
Equation 6.° We label this new set of word em-
bbeddings wiki-cct. In going from wiki-cc
towiki-cc™, A, is reduced by over 40% while
Ag decreases by less than 10%. This indicates
that the orthogonal projection procedure reduces
the influence of grammatical gender while retain-
ing semantic information which is present in the
original version of the WEs, hence the value of &k
decreases.

The final three rows of Table 4 report summary
statistics for stereotypical associations described
in Sections 5.1-5.3. Interestingly, the significance
of each association is larger for wiki-cc™® than
for wiki-cc. In particular, the effect size for the
Science-Arts WEAT becomes positive, in accor-
dance with the stereotype. We interpret these re-
sults as evidence for the hypothesis that grammat-
ical gender confounds and outweighs stereotypi-
cal associations in Italian WEs, in line with prior
work on gendered languages (McCurdy and Ser-
betci, 2020).

6 Discussion

We successfully replicated prior analyses about
gender-stereotypical associations in English WEs,
finding them to be consistently stronger when
computed on WEs trained on a weakly curated

%In this experiment, the grammatical gender subspace U
is spanned by the first PC.
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1

wiki-cc wiki-cc

Occupations (gpca)

A, 041 0.22
A, 023 0.20
k 1.79 1.09
r(p) -0.63 (1.3x1074)y**x 0,68 (2.2x 107 2)*#*
Science & Arts (all)
d(p) -0.17(6.3x1071) 0.73 (9.7x 107 2)*
Career & Family (all)
d(p) 0.84(5.3x1072)* 1.21 (6.1 107 3)*k

Table 4: Importance of semantic and grammatical
gender before (wiki-cc) and after (wiki-cc?t)
projecting WEs onto the orthogonal complement
of the grammatical gender subspace (Equation
6). Where applicable, statistical significance is
marked as * for p < 0.1, ** for p < 0.05 and
*##* for p < 0.01.

corpus. To the best of our knowledge, this is a
novel result.

For Italian WEs, the picture is more nuanced
and tied to grammatical gender. WEs for occu-
pations, which are ungendered or admit a dual
form, are robustly associated with gender along
a stereotypical direction. Compared against the
other stereotypes analysed in this work, this is
the strongest association, confirming results from
prior work on English WEs (Fabris et al., 2020). In
the Science-Arts WEAT, science-related words are
all feminine nouns, departing from the expected
stereotypical association. Semantic associations
with gender are outweighed by grammatical gen-
der in this WEAT, in accordance with prior work
on gendered languages (McCurdy and Serbetci,
2020). Our analysis in Section 5.4 demonstrates
the importance of grammatical gender in Italian.
On the other hand, the Career-Family WEAT fea-
tures a more balanced distribution of grammati-
cal gender, resulting in a differential association
which is in line with gender stereotypes, especially
for wiki, less so for wiki-cc.

In Italian WEs, we find that wiki embed-
dings contain stronger stereotypical associations
than wiki-cc embeddings for the Career-Family
WEAT. This disconfirms our hypothesis that WEs
trained on a less curated corpus (wiki-cc)
would encode stereotypes more strongly. Finally,
we find no consistent property connected to spe-
cific gender directions ggisr;. Across different cor-
pora and stereotypes, the aggregated analyses (la-



belled “all” and gpca) provide a reasonable sum-
mary of the stereotypical associations encoded in
the single gender directions ggjfy; -

7 Conlusion

Overall, we have analyzed gender bias in Italian
WEs, adapting existing techniques and gathering
data where required. We looked for stereotypical
associations with gender-imbalanced professions,
Career and Family, Science and Arts, finding sig-
nificant associations in 2 out of 3. As expected
from prior work (Gonen et al., 2019; McCurdy and
Serbetci, 2020), grammatical gender is a strong
confounder in these analyses.

We draw the following preliminary conclu-
sions: (i) Italian WEs seem to have less po-
tential than their English counterparts to sys-
tematically reinforce the tested gender stereo-
types, mostly due to grammatical gender. How-
ever, (ii) the influence of grammatical gender on
WEs may cause different harms. As an exam-
ple, in the context of job search, masculine is
likely to be the default choice for queries of re-
cruiters (male as norm - e.g. “psicologo” [psy-
chologist]). Those queries would likely be closer
to male candidates’ CVs than equivalent female
ones, in some embedded text representations, po-
tentially putting women at a systematic disadvan-
tage. Both points above require further analy-
sis of text retrieval/classification systems based
on Italian WEs. Finally, (iii) isolating stereotyp-
ical concepts and gendered associations in Ital-
ian WEs along a single direction is challenging.
The tested WEs show little promise as a reliable
measurement tool for gender-stereotypical associ-
ations, unless combined with approaches to miti-
gate the influence of grammatical gender.
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Abstract

In this paper we investigate the appli-
cability of automatic methods for frame
induction to improve the coverage of
IFrameNet, a novel lexical resource based
on Frame Semantics in Italian. The exper-
imental evaluations show that the adopted
methods based on neural word embed-
dings pave the way for the assisted devel-
opment of a large scale lexical resource for
our language.

1 Introduction

When dealing with large-scale lexical resources,
such as FrameNet (Baker et al., 1998), PropBank
(Palmer et al., 2005), VerbNet (Schuler, 2005)
or VerbAtlas (Di Fabio et al., 2019), the semi-
automatic association between predicates and lex-
ical items (also known as Lexical Units or LUs)
is crucial to improve the coverage of a resource
while limiting the costs of its manual annota-
tion. Several approaches to this semi-supervised
task exist, as discussed in QasemiZadeh et al.
(2019). In particular, Pennacchiotti et al. (2008)
exploited distributional models of lexical mean-
ing (Sahlgren, 2006; Croce and Previtali, 2010)
to induce new LUs consistently with the Frame
Semantics theory (Baker et al., 1998), represent-
ing words meaning and semantic frames through
geometrical word spaces. As a result, this ap-
proach allows to induce new LUs when applied
to the English version of FrameNet. However, this
is a quite consolidated resource with many exist-
ing LUs connected to each semantic predicate, i.e.,
each frame. The applicability of this method in
scenarios where only one or two LUs are available
for each frame is still an open issue. At the same

Copyright (©)2020 for this paper by its authors. Use per-
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time, since the work of Pennacchiotti et al. (2008),
the application of neural approaches to the acqui-
sition of word embeddings (Mikolov et al., 2013;
Baroni et al., 2014; Ling et al., 2015) significantly
improved in terms both of representation capabil-
ity and scalability of geometrical models of lexical
semantics.

In this paper we thus investigate the applicabil-
ity of the method proposed in Pennacchiotti et al.
(2008) to boost the coverage of a novel and still
limited lexical resource based on Frame Seman-
tics in Italian. This resource has been developed
within the IFrameNet (IFN) project (Basili et al.,
2017), which aims at creating a large coverage
FrameNet-like resource for Italian and to come up
with a complete dictionary in which every lexical
entry! is linked to all the frames it can evoke (i.e.,
the frames for which it is a LU). At this moment,
while the resource counts more than 7,700 lexi-
cal items associated to more than 1,048 frames,
each lexical item is connected, on average, to only
1.3 frames, and it is problematic if considering the
high polysemy of Italian words (Casadei, 2014).

The experimental evaluation shows that neural
word embeddings enable the effective application
of the distributional approach from Pennacchiotti
et al. (2008) to improve the coverage of IFN.
Moreover, the adopted distributional framework
allowed to develop a graphical semantic browser
to support annotators while assigning new LUs to
frames. This study paves the way to the semi-
automatic development of IFN and investigates
about the applicability of neural word embeddings
to the incremental semi-automatic LU induction
process.

2 Related Work

In the development of FrameNet and FrameNet-
like resources for new languages, one important

"Where with the term lexical entry we denote a lemma,
with its Part of Speech tag, that activates at least one LU.



task is the creation of a large-scale dictionary, in
order to guarantee an effective application in se-
mantic analyses or NLP tasks. In fact, the limited
coverage of FrameNet has been addressed as one
of the main reason of failures (Pennacchiotti et al.,
2008; Pavlick et al., 2015). For these reasons and
given the high costs of manual annotation, both in
terms of time and resources (i.e., human annota-
tors), the automatic (or semi-automatic) expansion
of the dictionary for FrameNet and FrameNet-
like resources has received attention during the
years. Several methods to support the population
of frames in FrameNet (Baker et al., 2007; Pavlick
et al., 2015; Ustalov et al., 2018; QasemiZadeh et
al., 2019; Anwar et al., 2019; Arefyev et al., 2019;
Yong and Torrent, 2020), and FrameNet-like re-
sources (Johansson and Nugues, 2007; Tonelli et
al., 2009; Tonelli, 2010; Johansson, 2014; Hayoun
and Elhadad, 2016) with new Lexical Units have
been widely investigated. Some of the method-
ologies proposed in order to automatically ex-
pand FrameNet have exploited the alignment be-
tween WordNet and FrameNet data (Johansson
and Nugues, 2007; Pennacchiotti et al., 2008;
Ferrandez et al., 2010). Another strategy is the one
adopted by Pavlick et al. (2015) where the schol-
ars enlarge FrameNet coverage using automatic
paraphrase. The majority of the works dealing
with automatic frame induction, however, exploits
distributional methods, for example the work on
which this research relies the most, i.e., the work
of Pennacchiotti et al. (2008) or some of the most
recent works such as the ones of Ustalov et al.
(2018), Arefyev et al. (2019) and Yong and Torrent
(2020). Ustalov et al. (2018), for example, model
the frame induction problem as a tri-clustering
problem and use dependency triples automatically
extracted from a Web-scale corpus. Arefyev et al.
(2019) propose to combine dense representations
from hidden layers of a masked language model
with sparse representations based on substitutes
for the target word in the context for the creation
of vector representations.

3 IFrameNet status

The IFrameNet project (Basili et al., 2017), relied,
as a starting point, on the achievements of previous
researches on the development of Italian resources
annotated according to Frame Semantics (Tonelli
and Pianta, 2009; DeCao et al., 2010), i.e., a set
of automatically induced LUs that were covering
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554 frames of the 1, 224 frames in FrameNet.

Since the beginning, our main objective has
been to improve the coverage of the resource in
terms of annotated frames, increasing the number
of the LUs and the number of annotated sentences
representing each predicate. Starting from the re-
sults achieved in 2017, we enlarged the dictionary
and provided an initial set of LUs for those frames
without any annotation. We also revised the whole
dictionary and expunged the LUs whose lemma
had low frequency? in CORIS (Corpus di Ital-
iano Scritto) (Rossini Favretti et al., 2002). Since
CORIS is a large-scale and general-purpose Italian
corpus (without biases to any domain), we specu-
late that not represented LUs can hardly character-
ize a frame in Italian. Moreover, we worked on the
frame annotation of sample sentences taken from
the CORIS corpus. We relied on CORIS because
it is domain independent and suitable to represent
the generic notion of frames. Currently, the re-
source contains:

e 7,776 lexical entries of which: 1,130 adjec-
tives, 4, 309 nouns and 2, 337 verbs;

10,379 LUs (nouns, verbs and adjectives)
validated in terms of pairs of lexical entries
and evoked frame(s);

1,048 frames with at least one LU among
which 743 frames are represented with
at least one sentence. Among the 176
frames that still do not have any LU in
their dictionary, 134 are marked as Non-
Lexical in FrameNet, 12 do not have any
LU in FrameNet, but are not explicitly
marked as Non-Lexical, 18 are not rep-
resented in FrameNet by any noun, verb
or adjective and finally, for just 8 frames,
it was difficult to find LUs in Italian
(e.g. IMPROVISED_EXPLOSIVE_DEVICE or
SHORT_SELLING);

5,208 sentences annotated and validated with
at least one LU;

an average of 9.9 LUs assigned to each
frame;

an average of 1.3 frames associated to each
LU. Among the existing LUs, 5,960 are as-
signed to only one frame. Given that Italian
language is highly polysemous, it is probable
that many LUs evoke more than one frame.
This work aims at reducing this limitation.

?Less than 20 occurrences in the corpus.



4 Automatic Frame Induction

For the Frame Induction we rely on distributional
methods as in Pennacchiotti et al. (2008), de-
scribed hereafter.

Distributional representation. As a first step,
we obtain a distributional representation of the
CORIS corpus and represent in the wordspace
each LU as a vector . We investigated three
slightly different approaches for the acquisi-
tion of the wordspaces: the Continuous Bag-of-
Words model (CBOW), the Skip—-gram model
(Mikolov et al., 2013) and the Structured Skip-
gram (sskip—-gram) model (Ling et al., 2015).
The sskip-gram is a modification of the
skip-gram model, sensitive to the positioning
of the words and, thus, more suitable for cap-
turing syntactic properties of the words (Ling et
al., 2015). Our hypothesis is that this last model
would be more suitable for capturing LUs frame
properties since syntax is, in general, in agreement
with semantic arguments (i.e., Frame Elements,
FEs) and their order.

“Framehood” representation. As a second step,
we exploit the obtained embeddings to represent
the meaning of frames. We assume that a frame f
can be described by the set of its LUs [ € F' and
that LUs vectors [ can be thus used to acquire a
distributional representation for each frame. In a
nutshell, for each frame we: (i) select all the LUs
of its dictionary, (ii) apply to LUs vectors ['a clus-
tering algorithm. A frame will be then represented
as a set of clusters: given that each frame can have
various nuances and that it can be representative
of non overlapping senses, sparse in the seman-
tic space, we represent it through its “clusters of
senses”. This captures, in the semantic space, the
possible “framehood” distributions, as dense re-
gions of LUs. In this work, we applied standard
K-means (Hartigan and Wong, 1979), so that each
frame is represented as a set of k clusters. For each
frame k is empirically set to the square root of the
number of LUs [ in that frame: k£ = +/|[[, where
|I| denotes the count of [ per frame. In this way,
each f will have k clusters depending on the num-
ber of its LUs and the centroid of each cluster will
represent the prototype for a subset of the senses
of a frame.

New LU induction. Once obtained the distri-
butional representations for frames and LUs, the
third step involves the automatic induction of
frames given a candidate lexical item. For each
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POS 1 2 5
a 295 207 65
n 631 463 250
y 675 514 245

a-n-v | 1,041 916 511

Table 1: Number of frames considered according
to different filtering policies. In column the thresh-
old applied to the number of required LUs.

candidate predicate word, we computed the dis-
tance between its vector and the sets of clusters
representing the frames. The “nearest” clusters
will be the ones containing a set of LUs more
closely related to the input lexical item, so that
the corresponding frames will be suggested as its
evoking frames.

5 Experimental Evaluation

In order to assess the quality of the pro-
posed method, we evaluate its capability in re-
discovering the frames manually associated to a
lexical item. We apply a leave-one-out schema:
for each candidate lexical item, we eliminate it
from the dictionary and query the model to “sug-
gest” up to 10 frames. In practice, we rebuild the
clusters and then compute the distance between
the lexical item’s vector and the set of clusters
representing all frames. Then, we compare the
suggested frames with the frames that were orig-
inally linked to the LU. As in Pennacchiotti et al.
(2008), we compute Accuracy as the fraction of
LUs that are correctly re-assigned to the original
frame. Accuracy is computed at different levels
b: a LU is correctly assigned if one of its gold
standard frames appears among the best-b frames
ranked by the model. In fact, as LUs can have
more than one correct frame, we deem as ‘“cor-
rect” an assignment for which at least one of the
correct frames is among the best-b.

The model is evaluated by sampling the test bed
according two dimensions, as reported in Table
1. First, we considered the Part-of-Speech (POS)
of the LUs (i.e., rows in Table 1). In fact, lexi-
cal items having different POS are generally pro-
jected in different sub-spaces within word spaces.
We thus evaluate the model considering separately
LUs and frames containing adjectives (a), nouns
(n) or verbs (v). For the sake of completeness, we
also evaluated the model without any selection by
POS (row a-n-v). When a frame does not contain
any LU represented in the wordspace with a re-
quired POS, it is discarded during the evaluation:
as an example, the actual dictionary contains 631



POS th b-1 b-2 b-3 b-4 b-5 b-6 b-7 b-8 b-9 b-10
1 2% 41% 47% S0% 52% 53% S55% 56% 57%  58%
a 2 41% 54% 62% 65% 68% 0% 12% T14%  15%  16%
5 60% 75% 83% 81% 8% 90% 91% 93% 94% 95%
1 42% 53% S9% 62% 65% 66% 68% 69% 10% T1%
n 2 8% 61% 671% T1% T3% 5% 16% 18%  19%  80%
S 9%  T2% 9% 82% 85% 871% 88% 89% 90% 91%
1 25% 35% 41% 4% 41% 49% S0% 52%  53%  54%
v 2 32% 43% 50% 53% 57% 59% 61% 62% 64%  65%
S 2% 55%  63%  69% 2% T4% 16% 8% 19% 81%
1 36% 47% 53% 56% 59% 61% 62% 64% 65%  66%
a-n-v 2 41% 52% S8% 63% 65% 61% 68% 10% 11%  T2%
5 49% 61% 68% 3% T5% 8% 19% 81% 82% 83%

Table 2: Accuracy on LU induction according to the best-b ranking and split according to number and

POS tag of LUs.

frames containing at least one noun.

Then, we filtered frames by applying a thresh-
old to the number of LUs a frame should be con-
nected to, in order to be considered (columns in
Table 1), as it follows: first, we considered all
frames containing at least one LU whose lemma
occurred at least 20 times in CORIS, without ap-
plying any other restriction (column 1); then we
filtered frames with at least 2 valid LUs> (column
2); finally we filtered frames with at least 5 valid
LUs (column 5). Both filter policies can be com-
bined and the stricter these policies are, the lower
the number of frames considered in the evalua-
tion. As a consequence, the Accuracy baseline of
a model which randomly assigns LUs to frames
depends on the number of selected frames: when
no filter is applied (row a —n — v and column 1) a
random assignment would achieve 0.09% = ﬁ

of Accuracy, or 0.4% = ﬁ when only frames
containing at least 5 nouns are selected.

Table 2 reports the experimental results of a
model derived using a s skip—grammodel (Ling
etal., 2015)*. If we consider the performance over
only nouns (n) we see that, when a reasonable
threshold is set (row th = 2), in 48% of cases
in first position we find one of the original frames
evoked by the noun under analysis (column b — 1).
If we consider the first two frames proposed by the
system (b — 2) the Accuracy rises up to 61% and
it keeps increasing as we consider more frames. It
is impressive if considering that the corresponding
random baseline is 0.2% = -+ and 0.4% = %.
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If we jointly consider nouns, verbs and adjectives

3This threshold also overcomes the intrinsic limitation
of the leave-one-out schema; when considering frames with
only one LU, it becomes impossible to spot the original frame
in the test data because it will not be represented by any LU.

*This method outperformed the CBOW and skip-gram,
not reported here for lack of space.

(a-n-v) the performance is slightly lower: for ex-
ample, with the same threshold th = 2 and con-
sidering only two suggested frames (b — 2) the
Accuracy is 61%. It means that, on average, the
model capability of assigning LUs (ignoring their
POS) to frames is slightly lower. This is confirmed
by the general drop obtained when only verbs or
adjectives are considered: for verbs, considering
only the best suggestion (b— 1) we measured 25%,
if we don’t apply any threshold, to 32%, if we
consider th = 2, to 42% if we consider th = 5.
This is mainly due to higher polysemy character-
izing verbs and adjectives with respect to nouns
(Casadei, 2014). Anyway, this result is straight-
forward if considering that for verbs, the baseline
in the setting th = 2 and b = 1 corresponds to
0.2% = =7

Discussion. It is worth noting that our dictio-
nary is largely incomplete and thus some of those
counted as “incorrect assignements” are instead
frames that are evoked by the LU under analysis
and that should be added to the dictionary. More-
over, we can see that many of the b — 10 frames
are often related at different degrees with the lex-
ical entry under analysis and with the frames for
which itis a LU.

For example, when considering the lexical en-
try “impiccare.v”’ (hang.v) the model does not re-
trieve among the b — 10 suggestions the only “cor-
rect” frame, i.e., the frame EXECUTION. Any-
way, the closest frame identified is the frame
KILLING that not only is linked with EXECU-
TION with an Inheritance relation, but also ap-
pears to be evoked by “impiccare.v’. Again,
the system is not able to re-assign the lexical
entries “innalzarsi.v” (raise.v and rise.v), “inno-
cenza.n” (innocence.n) and “radiazione.n” (radi-
ation.n or expulsion.n) . Anyway, in the b — 10

43



soldato.n

MEMBER_OF_MILITARY
truppa.n

commando.n

BEARING_ARMS 5
TAKING_SIDES -~~~
MEMBER_OF_MILITARY -~

FRIENDLY_OR_HOSTILE

nemico.n

FRIENDLY_OR_ HOSTILE
nemico.a

amico.n

alleato.a "MILITARY
.. IRREGULAR_COMBATANTS REBELLION
‘guerrigliero.n
combattente.n e O FFS HO OT

IRREG ULAR_COMBATANTS >~

COLLABORATION

RACE__DESCRIPTOR

Figure 1: An example of the IFrameNet Navigator for the LU alleato.a

of “innalzarsi.v” appears in fourth position the
frame CHANGE_POSITION_ON_A_SCALE that can
be evoked by “innalzarsi.v” in sentences such as
“La marea si innalzava” (The tide was rising) and
in the b — 10 of “innocenza.n” appears, in first
position, the frame CANDIDNESS that is evoked
by this LU in sentences such as “Lei rispose
con innocenza” (She answered genuinely). The
term “radiazione.n” is present in the dictionary
only with the meaning expulsion.n and it is linked
only to EXCLUDE_MEMBER. Nevertheless, the
system proposes the frame NUCLEAR_PROCESS
in first position and retrieves one correct mean-
ing of a LU like “radiation.n”. For “alleato.a”
(ally.n, also shown in Figure 1) the system pro-
poses a “correct” frame in ninth position. Any-
way, we find in second position the frame MEM-
BER_OF_MILITARY that can be plausibly evoked.
Moreover the LU “agnello.n” (lamb.n) evokes in
the dictionary only the frame FOOD; anyway, as
correctly suggested by the system, it is also LU
of the frame ANIMALS. Moreover for “agnello.n”
the system proposes also, in sixth position, PEO-
PLE_BY_MORALITY that recalls the idea of inno-
cence and righteousness that represents (at least
for the Italian language) a metaphorical extension
of the meaning of “lamb.n”, strongly influenced by
the religious image of the lamb.

In some other cases, the system suggests rela-
tions between frames. For example, if we con-
sider the lexical entry “identico.a” (identical.a
from IDENTICALITY) we see in the best-10 frames
that the system proposes frames such as SIMILAR-
ITY (first position) or DIVERSITY (seventh posi-
tion). If we look at the frame-to-frame relations in
FrameNet, we see that IDENTICALITY and SIM-
ILARITY or IDENTICALITY and DIVERSITY are
not directly connected even if they appear, at a
close analysis, strictly related.
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6 IFrameNet Navigator

In order to make the model valuable for the anno-
tators, we also developed a Graphical User Inter-
face, called IFrameNet Navigator. It allows query-
ing and navigating the geometrical representation
of semantic phenomena as it displays, for each lex-
ical entry in the dictionary, the best-10 frames.
These can be also selected to browse the set of
LUs assigned to the cluster underlying the frame,
as shown in Figure 1. Finally, each LU can be
selected to browse the list of corresponding anno-
tated sentences.

The objectives of the Navigator are: (i) to sup-
port the analysis of the currently modeled lexical
entries (and the corresponding LUs); (ii) to sup-
port the validation of the current sentence classi-
fication; (iii) the mining of the CORIS corpus for
improving the semantic coverage of the resource
for the Italian language; (iv) in perspective, to of-
fer support towards crowd sourcing.

This tool will be publicly released to trigger col-
laborative validation and annotation as an exten-
sion of the [FrameNet and the CORIS resources.

7 Conclusions and Research Perspectives

In this work, we presented the actual state of the
IFrameNet project, which aims at developing a
large-scale lexical resource based on Frame Se-
mantics in Italian. Moreover, we investigated the
applicability of a method for the automatic Induc-
tion of FrameNet Lexical Units to improve the
coverage of the actual resource, in terms of num-
ber of frames assigned to the almost 8,000 existing
lexical entries.

With respect to previous work, i.e., Pennac-
chiotti et al. (2008) we empirically demonstrate
the beneficial impact of neural word embeddings
in the overall workflow in Italian. The robustness



of the adopted model is confirmed also when ap-
plied to a resource with a limited average num-
ber of frames associated to Lexical Units. The ex-
perimental evaluations in many cases showed the
valuable support of the method in discovering new
Lexical Units by suggesting novel evoked frames.
Moreover, the error analysis suggested that most
of the “discarded” frames still entertain various
kinds of relationships with the “correct” ones as
defined in FrameNet, such as Inheritance or Us-
age. In some cases, it also highlighted metaphori-
cal meanings that the lexical entries could assume.

As a future work, we will certainly exploit the
produced IFrameNet Navigator to extend the cur-
rent LU Italian dictionary, support the annotation
of novel sentences and introduce frame-to-frame
relations in Italian. Another path that might worth
investigating is the exploitation of dependency-
based word embeddings for the distributional rep-
resentation of LUs and frames. This may bene-
ficial since dependency-based contexts highlight
more functional similarities (Levy and Goldberg,
2014). Finally, we plan to use the derived frame
distributions to augment existing contextualized
embeddings in support of Frame Induction (Sikos
and Padd, 2019) or Semantic Role Labeling (Shi
and Lin, 2019) tasks.
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Abstract

English. Computational research on men-
tal health disorders from written texts cov-
ers an interdisciplinary area between nat-
ural language processing and psychology.
A crucial aspect of this problem is preven-
tion and early diagnosis, as suicide resulted
from depression being the second leading
cause of death for young adults. In this
work, we focus on methods for detecting
the early onset of depression from social
media texts, in particular from Reddit. To
that end, we explore the eRisk 2018 dataset
and achieve good results with regard to the
state of the art by leveraging topic analysis
and learned confidence scores to guide the
decision process. !

1 Introduction

Mental illnesses are a common problem of our mod-
ern world. More than one in ten people was living
with mental health disorders in 2017 (Ritchie and
Roser, 2018), with women being the most affected.
These disorders affect people’s way of thinking,
mood, emotions, behaviour and their relationships
with others. Most mental illnesses remain undiag-
nosed because of the social stigma around them.

Depression is one of the main causes of disabil-
ity globally 2, it affects people of all ages. Preven-
tion is used to reduce depression and to save the
lives of people at risk of suicide, but prevention
is only limited to raising awareness and programs
to cultivate positive thinking in case of depression
and monitoring people who attempted suicide or
self-harm.

With the rise in social media use, more compu-
tational efforts are made to detect mental illnesses

!Copyright ©2020 for this paper by its authors. Use per-
mitted under Creative Commons License Attribution 4.0 Inter-

national (CC BY 4.0).
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such as depression (De Choudhury et al., 2013)
and PTSD (Coppersmith et al., 2015), but also to
detect misogyny (Anzovino et al., 2018), irony and
sarcasm (Khokhlova et al., 2016) from users’ texts.

People tend to talk more about their emotions
and mental health problems online and to seek sup-
port. The sources of mental health cues used for
detection are Twitter, Facebook, Reddit and forums
(Calvo et al., 2017). Reddit’ is a social media site
very similar to forums. It is organized in subred-
dits with specific topics, some dedicated to mental
health problems. The use of throwaway accounts
to maintain anonymity promotes disclosure, and
users are more likely to share problems they have
not discussed with anyone before. The use of these
accounts makes it difficult for users to receive more
social support because the majority of them are
used only for one post (Calvo et al., 2017).

In this work, we choose to tackle the problem
of detecting early onset of depression from users’
posts on social media, specifically from Reddit. As
such, we explore the eRisk 2018 dataset through
topic analysis by means of Latent Semantic Index-
ing (Deerwester et al., 1990) and learned out-of-
distribution confidence scores (DeVries and Taylor,
2018). Due to the nature of the dataset, we re-
purpose the learned confidence score to make a
decision on whether to label the user as depressed
or non-depressed or to wait for more data, as test
chunks were progressively released every week.

2 Related Work

Recent studies for depression detection from text
are reviewed by Guntuku et al. (Guntuku et al.,
2017). People diagnosed with mental illnesses
from the datasets are identified using screening
surveys, self-reported posts about diagnosis from
social media or by their membership in different
forums related to mental health. The most used fea-

*https://www.reddit.com



tures are topic modelling, n-grams, Linguistic In-
quiry and Word Count (LIWC), emotion and meta-
data. The most used methods are Support Vector
Machines (SVM), Logistic Regression, Random
Forests and Neural Networks.

Coppersmith et al. (2016) show the differences
in emoticons use between suicidal users and con-
trols, neurotypicals using emojis with a much
higher probability than a user before an attempt.
Prior to the suicide attempt, the users at risk tend
to use a more self-focused language, same as the
people diagnosed with depression. The authors
highlight different changes in post emotions before
and after the suicide attempt. Users are also more
likely to talk about suicide after an attempt than
before it.

Sekuli¢ et al. (2018) indicate that users diag-
nosed with bipolar disorders use more first-person
singular pronouns, same as depressed people. They
also use more words associated with emotions;
words associated with positive emotions as well as
words associated with negative emotions explained
by alternating episodes of mania and depression.

Nalabandian el al. (2019) show that depressed
persons tend to use more negative words and a
self-focused language when writing about their in-
teractions with a close romantic partner than when
writing about other people around them. This is
because people experience different symptoms of
mental illness based on their interactions with other
people.

Loveys et al. (Loveys et al., 2018) show the
differences in language use of users with depres-
sion from different cultures to avoid cultural biases.
Even if depression affects people all over the world,
the way they experience and express it is shaped
by their cultural context. Users from some ethnic
groups does not address mental health issues online
as much as the others and this can make the depres-
sion task more difficult. After topic modeling, the
authors show that the words from each topic vary
for each ethnic group, people discussing different
themes relevant to their culture.

For diagnosis before the onset of the mental
health disorders, Eichstaedt et al. (2018) use users’
posts from Facebook to predict a future depression
diagnosis. De Choudhury et al. (2013) use a classi-
fier to predict users’ depression likelihood ahead of
the onset of illness, with different measures used:
language, linguistic style, emotion, ego-network,
demographics and user engagement.

48

We chose to tackle the problem of detecting early
onset of depression from users’ Reddit posts. To
that end, we focus our efforts into processing the
eRisk 2018 dataset (Losada et al., 2018), given its
success at the Workshop for Early Risk Detection
on the Internet* within The Conference and Labs
of the Evaluation Forum (CLEF) and its fruitful
submissions from participants.

The teams from this workshop had different
detection systems, based on bag of words en-
sembles (Trotzek et al., 2018), machine learning
models with hand-crafted features (Trotzek et al.,
2018; Ramiandrisoa et al., 2018; Cacheda et al.,
2018; Ramiirez-Cifuentes and Freire, 2018) or with
different text embeddings (Trotzek et al., 2018;
Ramiandrisoa et al., 2018; Ragheb et al., 2018), on
sentence-level analysis to detect self references and
extract different features (Ortega-Mendoza et al.,
2018), on Latent Dirichlet Allocation (LDA) topic
modelling (Maupomé and Meurs, 2018), models
combining Term Frequency — Inverse Document
Frequency with Convolutional Neural Networks
(Wang et al., 2018) or other machine learning mod-
els. Most systems took the decision after the last
chunk, only a few were able to emit a decision in
the first chunks.

Several works addressing depression (Schwartz
et al., 2014; Resnik et al., 2015) and PTSD (Cop-
persmith et al., 2015; Preotiuc-Pietro et al., 2015)
use a topic modelling approach showing that top-
ics encountered texts have important discriminative
power to make the distinction between persons suf-
fering from mental illnesses and healthy controls.

3 Dataset

Early Risk Detection on the Internet (eRisk) work-
shops organized by CLEF explore the technolo-
gies that can be used for people’s health and safety
and the issues related to building tests collections
(Losada et al., 2018). eRisk 2018 has two tasks,
for early detection of depression and anorexia. We
choose to focus on the task of detecting early onset
of depression of social media users.

This task consists of sequentially processing
chunks of Reddit posts from depressed users and
controls. Submissions from each user are encoded
in an xml file, one subject xml per chunk of data.
Each xml contains the id of the subject and his
posts and comments. Each submission has the post-
ing time and the actual text. If a submission does

‘https://early.irlab.org/



not have a title, it is considered a comment. The
goal is to detect depression as early as possible and
the dataset has to be processed in chronological
order. The test collection of posts from depressed
and non-depressed users is split into 10 chunks. As
training data, the teams had access to data from
eRisk 2017, both train and test. The test chunks
were released one every week. Every week the
teams had to decide whether to label the user as
depressed or non-depressed or to wait for the test
data of the following week.

The dataset contains 125 depressed users and
752 non-depressed users as training data and 79
depressed users and 741 non-depressed users as test
data. The dataset has more posts and comments
from people without depression than from users
diagnosed with depression. From a total of 531,349
submissions, only 49,557 submissions are from
users diagnosed with depression. The average time
from the first to the last submission is between 2
and 3 years, so the posts were collected over a long
period of time (Losada et al., 2018).

4 Method

Our methodology for early diagnosis of depression
follows a classical Natural Language Processing
pipeline. To clean the users’ texts, we transform
them into lowercase, we remove the punctuation
and stopwords, the numbers and URLSs are replaced
with specific tokens and we perform stemming
with Porter Stemmer (Porter, 1980). To reduce
the dimension of the dictionary, we use colloca-
tions (Bouma, 2009) to extract meaningful bigrams
and trigrams.

The number of posts and comments from non-
depressed users is much higher than those from
depressed users. To balance the two classes, we
downsample the majority class to a ratio of 2:1.

We train our Latent Semantic Indexing model
with 128 topics on every users’ post. We use this
model to extract topic modelling embeddings from
users’ texts and use them as input to our fully con-
nected neural network architecture. The neural net-
work has three hidden layers of 512, 256 and 256
neurons respectively, Leaky ReL.U activation and
we use Dropout for regularization. We use a ran-
dom sample of 20% of the training data provided
by the organisers of the competition for validation.

The network has two outputs, one for classifying
if the user is depressed or not and one for confi-
dence estimation. The motivation for using this
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architecture is to learn the confidence (DeVries and
Taylor, 2018) of our predictions and use it to make
a decision on whether to label a user or wait for
the next chunk of data. The learned confidence,
besides its use case in out-of-distribution detection,
can be used as a measure for how much the model
trusts its classification output to be correct. As
such, we consider the classification output only if
the confidence exceeds a certain threshold. As in-
dicated by DeVries et al. (2018), the network loss
is computed by interpolating the predicted prob-
abilities p with the target y, using the computed
confidence score ¢, as follows:

pi=c-pi+(1—cy (D

The final loss is then given by:

M
L == log(p;)y; — Mog(c) 2)
=1

Where, in our case, M = 2, is the number of
classes. The loss includes an additional term that
forces the predicted confidence to be as high as
possible. We performed an ablation study on the
validation data on the confidence penalty .

A recent study by Hein et al. (2019) shows that
neural networks with ReLLU activation functions
tend to be overconfident on incorrectly classified
samples, thus we can not rely only on the output
probabilities, and the predicted confidence offers a
more reliable measure of uncertainty of the classi-
fication.

As the number of submissions seen by the model
increases, we want to make a decision as early
as possible and thus we use a decaying function
that decreases progressively the fixed threshold for
confidence. The decision function is defined as
follows:

Dy(x) = {
(3)

Where z is the embedding for the current user’s
posts, w is the week number (i.e. the current
chunk), s is a scaling factor and 7' is the initial
threshold. We choose T' = 85% and progressively
scale it down to 40%. The scaling factor is com-
puted such that, at the final chunk, the threshold is
less than the smallest confidence encountered on
the training data.

decide forz  if ¢ > T % e—5%*
wait for data otherwise



At the test phase, the proposed model does not
make an independent decision for each chunk of
data in the test set. In the first chunk of data, if
the model is not confident enough to make a final
decision regarding the depressed or non-depressed
status of a user, then, starting with the second chunk
of data, we concatenate the current chunk with the
previously available chunks for the current user.
This way, the LSI model has more data for making
better informed predictions.

5 Results

Our results on eRisk 2018 dataset are presented in
Table 1. Even if F] is a standard evaluation mea-
sure used for imbalanced classification, it does not
include the time component of the early detection
task, thus Losada and Crestani (2016) propose an
evaluation metric better suited for this task, the
Early Risk Detection Error (ERDE).

ERDE is defined as:
cp if d=FP
. Cfn Zf d=FN
ERDEO(CL k) o lCo(k) * Ctp ’Lf d=TP
0 if d=TN

4

The use of false positive (FP), false negative
(FN), true positive (TP) and true negative (TN) for
prediction d is to avoid the classifiers that always
predict the label of the majority class. lc,(k) €
[0, 1] encodes a cost for the delay in detecting TP.
For the eRisk datasets, where the number of nega-
tive labels is greater than positive labels, the value
of ¢y, is 1 and cyy, 18 0.1296, set according to the
proportion of depressed users in eRisk 2017 dataset
(Losada et al., 2018). ¢y, is set to ¢y, because the
late detection of people at risk of depression can
have serious consequences, a late detection is con-
sidered as equivalent to not detecting the depressed
user at all. The late detection of TN cases does not
affect the effectiveness of the system.

The goal of the system is to detect as early as pos-
sible people at risk of depression. For the detection
of non-depressed users, the time of the detection
is not relevant. The latency cost function, which
grows with k (the number of submissions seen by
the algorithm), is defined as:

1
1+ ek—o

o represents the number of posts after which the
cost grows more quickly.

leo(k) =1 (5)
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Method | ERDEs ERDE:so| Fi Prec Rec
Baseline LSI [ 9.98% 829% [ 025 022 029
LSI. A=0.01 [ 14.19% 11.41% | 025 0.15 0.87
LS. A=0.1 | 11.12% 9.09% | 028 020 0.48
LSI. A=0.2 | 1024% 7.74% | 030 0.25 0.38
LSI. A=04 | 11.15% 853% | 025 0.17 047
LS. A=0.6 | 12.67% 10.17% | 025 0.15 0.71
LSI. A=0.8 | 10.53% 8.08% | 030 021 0.56
Funez et | 8.78% 7.39% 0.38 048 0.32
al.(2018)

Trotzek et | 9.50% 6.44% | 0.64 0.64 0.65
al.(2018)

Table 1: Classification results on the detection of
early onset of depression task from eRisk 2018
dataset.

The detection task is difficult, as seen in the low
values of F} and Precision. Howeyver, the task is
to predict early onset of depression, and for that,
the ERDE metrics are more appropriate, as they
are a measure of prediction delay. ERDEs5 metric
is very sensitive to delays, after the first 5 submis-
sions from the user the penalties grow quickly. In
contrast to ERDEs;, for ERDE5( the penalties grow
only after the first 50 submissions from the user.
The difference between ERDE; and ERDE5; is
very important in practice because of the conse-
quences of late detection of depression signs. As
the task suggests, the detection should be made as
early as possible.

To measure the impact of our learned out-of-
distribution confidence from the neural network,
we also trained a plain ReLU network with cross-
entropy loss. For this model, we employed a hard
threshold on the output probabilities for whether to
wait for more data or classify the sample. As shown
by Hein et al. (2019), ReLU networks can be overly
confident on misclassified examples. This is shown
in Table 1: the model has a low EFRD E5 score as
the output probabilities mostly have extreme values,
which means that for most users the model makes
a decision from the first chunk of data.

We trained our model with different A values in
order to see the impact of the confidence compo-
nent on the results. Larger values for A make the
model overly confident, as expected from Equation
2, the best performing model being the one with
A = 0.2. Smaller values of )\ generate a wider
confidence distribution on the training examples,
facilitating the decision process, as extreme values
either make the model overly-confident on every
example, or not confident at all. This is consistent



with findings by DeVries et al. (2018).

In Table 1 we also present the best two submis-
sion from the eRisk 2018 Workshop, the one from
Funez et al. (2018), having the best results for
the ERDE5 metric, and the one from Trotzek et al.
(2018) having the top ERDEj3( score.

We can assume from these results that topics en-
countered in user writings have important discrimi-
natory power. Depressed users mostly write about
different subjects than non-depressed subjects, con-
sistent with results from the work of Resnik et al.
(2015). The writings from users diagnosed with
depression are more focused on their feelings and
their life events. Topics related to those themes con-
tain words such as someone kill, bad though, never
able to get, forever alone, life save, stay sober, i
am sad, still can’t, improve life. new hope, oneself,
tell anything, happy sad, hope one day. Texts from
non-depressed users are found in topics related to
their hobbies containing specific words: black mir-
ror, first season, movie adaptation, hologram, nine
inch nails, jimi hendrix, artist name, vlog, game,
fallout, terra mistica, way to make money, paid
time, really proud, amazon whishlist, food industry,
white bread.

6 Conclusion

In this paper, we use the eRisk 2018 dataset on
Early Detection of Signs of Depression for depres-
sion classification from Reddit posts. Our method
uses Latent Semantic Indexing for topic modelling
and to generate the embeddings used as input for
our neural network, but focuses on using a learned
out-of-distribution confidence score alongside the
classification output to decide whether to label the
user or wait for more data. Besides its initial use
case in out-of-distribution detection, we repurposed
the confidence score as a measure for how much the
model trusts its classification output to be correct.
We showed that, in general, there is a significant
difference in writing topics depending on the users’
mental health, to the extent that it contains enough
information for use in classification.
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Abstract

The Italian Sign Language (LIS) is the
natural language used by the Italian Deaf
community. This paper discusses the ap-
plication of the Universal Dependencies
(UD) format to the syntactic annotation of
a LIS corpus. This investigation aims in
particular at contributing to sign language
research by addressing the challenges that
the visual-manual modality of LIS cre-
ates generally in linguistic annotation and
specifically in segmentation and syntac-
tic analysis. We addressed two case stud-
ies from the storytelling domain first seg-
mented on the ELAN platform, and sec-
ond syntactically annotated using CoNLL-
U format.

1 Introduction and research goals

The Italian Sign Language (LIS) is the natural lan-
guage used by the Italian Deaf community. Signed
languages have been extensively studied in the last
years (Brentari, 2010). From a theoretical point of
view, Signed languages are of interest to the lin-
guistic domain since they are multi-channels nat-
ural languages, where the coexistence of different
articulators (hands, face, lips, posture, feet, etc.) is
the test-bed for the formalization of new linguis-
tic theories or objects (e.g. (Huenerfauth, 2006)).
From a practical point of view, there is a real ne-
cessity to design and realise automatic translators
for Deaf communities (Bragg et al., 2019). We
want to investigate LIS with the same means used
for Vocal Languages (VL) and verify if, in do-
ing so, LIS can be properly represented. In this
context, language-specific strategies and resources
should be developed. The reference framework in
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this work is the Universal Dependencies formal-
ism! (UD), a de facto standard for syntactic anno-
tation.

The main goals of this research are three. The
first goal is theoretical. We want to investigate the
expressiveness of UD tags and its relations with
LIS. Signed languages have peculiar forms of lex-
icons and syntax and we want to experimentally
verify the expressive power of the UD formalism
in representing this richness. The second goal is
theoretical as well. We want to determine the ex-
tent of the similarities and differences in syntactic
constructions between Italian (as reported in the
Italian-UD (Simi et al., 2014)), Swedish Sign Lan-
guage (SSL, as reported in the SSL-UD treebank
(Mesch and Schonstrom, 2018)) and LIS. At the
present moment, the SSL is the only sign language
that has been annotated on UD. The SSL tree-
bank is comprised of 203 sentences taken from the
Swedish Sign Language Corpus (SSLC) (Mesch
and Schonstrom, 2018; Mesch and Wallin, 2015).
Being the only reference for the construction of
a treebank for a sign language, the SSL treebank
was a fundamental resource for the choice of the
direction to follow in the annotation of LIS, par-
ticularly with regard to the first step of the pro-
cess, i.e. the segmentation on ELAN (see section
2.1). The third goal is more practical. We want
to create a UD compliant resource for the syntac-
tic annotation of LIS: the first LIS-UD treebank.
To our knowledge, apart from the domain-specific
bilingual corpus developed in the projects ATLAS
and LIS4ALL on automatic translation (Mazzei et
al., 2013; Geraci et al., 2014; Mazzei, 2015), this
is the first attempt to use dependency relations for
representing LIS syntax.

For building the corpus, we selected two case
studies in the storytelling domain: all of the sen-
tences of two LIS videos, namely the fairy tale
Cappuccetto Rosso (Little Red Riding Hood) and

"https://universaldependencies.org/



the story I tre fratelli (The three brothers, written
by the Italian writer Grazia Deledda), were col-
lected in the novel treebank that, at the moment, is
comprised of 257 dependency trees. While in the
Cappuccetto Rosso story the signer signs the story
without an Italian reference text, in the I tre fratelli
story the signer is translating from a well defined
written Italian text. By using the full original ver-
sion of these stories, we had to face the challenge
represented by unrestricted real data. For instance,
very long and complex sentences were annotated
and translated into LIS.

Considering the intrinsic complexity of the task
and the novelty of the project, in the preliminary
release of data described in this paper we only ad-
dressed some of the features of LIS. For instance,
the location in space of a sign is only annotated
in the portion of analysis carried out on ELAN but
was not transferred in the CoNLL-U files. Further-
more, non-manual elements — which are one of the
fundamental means used by LIS signers to convey
meaning (Volterra, 2004)— are not included in any
annotation layer developed in this project. This
is the result of a lack of a more appropriate an-
notation strategy that is specific to sign languages
within the UD framework, which is originally de-
veloped for the analysis of VLs and, by default,
does not include the possibility to annotate the fea-
tures of a language that go beyond the alphabetical
construction of a word (or gloss, in this case).

The paper is organized as follows. In the Sec-
tion 2, the data collection and the morphologi-
cal and syntactic annotation processes will be de-
scribed. In Section 3, language-specific morpho-
syntactic phenomena are discussed mainly focus-
ing on pointing signs as Highly Iconic Structures
(henceforth HIS). The strategies used to annotate
signs and their dependency relations are justified.
Section 4 concludes the paper by providing some
issue on the future development of the project.

2 Data Annotation

In this Section, we describe the main steps for the
realization of the annotation of the UD-LIS, the
pre-processing, which consists in the analysis with
ELAN, and the application of the tags and rela-
tions of the UD format for the generation of the
CoNLL-U format of each LIS sentence.
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2.1 Analysis on ELAN

Following the same annotation procedure applied
for the SSL treebank (Mesch and Schonstrom,
2018), the ELAN platform was used for the iden-
tification, segmentation and definition of each
sign of our corpus. ELAN (EUDICO Linguistic
Annnotator)? is a computer software initially re-
leased in 2000 by the Max Planck Institute for
Psycholinguistics in the Netherlands. ELAN is
used to annotate audiovisual files manually and
semi-automatically and allows annotators to tag
video material frame by frame with information
arranged on multiple lines that can be defined by
the program itself or personalized by the anno-
tator (Brentari, 2010). It is also a useful tool
in multimodality research since it allows the user
to manually create multimodal annotations, use-
ful for the analysis of sign languages (Wittenburg
et al., 2006). Mesch and Wallin — creators of
the SSL treebank— state that “ELAN allows re-
searchers to provide time-alligned annotations of a
video file on parallel tiers, making it useful for rep-
resenting individual articulators on separate tiers
as they are used simultaneously to produce a sin-
gle sign.”. For these reasons, the software is con-
sidered to be the most used for sign language an-
notation (Branchini et al., 2013). As a result, four
tiers were developed to describe the main qualities
of a sign in this context: segno, luogo, UD POS
Tag, traduzione.

Defining a strategy to gloss the signs included in
the Segno (sign) tier was a challenging task since
the final aim was that of providing unambiguous
and easily retrievable glosses. The rule that is gen-
erally followed when writing down a sign gloss
is to write the translation of the sign as it would
be normally written in the vocal language, but in
capital letters. This writing strategy might cause
ambiguity since different variations of a sign can
be translated with the same gloss. At this stage of
the annotation process, glossing strategies adopted
for LIS and for the SSL treebank were compared,
in order to minimise ambiguity and create a sys-
tem that refers to both languages. The develop-
ers of the SSL treebank started from the SSL cor-
pus that, in turn, referred to the SSL Dictionary
(Ostling et al., 2017). For this reason, it was de-
cided that the most appropriate source for sign
gloss annotation would be a well-established dic-

https://archive.mpi.nl/tla/elan/
download



egli esso lei basso130.1 visol81.2 rosa273.2 egli esso lei barba761.2 nero358.1
loro lui(non-presenti) loro lui(non-presenti)
lui quello231.1 lui quello231.1
PRON ADJ NOUN ADJ PRON NOUN ADJ

Figure 1: Lui ¢ basso ed ha il viso rosa e la barba nera.

Piccolo e roseo, con una gran barba nera incolta.

i0212.3 andarel42.2 nonno366.3 febbre(d)malato823.3

PRON VERB NOUN

ADJ

cena mangiare
pasto pranzo581.3
NOUN

dare91.1+CL(5)
VERB

Figure 2: Io vado a dare da mangiare alla nonna malata.

tionary: the Dizionario bilingue elementare della
Lingua dei Segni Italiana LIS (Radutzky, 1992) in
its digital version, which is considered as the most
easily retrievable and unambiguous collection of
glosses within the context of LIS, including more
than 2500 terms signed by native signers. In this
dictionary, a gloss — made up of a translation of
the sign into Italian and a sequence of numbers—
is associated to each sign. For instance, the LIS
sign for RED is glossed as “rosso.202.17; for signs
not found in the dictionary, glosses are taken from
other resources, such as SpreadTheSign?. In this
case, a translation in caps lock of the sign into Ital-
ian is associated to the code “-STS”, as in the gloss
“NEMICO-STS” (ENEMY). Lastly, if a sign is not
found in any of the mentioned resources, it is au-
tonomously developed with SignWriting (Renzo
et al., 2010) and glossed with the code “SW-", as
was done to gloss the sign TO PUT ON a sleeping
cap: “SW-indossare-cuffia”.

Luogo (location) defines where the sign is artic-
ulated in the signing space and is based on the 16
sign locations identified by Radutzky (Radutzky,
1992) which are parte superiore del capo (up-
per part of the head), faccia (face), occhi (eyes),
naso (nose), orecchie (ears), guancia (cheeks),
bocca (lips), mento (chin), spalla (shoulder), petto
(chest), gomito (elbow), polso (wrist), mano non
dominante (non-dominant hand), tronco inferiore
(waist). The 16th and most used location of a sign
is the Neutral Signing Space that is described by

*https://www.spreadthesign.com/it.it/
search/
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the acronym SN (Spazio Neutro).

UD POS Tag includes the UD Part of Speech
Tag* associated to the sign. A peculiarity of this
tier is that the POS Tag might not correspond to
the form of the sign gloss. For the annotation of
this tier, priority is given to the function of the sign
within the sentence, rather than its gloss. In fact, in
some cases the gloss associated to a sign will not
correspond to the role of the sign in that specific
syntactic context. For instance, the gloss of the
sign POESIA (poesia-STS) suggests that the sign
isa NOUN. Yet, in the [ tre fratelli video, POESIA
plays the role of an adjective. In the sign sequence
POESIA TEMPO, the previously mentioned sign
has the meaning of “tempo poetico” (poetic time).
In this case, the UD POS Tag for the sign POESIA
will be ADJ and not NOUN. This is because pri-
ority was given to the function of the sign within
the sentence, rather than its gloss.

Traduzione (translation) provides a translation
of the LIS sentence into spoken Italian. If the signs
are a direct translation from Italian, as in the [ tre
fratelli video, the information included in this tier
will be a word-for-word transcription of the spo-
ken or written text. If the signer is not translating,
as in the Cappuccetto Rosso video, the informa-
tion included in the tier will be a translation into
Italian that imitates the structure of the sentence in
LIS as closely as possible. This tier was included
to facilitate the understanding of a signed sentence
given that the sequence of sign glosses will look

*nttps://universaldependencies.org/u/
pos/



fragmented. By providing a linear translation into
spoken Italian of each sentence, a non-signer will
be able to have a general understanding of the sen-
tence. Furthermore, as mentioned in the previous
section, POS Tags might not correspond to sign
glosses. Therefore, by providing this translation,
any discrepancies between sign glosses and POS
Tags will be justified.

2.2 Annotation in UD :

The information encoded in ELAN was trans-
ferred in CONLL-U files and split into its ten
columns, except for the LEMMA, DEPS and
MISC columns, where no information is included.
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Sign glosses and UPOS Tags were included re-
spectively in the FORM and UPOS columns,
and coarse-grained tags taken from the Tanl POS
Tagetset® were included in the XPOSTAG col-
umn. Language-specific annotation strategies can
be found in the FEATS column where specific
symbols and labels taken from different sources
were used to provide more information on the pe-
culiarities of a sign or of its production. Based
on SSLC tags (Mesch and Wallin, 2015), sign
types were marked with @b for finger-spelled
signs and @g for gesture-like signs. Redupli-
cated signs were signalled with the feature tag
@RDP=true, adapted from (Mesch and Schon-
strom, 2018). Role shift is marked with RS= fol-
lowed by the symbols ( and ) and the codes 3a, 3b,
1 or 2 which are used to identify the positioning of
the signer in the orthogonal signing space (Pfau et
al., 1987).

Morphological Annotation

2.2.2 Syntactic Annotation

The annotation of the HEAD and DEPREL
columns of the CoNLL-U format is at the very
core of the research. As for the definition of a root
node, the UD standard indicates that, in Italian, the
root is usually a verbal predicate or a noun. If the
verbal predicate is not present due to ellipsis, the
root is moved to the leftmost dependent of the ver-
bal predicate®.

The strategy for finding the syntactic structure
of each sentence consists in looking at Italian
and SSL treebanks, choosing the most appropri-
ate annotation with respect to the specific phe-

5http: //medialab.di.unipi.it/wiki/
Tanl\_POS\_Tagset

*https://universaldependencies.org/it/
dep/root.html
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nomenon to be annotated or the context where it
occurs. For instance, for the annotation of particu-
lar signs we were inspired by the solution adopted
in SSLC (see 2.2.1). Nevertheless, if no annota-
tion is deemed to be adequate, a novel independent
solution that seems most fitting is applied. If a sen-
tence presented a unique combination of signs and
no corresponding or similar dependency relations
were found in these other treebanks, the construc-
tion of the dependency tree was based on an inde-
pendent solution that is compliant with the general
criteria adopted for LIS in the novel treebank.

In the following Section, a small selection of
phenomena encountered in the treebank are de-
scribed.

3 Annotation of Language-specific
Morpho-syntactic Phenomena

In this section we discuss two LIS phenomena,
i.e. pointing signs and repetitions, which we ad-
dressed in the development of the novel resource.

3.1 Pointing signs

In LIS, pointing signs are HIS realized using an
extended index finger and carrying out several
functions. For example, a pointing sign can func-
tion as a pronoun, as a determiner or as an adverb
(Cormier et al., 2013) depending on the context
in which it is performed. They are in all cases
deictics found in PE-clauses’, used to establish a
location in space of a certain referent and create
agreement in space. In the annotation of depen-
dency relations, the second repetition of a deictic
sign with an anaphoric function was either marked
as dependent on the first one, or — as can be seen in
figure 1- as dependent on a noun (viso181.2) that,
in turn, is attached to the root.

Additionally, pointing signs can also be used by
the signer to refer to himself or herself during role
shift, that is, while impersonating a character, as
in Figure 2. A sub-type of pronominal or deter-
miner pointing signs are demonstrative pointing
signs (Cormier et al., 2013, p.232), which could
be compared to Italian demonstrative pronouns.
When a pointing sign was used as an adverb of

"PE-clauses are labelled as such by Branchini and Donati
(Branchini and Donati, 2009). These clauses can be com-
pared to relative clauses in spoken Italian and include a PE-
marker that is a sign “[...] realized manually with the index
finger stretched out and shaken downwards [...]” and is “[...]
coreferential with an NP within the clause, and this corefer-
entiality can be realized through agreement in space”.



imame)

SW-Ii/la  abitare residenza635.1-b  cappuccio664.2 ross0202.1 mamma madre651.3 SW-li/la SW-li/la abitare residenza635.1-b  nonno366.3 su0243.2 SW-Ii/la
VERB PI VERB

ADV ROPN ADJ NOUN

ADV ADV NOUN DET ADV

Figure 3: In una casa abitavano Cappuccetto Rosso e sua mamma, nell’altra abitava sua nonna.

advmod

advmod
(tomod)

molto-STS mal-di-schiena-STS febbre81.3 molto-STS fazzoletto-da-naso-STS molto-STS febbre81.3 molto-STS

ADV NOUN NOUN ADV

ADV NOUN ADV

Figure 4: Mi fa molto male la schiena, ho molta febbre, sono molto raffreddata, ho molta febbre.

location, a specific sign was developed with Sign-
Writing and glossed as SW-Ii/la, as can be seen
in Figure 3. A peculiarity found in sentence 3 is
that the pointing sign with an adverbial function is
reduplicated for each repetition of the verb abitare
residenza635.1-b (TO LIVE), for a total of four
times. To solve the problem that such repetition
could pose in the identification of dependency re-
lations, the four occurrences of the pointing sign
were divided into two branches. The first occur-
rence was marked as dependent on the root verb
and the second as dependent on the first one by
means of the parataxis tag. The same strategy was
used for the third and fourth occurrences, with the
only difference that the third occurrence referred
to the second repetition of the verb.

3.2 Repetition of non-pointing signs

The repetition of non-pointing signs by means of
reduplication can be used to convey that an event
is still ongoing or that is happening several times
(Borstell, 2011). This strategy is used in the Cap-
puccetto Rosso fairy tale to intensify the action and
express that it took place over a long time-span, to
the point of excessiveness. For instance, in one
of the occurrences of the LIS signs CAMMINARE
(TO WALK) and ASPETTARE (TO WAIT), the
signer reduplicated these signs and associated a
facial expression characterized by wide-open eyes
pointing towards the hands.

Another form of repetition of non-pointing
signs occurs in the Cappuccetto Rosso fairy tale.
In this case, the repetition cannot be classified as
reduplication since the sign is not repeated through
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a circular movement (Borstell, 2011), The sign
glossed as molto-STS in Figure 4 was repeated
four times to emphasize the preceding or follow-
ing signs referred to the state of health of the im-
personated character. Due to the intensifying func-
tion of this sign — and the fact that it is found in
a signed sentence on the website SpreadTheSign
where it is translated into Italian as “molto” (very)
— the sign was glossed as molto-STS and conse-
quently marked with the POS Tag ADV in the UP-
OSTAG column of CoNLL-U files. In all occur-
rences of the sign molto-STS where repetition is
not found, the sign is marked as dependent on the
head noun or adjective, see Figure 4.

4 Conclusion

The paper describes the development of the novel
resource LIS-UD, namely a treebank for LIS in the
UD format®. Provided the preliminary stage of the
project, the main aim of this work is to discuss
the issues raised by the annotation in UD of a sign
language. This issue has previously been only par-
tially addressed in one other single project for the
development of the SSL treebank, and so the novel
resource can be the opportunity for better investi-
gating it. Several future directions can be drawn
for the development of our project. In particular,
among these directions, we are planning first of all
to draft a more detailed document about the anno-
tation guidelines. This can help us in checking the
material annotated until now, but also in driving
the work of novel annotators.

8The current version of LIS-UD is available at: https:
//github.com/alexmazzei/LIS-UD
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Abstract

While using machine-translated data for
supervised training can alleviate data
sparseness problems when dealing with
less-resourced languages, it is important
that the source data are not only correctly
translated, but also follow the same anno-
tation scheme and possibly class balance
as the smaller dataset in the target lan-
guage. We therefore present an evaluation
of hate speech detection in Italian using
machine-translated data from English and
comparing three settings, in order to un-
derstand the impact of training size, class
distribution and annotation scheme.'

1 Introduction

The task of detecting hate speech on social me-
dia has been attracting increasing attention due to
the negative effects this phenomenon can have on
online communities and society as a whole. The
development of systems which can effectively de-
tect hate speech has therefore become increasingly
important for academics and tech companies alike.

One of the difficulties of producing accurate
hate speech detection systems is the need for large,
high-quality datasets, the creation of which is time
and resource-consuming. English can count on the
highest number of hate speech detection datasets,
as well as the ones with the largest sizes, with
up to 150k posts for a single dataset (Gomez et
al., 2020). Other languages such as Italian, on
the other hand, can count on fewer datasets which
tend to be smaller (Vidgen and Derczynski, 2020).
Given that machine learning methods are typically
used for this task, the use of small datasets can
lead to overfitting problems due to the lack of lin-

guistic variation (Vidgen and Derczynski, 2020).

! Copyright (©2020 for this paper by its authors. Use per-
mitted under Creative Commons License Attribution 4.0 In-
ternational (CC BY 4.0).
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One possible solution to alleviate data sparseness
is the use of machine translated data from English
to less resourced languages for training classifiers,
exploiting the large amount of data available for
English. This has already been used in the con-
text of hate speech detection (Sohn and Lee, 2019;
Casula et al., 2020) but results have not been con-
sistent across languages.

An additional issue is the fact that there is no
shared fixed definition within the NLP community
of what type of language constitutes hate speech.
Indeed, there are typically large differences among
hate speech and abusive language datasets in terms
of annotation frameworks and their applications
in practice (Caselli et al., 2020). In addition to
this, there can be large variations between datasets
in terms of size and class balance. Possible is-
sues affecting the behaviour of classifiers trained
on machine-translated data, such as different class
distribution in source and target language, or dif-
ferent annotation scheme, have not been analysed.

In order to fill this gap, we explore the impact of
these differences between datasets when perform-
ing hate speech detection in Italian using machine-
translated data from English. Our goal is to ad-
dress the three following questions:

e What performance can we expect by us-
ing only machine translated data, given that
translation quality for social media language
may be problematic?

e [s it better to use a larger translated set for
training, even by merging slightly different
classes, or a smaller, more precise one?

e What is the impact of class imbalance, and to
what extent can undersampling be effective?

The above questions are addressed by compar-
ing three experimental settings that are described
in Section 4 and evaluated in Section 5.



2 Related Work

In recent years, the number of research works fo-
cused on the detection of hate speech on social me-
dia has remarkably increased, mostly due to the
growing awareness regarding the societal impact
these platforms can have.

Computational methods for detecting the pres-
ence of hate speech on the web have become nec-
essary due to the extremely large amounts of user-
generated content being posted each day. These
methods typically rely on supervised learning, in
the form of both traditional machine learning (e.g.
support vector classifiers) and deep learning ap-
proaches (Schmidt and Wiegand, 2017). Given
the increased attention towards this topic, more
and more shared tasks regarding hate speech and
abusive language detection have emerged, such
as the HaSpeeDe task at Evalita 2018 (Bosco et
al., 2018), OffensEval (Zampieri et al., 2019) and
HatEval (Basile et al., 2019) at SemEval 2019,
and the multilingual OffensEval at SemEval 2020
(Zampieri et al., 2020).

Systems based on Transformers architectures
such as BERT (Devlin et al., 2019) have proven
effective for hate speech detection and classifica-
tion in both English (Zampieri et al., 2019) and
Italian (Polignano et al., 2019a). These systems
are generally pre-trained on large unlabeled cor-
pora through two self-supervised tasks (next sen-
tence prediction and masked language modeling)
to create language models which can then be fine-
tuned to a variety of downstream tasks using la-
beled data.

AIBERTo (Polignano et al., 2019b) is a BERT-
based system which was pre-trained on Italian
Twitter data, and it currently defines the state of
the art for hate speech detection in Italian (Polig-
nano et al., 2019a).

Recently, more attention has been directed to-
wards the quality of hate and abuse detection sys-
tems. Vidgen et al. (2019) investigate the flaws
presented by most abusive language detection
datasets in circulation: they can contain systematic
biases towards certain types and targets of abuse,
they are subject to degradation over time, they typ-
ically present very low inter-annotator agreement,
and they can vary greatly with respect to quality,
size, and class balance. Vidgen and Derczynski
(2020) further analyse the role of datasets in the
detection of abuse, addressing issues such as the
use of different task descriptions and annotation
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schemes across corpora, as well as similar annota-
tion schemes being applied in different ways.

3 Data

Since tweets containing hate speech or abusive
language constitute a very small subset (between
0.1% and 3% depending on the label used) of all
tweets being posted (Founta et al., 2018), ran-
dom samples are generally not used for annota-
tion, because the final datasets would contain an
extremely low number of positive class examples,
which would make classification difficult. The
typical solution to this is to preselect posts that
are likely to contain hateful language by search-
ing for specific hate-related keywords. While this
method is effective for gathering more instances of
hate speech, it can make datasets biased, which is
a main issue in hate speech datasets (Wiegand et
al., 2019).

The dataset we chose for training our system is
described in Founta et al. (2018). This dataset was
not created starting from a set of predefined of-
fensive terms or hashtags in order to reduce bias,
which was an important factor in our choice. The
method used by Founta et al. (2018) to increase
the percentage of hateful/abusive tweets is boosted
random sampling, in which a portion of the dataset
is “boosted” with tweets that are more likely to be-
long in the minority classes. The boosted set of
tweets is created using text analysis and machine
learning (Founta et al., 2018).

The dataset was annotated through crowdsourc-
ing using the labels hateful, abusive, spam, and
normal. The definition of hate speech given by
Founta et al. (2018) to the annotators, based on
existing literature on the topic, is:

Hate Speech: Language used to express
hatred towards a targeted individual or
group, or is intended to be derogatory,
to humiliate, or to insult the members
of the group, on the basis of attributes
such as race, religion, ethnic origin, sex-
ual orientation, disability, or gender.

The abusive label, on the other hand, is the re-
sult of three separate labels (abusive, offensive,
and aggressive) being combined. In preliminary
annotation rounds, Founta et al. (2018) found that
these three labels were significantly correlated, so
they grouped them together. The definition of abu-
sive language given to the annotators is:



Abusive Language: Any strongly im-
polite, rude or hurtful language using
profanity, that can show a debasement of
someone or something, or show intense
emotion.

While the Founta et al. (2018) dataset was orig-
inally comprised of 80k tweets, Twitter datasets
can often be subject to degradation due to tweets
being removed over time and not accessible any-
more through tweet IDs (Vidgen et al., 2019). Af-
ter retrieving all available tweets and after remov-
ing tweets annotated as spam, the total number
of tweets we use for training is 12,379, of which
727 are annotated as hateful and 1,792 as abusive.
Before translating the data into Italian, we pre-
process it using the Ekphrasis tool ? to tokenise the
text and normalise user mentions, URLs (replaced
by <user> and <url> respectively), as well as
numbers, which are substituted with a number
tag. We then use the Google Translate API to
translate the data into Italian, in order to use it as
training data for our classifier.

For testing, we use the test portion of the Twit-
ter dataset used in the Hate Speech Detection
(HaSpeeDe) task at Evalita 2018 (Bosco et al.,,
2018), consisting of 1,000 Italian tweets manu-
ally annotated for hate speech against immigrants.
This dataset is a simplified version of the dataset
described in (Sanguinetti et al., 2018), in which
more fine-grained labels are used.

4 Experimental Setup

We experiment with the fine-tuning of AIBERTo
(Polignano et al., 2019b), a BERT-based language
model pre-trained on Italian Twitter data, using
data that was automatically translated from En-
glish. This model has achieved state-of-the-art re-
sults when fine-tuned on the training data from the
HaSpeeDe task at Evalita 2018 (Polignano et al.,
2019a).

Our goal is that of exploring the impact of dif-
ferent annotation schemes and class balance when
using machine-translated data for hate speech de-
tection. Indeed, merging fine-grained classes into
coarser ones has been a common and accepted
practice when creating larger training sets from a
smaller one (e.g. Founta et al. (2019)). This step
has been performed also to compare classification
in different languages (Corazza et al., 2020).

2https://github.com/cbaziotis/ekphrasis

In order to investigate this, we compare three
different experimental settings. In the first one,
we fine-tune AIBERTo on the translated tweets
in Founta et al. (2018) after merging the hate-
ful and abusive classes together, mapping them
to a single hateful class as required by the bi-
nary classification task at Evalita 2018. In a sec-
ond setting, AIBERTo is fine-tuned on the hate-
ful class alone, discarding all tweets annotated as
abusive in Founta et al. (2018). We hypothesize
this setting may perform better when tested on the
HaSpeeDe data, given the higher similarity in an-
notation framework.

Simply removing tweets annotated as abusive,
however, can throw off the balance between
classes. More specifically, when training the sys-
tem on both abusive and hateful tweets the hate-
ful+abusive class constitutes about 20% of our
data, while when we only use tweets annotated
as hateful this percentage drops to 7%, potentially
affecting classification results. In particular, the
data we use for testing has a different class bal-
ance, with 30% of tweets marked as hateful. In
order to assess the impact of class imbalance on
our results, we further evaluate each setting using
undersampling (Kubat, 2000; Sun et al., 2009), a
technique typically used for imbalanced classifi-
cation, in which we reduce the number of tweets
belonging to the majority class, so that the overall
percentage of tweets containing hate increases.

Given that undersampling our data reduces the
total size of tweets available for training, the re-
sulting datasets for each annotation scheme con-
siderably differ in size. We therefore consider a
third setting, in which we use further random un-
dersampling (Kubat, 2000; Sun et al., 2009) to
match the larger dataset (hateful+abusive) with the
smaller one (hateful only), so that the two annota-
tions can be effectively compared in a setting with
equal class balance and sample size.

In summary, the three data settings we train our
system on are:

1. Hateful and abusive tweets, using undersam-
pling to progressively lower class imbalance;

2. Hateful only tweets, again using undersam-
pling to progressively lower class imbalance;

3. Hateful and abusive tweets, both using un-
dersampling to progressively lower class im-
balance as in the previous settings, and using



further random undersampling to match the
low sample sizes of setting 2.

Our AIBERTo fine-tuning architecture consists
of a pooling layer for extracting the AIBERTo hid-
den representation for each sequence, followed
by a dropout layer (dropout rate 0.2), two dense
layers of size 768 and 128 and, finally, a soft-
max layer. We use L2 regularization (A=0.01),
Adam optimizer (2e-5 learning rate), and categor-
ical cross-entropy loss. We train the system for 5
epochs with batch size 32.

5 Results and Discussion

We measure the classification results using both
macro-F1 score and minority class F1 score. We
repeat each run five times in order to compensate
for random initialization, and we report the aver-
age scores of these runs.

5.1 Setting 1: Hateful + Abusive Tweets

The classification results obtained when fine-
tuning AIBERTo on both abusive and hateful
tweets combined can be observed in Table 1.

Setting 1: Hateful + abusive

% hate | Size (tweets) | Macro-F1 | Hate class F1
20% 12,379 0.40 0
30% 8,397 0.64 0.52
40% 6,298 0.63 0.57

Table 1: Scores obtained when fine-tuning Al-
BERTo on both hateful and abusive tweets.

The class balance of the dataset prior to un-
dersampling is 20% hateful + abusive tweets and
80% non-hateful, which amounts to 12,379 tweets
total. With this class balance, the system per-
forms the worst, classifying every tweet as be-
longing to the majority non-hateful class. On the
other hand, with a higher percentage of minor-
ity class instances, the classification results im-
prove, in spite of the considerably smaller amount
of training data available. These results suggest
that consistency in class balance can play a bigger
role than training data size in classification results
in this context.

5.2 Setting 2: Hateful Only Tweets

The performance of the system when fine-tuned on
tweets labeled as hateful only is reported in Table
2. As previously mentioned, only 7% of tweets
in the dataset we use are labeled as hateful. The
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classes are therefore extremely imbalanced before
undersampling. Predictably, with the classes be-
ing this imbalanced, the system identifies all test
instances as belonging to the majority class. This
again happens with the minority class comprising
20% of the training data.

Setting 2: Hateful only

% hate | Size (tweets) | Macro-F1 | Hate class F1
T% 10,587 0.40 0
20% 3,635 0.40 0
30% 2,423 0.65 0.54
40% 1,818 0.52 0.56

Table 2: Scores obtained when fine-tuning Al-
BERTo on tweets labeled as hateful only.

Similarly to Setting 1, the best classification
performance in this case is achieved with 30% of
minority class tweets. Interestingly, the best per-
formance is comparable to the one obtained in Set-
ting 1, even though in this case the number of
training samples available is much lower, suggest-
ing that more task-specific training instances can
impact performance. We can note a difference
with the minority class at 40% of total data, in
which the performance drops in terms of macro-F1
score, likely due to the very small number of sam-
ples available for training and the consequent lack
of linguistic variation. The hate class F1 score,
however, remains stable.

State-of-the-art results obtained by fine-tuning
AIBERTo on the same Evalita dataset as reported
in Polignano et al. (2019a) reach 0.80 macro-F1
and 0.73 F1 on the hate class, which we can con-
sider an upper-bound for our task, obtained in
a fully-supervised monolingual setting. On the
other hand, the most frequent label baseline is
0.40 macro-F1, which is clearly outperformed us-
ing only machine-translated data.

5.3 Setting 3: Hateful + Abusive Tweets
(Random Undersampling)

Since there are large differences in size between
the hateful+abusive annotation and the hateful-
only annotation, we randomly undersample the
hateful+abusive training data so that it matches the
size of the hateful-only training data, in order to
allow us to effectively compare the impact of each
annotation framework on our results. The classifi-
cation performance is reported in Table 3.

If we compare the results of Setting 3 with
those of Setting 2, it is clear that using more task-



Setting 3: Hateful + abusive (random undersampling)

% hate | Size (tweets) | Macro-F1 | Hate class F1
30% 2,423 0.58 0.38
40% 1,818 0.59 0.51

Table 3: Scores obtained when fine-tuning Al-
BERTo on tweets labeled as hateful and abusive,
after random undersampling.

specific data, in this case hateful-only tweets, can
lead to a larger improvement in performance when
the amount of training data is the same. This sug-
gests that consistency in annotation between train-
ing and test data can have a positive impact on
classification, although it is not fundamental to
help classification of hate speech detection with
machine translated data. In fact, other aspects such
as class balance can also play an important role.

5.4 Qualitative Analysis

Another aspect affecting classification, which we
have not considered so far, is the quality of ma-
chine translation, a particularly challenging task
on social media data (Michel and Neubig, 2018).
In order to assess the impact of translation qual-
ity on our results, two annotators with linguistic
background manually analysed 500 samples from
the training data, consisting of 300 tweets anno-
tated as normal, 100 as hateful, and 100 as abu-
sive. Each annotator checked manually 250 ran-
dom tweets from this sample. Translation qual-
ity was evaluated using the semantic adequacy an-
notation scheme proposed in Dorr et al. (2011,
p- 807). Annotations are judged on a scale be-
tween -3 and 3, with scores below 0 for inadequate
translations and above O for adequate ones. The
averaged annotations for each class are reported in
Table 4.

Hateful
0.527

Overall
0.368

Abusive
-0.043

Normal
0.438

| Average

Table 4: Average translation quality scores.

Overall, translations tend towards adequacy, but
the average scores are below 1 for all classes.
Interestingly, tweets annotated as abusive show
poorer translation quality than other classes. This
could help explain the small differences in classi-
fication performance between our experiments.

A major role is played in this context by profan-
ities, which are often used to offend a target but
can also appear in non derogatory messages ex-
changed among members of the same community
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(Pamungkas et al., 2020). In the case of abusive
tweets, we observe that the offenses are less direct
and therefore slurs tend to be translated poorly.
See for example the following sentence, which
is labeled as abusive in the Founta et al. (2018)
dataset:

(1) use that ugly ass design [...]
utilizzare quel disegno asino brutto [...]
use that design donkey ugly [...]

Here, “ass” is translated with “asino” (“‘don-
key”), effectively removing the profanity in the
translated tweet and changing completely the
meaning of the message.

On the other hand, when profanities are used
in a more direct way, or when they are expressed
through unambiguous words such as “idiot” and
“stupid”, they tend to be translated correctly, con-
tributing to a correct classification. Example 2
shows a hateful tweet which was translated almost
correctly, retaining its offensiveness in the target
language.

(2) what happens when you put idiots in charge
cosa succede quando si mette idioti in carica

6 Conclusions

In this paper we analysed the impact of machine-
translated data on Italian hate speech detection in
a zero-shot setting. Our experiments show that
when using machine-translated data for training
it is possible to learn a classification model that
clearly outperforms the most-frequent baseline,
even if translation quality is affected by the jar-
gon used in social media data. We found that
using more task-specific data can have a positive
impact on classification performance even with
lower sample sizes compared to larger, less tar-
geted datasets.

Consistency in class distribution of training and
test data can have a bigger impact than the size of
the training set, or the annotation scheme. Indeed,
using only the original training set translated into
Italian, without undersampling, classification per-
formance would be poor.

In the future, we plan to extend this kind of eval-
uation to new language pairs and new datasets, to
check whether the findings obtained on the En-
glish — Italian pair are confirmed also with other
languages.
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Abstract

English. This paper' presents the early
stages of the development of a new tree-
bank containing all of Dante Alighieri’s
Latin works. In particular, it describes the
conversion of the original TEI-XML files to
CoNLL-U, the creation of a gold standard,
the process of training four annotators and
the evaluation of the syntactic annotation
in terms of inter-annotator agreement and
LA, UAS and LAS. The aim is to release
a new resource, in view of the celebrations
for the 700th anniversary of Dante’s death,
which can support the development of the
Vocabolario Dantesco.

1 Introduction

The research field of treebanking (i. e. the build-
ing of corpora enhanced with syntactic metadata)
has evolved substantially since the time when
the first large-scale syntactically annotated cor-
pus, the Penn Treebank for English, was pub-
lished between the late Eighties and the early
Nineties (Taylor et al., 2003). Across the last
two decades, the range of languages for which
a treebank is available has increased consider-
ably. The grammar framework behind the most
widespread annotation style currently used in tree-
banking has also changed: treebanks annotated
according to various styles of dependency gram-
mars have been increasingly outnumbering those
based on constituency (or phrase-structure) gram-
mars, as demonstrated by the current status of the
Universal Dependencies initiative (UD) contain-
ing more than 160 treebanks and 90 languages
which follow the same, dependency-based, anno-
tation style (Nivre et al., 2016).

! Copyright (©2020 for this paper by its authors. Use per-
mitted under Creative Commons License Attribution 4.0 In-
ternational (CC BY 4.0).
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The set of textual genres covered by currently
available treebanks is quite diverse. While the first
corpora were built mostly collecting texts from
news, the last decade has seen a substantial growth
of treebanks of different genres, including literary
texts, mostly written in ancient or historical lan-
guages.> The first available treebanks for ancient
languages were those for Ancient Greek and/or
Latin, namely the Index Thomisticus Treebank (1T-
TB) (Passarotti, 2019) and the Ancient Greek and
Latin Dependency Treebank from the Perseus dig-
ital library (Bamman and Crane, 2011). With re-
gard to Latin, the available treebanks in UD cover
just a minimal subset of the Latin texts that have
survived the centuries and which show a wide di-
versity, mostly due to Latin’s lingua franca role
played all over Europe up until the 1800s (Leon-
hardt, 2009). So far, the treebanks for Latin in-
clude only portions of the Classical and Late Latin
canon of texts (Perseus and PROIEL (Eckhoff et
al., 2018)), a set of Early Medieval charters from
Tuscia (Late Latin Charter Treebank (Korkiakan-
gas and Passarotti, 2011; Cecchini et al., 2020))
and a selection of Late Medieval philosophical-
theological texts by Thomas Aquinas (IT-TB), for
a total of more than 800 000 nodes.

Among the many Latin texts that still lack syn-
tactic annotation are those by Dante Alighieri
(1265-1321). Given the importance of Dante in
the history of Italian literature (and beyond) and
in the light of the celebrations for the upcoming
700th anniversary of his death, we have started
a project (called UDante) aimed at performing a
UD-compliant syntactic annotation of all his Latin
texts. The syntactic annotation of Dante’s opera
omnia in Latin fits into the larger project of the
Vocabolario Dantesco, which aspires to provide a
detailed description of the entire (both Vulgar and

Examples among the UD treebanks are the Kyoto tree-
bank of Classical Chinese (Yasuoka, 2019) and the Scripto-
rium treebank of Coptic (Zeldes and Abrams, 2018).



Latin) lexicon of Dante Alighieri.? Indeed, during
the composition of entries for the vocabulary, lexi-
cographers will benefit from having the possibility
to run syntactic queries on Dante’s works.

The choice of using the UD formalism in the
UDante project is motivated by a number of ben-
efits implied by the inclusion of a new set of an-
notated texts into such a large collection of tree-
banks sharing the same annotation style, among
others the use of the several tools developed by
the UD community with the goal of querying, edit-
ing, visualizing and (automatically) processing the
(meta)data of the treebanks.* Particularly, a re-
markable added value is the possibility to run com-
mon queries on the almost 100 different languages
provided with at least one treebank in the current
version of UD (v2.6, released on May 15th, 2020).
Furthermore, adopting a well known and widely
used data format (CoNLL-U) and part-of-speech
tagset (UPOS) fosters the dissemination and use of
a treebank of Dante’s Latin works in the commu-
nity of computational linguistics, laying the foun-
dation for a closer collaboration with that of Ital-
ian phylology and, more generally, with scholars
in the Humanities, leading to a mutual benefit.

This paper presents the process behind the de-
velopment of the manually annotated UD tree-
bank containing the full collection of Latin works
of Dante Alighieri. More specifically, we de-
scribe the conversion of the original TEI-XML files
into the CoNLL-U format, we give details on
the creation of a gold standard® and we report
on the training of four annotators with no previ-
ous knowledge of the UD formalism, providing an
evaluation of their annotation work.

2 Treebank Development

The texts of the Latin works by Dante Alighieri
(De monarchia, De vulgari eloquentia, Eclogues,
Epistulae and Quaestio de aqua et terra) are made
available by the DanteSearch corpus (Tavoni,
2012).5 All texts come already manually lem-
matised and morphologically tagged by a team
of young scholars at the University of Pisa, and
are encoded in TEI-XML.” The original files are

http://www.vocabolariodantesco.it

“See the website of UD for the list of tools: https://
universaldependencies.org.

Shttps://github.com/CIRCSE/UDante.

*https://dantesearch.dantenetwork.it

"The DanteSearch corpus also contains the Vulgar works
by Dante Alighieri that were used to develop a part-of-speech
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converted into the CONLL-U format® and then re-
vised and syntactically annotated using ConlluEd-
itor (Heinecke, 2019).

2.1 From TEI-XML to CoNLL-U

We implement an own developed script to auto-
matically convert the TEI-XML files of the Dan-
teSearch corpus into the CoNLL-U format. First
of all, the script analyses the XML tag structure
to identify the internal organisation of the text
(i. e. the division of the work in books, chapters
etc.): this information is stored in the MISC field
so as to facilitate the recoverability of the original
structure of the text starting from the CoNLL-U
file. Then, sentences are split and the tag <LM>,
which for each token contains morphological in-
formation, is parsed in order to extract lemma, part
of speech and morphological traits, and to convert
the codes used in DanteSearch into UPOS tags’
(originally inspired by (Petrov et al., 2012)) and
UD features respectively. An example is:

<LM lemma="resono"
catg="valcis3">resonaret</LM>

In particular, the part-of-speech tag and the
morphological traits are derived from the values
of the catg attribute, while those fields of the
CoNLL-U format dedicated to syntactic informa-
tion are filled with underscores () and left for
manual annotation. The conversion of catg at-
tribute is challenging, because the string-type val-
ues of its slots do not follow a fixed-position strat-
egy, thus the string ends up having a variable
length, and the same morphological trait can oc-
cupy different positions according to the given part
of speech. In general, UD requires a more fine-
grained annotation of morphological traits com-
pared to the one originally provided by the Dante-
Search corpus. For example, the value valcis3
of resonaret (active imperfect subjunctive third-
person singular of resono ‘to resound’) is con-
verted into the UD formalism as follows:

v — VERB
a — Voilce=Act

tagger for XIIIth century Italian by means of TreeTagger and
the Stanford POS tagger (Basile and Sangati, 2016).
8https://universaldependencies.org/
format.html
‘https://universaldependencies.org/u/
pos/index.html



1 — VerbClass=Latall

ci > Aspect=Imp|Mood=Sub|Tense=Past
| VerbForm=Fin

S — Number=Sing

3 — Person=3

Ad hoc rules are added to cover specific cases. For
example, in DanteSearch the lemma prius ‘before’
is marked only with the grammatical category r: a
rule converts r into the UPOS tag ADV and adds the
morphological feature Degree=Cmp (compara-
tive degree).

Annotators, in addition to annotating syntax from
scratch, have to check the correctness of the auto-
matic conversion and to manually modify or add
items not covered by it. For example, annotators
have to: (i) modify the grammatical category of
population names (such as Veronenses ‘inhabitants
of Verona’), which are marked as proper names
in DanteSearch, contrary to UD recommendations,
for which they should be considered as adjec-
tives;!'! (ii) check the ambiguous case of some pro-
nouns in the neutral gender which in DanteSearch
have mistakenly been marked as nominative in-
stead of accusative (e. g. quod ‘that’), or viceversa;
(iii) disambiguate the PronType feature in the
case it has more than one value: this happens be-
cause the types of pronouns in DanteSearch can-
not always be matched to only one PronType
value (e. g. quis ‘who/any’, interrogative or indefi-
nite).

2.2 Gold Standard Creation

An important part of the UDante project consists
in training a group of annotators on the formalism
of UD with the goal of providing them with ade-
quate competences to pursue the complete syntac-
tic annotation of Dante’s works. To this aim, for
each of the two parts of our training (Section 2.3)
a small number of sentences is singled out from all
across Dante’s Latin texts to be used as a common
(first part) or individual (second part) benchmark
for the assessment of the annotators’ progress.
The first part of the training makes use of 33
sentences out of the total 1662 (corresponding to

"We add VerbClass as a language-specific feature to
encode traditional verb conjugations. The value LatA indi-
cates the first conjugation, which has thematic vowel ‘a’.

" From https://universaldependencies.
org/u/pos/ADJ.html: “ADJ is also used for ‘proper
adjectives’ such as European ( ‘proper’ as in proper nouns,
i.e., words that are derived from names but are adjectives
rather than nouns).”
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950 tokens out of 55666). These sentences are
not chosen to be consecutive, nor do they follow
a particular order, but they are allocated into three
different groups of increasing complexity, corre-
sponding to the three distinct phases of this part
of the training. The distribution is of 15 sentences
in the first, introductory group, 5 in the second,
intermediate group and 10 in the third, more chal-
lenging group. The first two groups are rather ho-
mogeneous and mostly draw from the De vulgari
eloquentia , while in the third one each work is
represented by 2 sentences, and the Eclogues are
featured only here.

The differences in complexity can be under-
stood in terms of number of nodes, depth, and
breadth of the resulting syntactic trees. While a
sentence of the first group has a median number
of 11 nodes, a median depth of 4 layers and most
nodes (not counting the root) tend to be at depth
ca. 3, for the second group the same figures are re-
spectively 42, 7 and ca. 4; for the third group they
are 46.5, 7.5 and ca.4.5. The difference is espe-
cially marked between the first group and the other
two. Besides such quantitative factors, other more
qualitative ones, like difficult syntactic structures,
contribute to the overall complexity.

As for the second part of our training, which
consists of only one phase, textual cohesion sub-
stitutes increasing complexity as the main selec-
tion criterion: as such, each annotator is assigned,
from the work they will respectively take care of,
the first 10 sentences which have not been previ-
ously annotated. The complexity of the single sen-
tences is thus more variable in this phase, but still
well represents the whole corpus. In particular, we
use sentences 1-4 and 7-12 from book 1 of the De
monarchia, sentences 4-5 and 7-14 from book I
of the De vulgari eloquentia, sentences 1-10 from
the first of Dante’s Eclogues, and 1-10 from Epis-
tle VII of the Epistulae. The Quaestio de aqua et
terra, of uncertain authorship, is not assigned to
any annotator at the moment.

All the selected sentences are priorly syntacti-
cally annotated by hand by a UD expert apply-
ing language-specific features and subrelations de-
veloped for Latin, while lemmas, parts of speech
and morphological traits are corrected or enhanced
where needed with respect to the CoNLL-U con-
version (see Section 2.1). This way, on the one
hand a tripartite, scaled gold standard is created
for common evaluation, while on the other hand



each annotator will be tested on an individual gold
standard in the last phase (Section 2.4).

2.3 Tripartite Training Process and Control

The training of the annotators (all with no back-
ground in treebanking, but provided with a solid
knowledge of Dante’s works and academic back-
ground in Latin and Italian philology) is split
into two main parts: three “training proper”
phases (phase 1 to 3), and one further “control”
phase (phase 4).

The first part is meant to lay out a common
training ground where the annotators can learn the
specifics of the UD annotational scheme, and their
progress is overseen and periodically reviewed to
prompt improvements. In the first phase, the ba-
sics of the UD formalism are presented, and the
annotators are required to manually annotate a first
group of sentences as a way to evaluate their un-
derstanding of the UD principles.!? In the second
and third phases, various aspects of the performed
annotation get to be discussed and more complex
syntactic structures are introduced, each time as-
signing new, more challenging sentences for an
overall evaluation of the annotator’s performance
and their inter-annotator agreement (see Section
2.2). At every step, the focus is primarily on the
syntactic level, since most aspects regarding lem-
matisation, parts of speech and morphology are
already mostly dealt with during the conversion
phase (Section 2.1).

In contrast to the first three phases, the last,
control phase is carried out individually for each
annotator on separate sets of sentences (see Sec-
tion 2.2), as a prelude to their actual annotation
work.

Phase 1 | Phase 2 | Phase 3
EDGES 80% 83% 79%
DEPRELSs 84% 92% 91%

Table 1: Inter-annotator agreement.

2.4 Evaluation and Analysis

Table 1 reports the overall inter-annotator agree-
ment (IAA) for each of the first three phases in
terms of Fleiss’ kappa,'? with regard to the struc-

Zhttps://universaldependencies.org/
guidelines.html

BOur script for calcuating IAA on CoNLL-U files is avail-
able at https://github.com/johnnymoretti/
CoNLL-U_Fleiss_Kappa.
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ture of syntactic trees (EDGES) and the choice
of dependency relations (DEPRELs), whereas in
Table 2 the correctness of the annotator’s analy-
ses are compared for all phases to the gold stan-
dard according to label accuracy (LA), unlabelled
attachment score (UAS) and labelled attachment
score (LAS) (Buchholz and Marsi, 2006). Ta-
ble 3 presents the macro-average F-measure on
the assignment of dependency relations,'* again
for all four phases. Both these scores and
the TAA are computed over basic relations only,
i.e. disregarding any subrelation (e. g., the depen-
dency relations obl, obl:agent and obl:arg
all count as ob1) so we can focus on the syntac-
tic soundness of the annotations, since more spe-
cific subrelations are often related to secondary
language-specific, lexical and semantic factors.

For what concerns the IAA, the scores are
rather good (always >75%) and, together with the
equally positive scores in Table 2, show that the
basic principles of UD have been uniformly ac-
quired by all the annotators during the first part
of the training, especially the UD scheme of de-
pendency relations. In general, going from phase
1 to phase 3, we notice that all scores are quite
stable, and we only observe a slight decrease
of the EDGES score in phase 3 which mirrors
the noteworthy complexity of the corresponding
test sentences (see Section 2.2); the same gen-
eral decrease shown in Table 2. However, this
is more than compensated by generally markedly
improved scores for all annotators in phase 4: tak-
ing into account the greater variability in sentence
complexity, these data show that all annotators
have reached a good degree of confidence both
with UD’s syntactic formalism and with the spe-
cific annotation guidelines developed for Latin,
which have been constantly updated during this
project.

In particular, if we consider only the labelling
of single nodes (LA), we register a decided mean
improvement in the last phase (89% vs. 79.75%),
showing that the annotators have factually im-
proved their assessment of syntactic dependency
relations. A similar trend for IAA in the first three
phases and quite close scores in Table 3 point to
the fact that those cases where annotators disagree
are also those for which they have greater uncer-
tainties at the syntactic level; this leads us to con-

“Metrics calculated with MaltEval (Nilsson and Nivre,
2008).



Phase 1 Phase 2 Phase 3 Phase 4
LA | UAS | LAS | LA | UAS | LAS | LA | UAS | LAS | LA | UAS | LAS
Annl | 91% | 96% | 87% | 89% | 80% | 75% | 82% | 70% | 63% | 87% | 78% | 713%
Ann2 | 72% | 65% | 54% | 87% | 77% | 7T0% | 83% | 75% | 69% | 91% | 91% | 85%
Ann3 | 78% | 83% | 72% | 86% | 84% | 78% | 83% | 76% | 710% | 92% | 87% | 82%
Annd | 78% | 83% | 72% | 86% | 84% | 78% | 79% | 76% | 68% | 86% | 85% | 77%
Table 2: Annotators’ performances versus gold standard.
Phase 1 | Phase 2 | Phase 3 | Phase 4 improved performances also for UAS and LAS, dis-
F F F F playing the good level of assurance reached by the
Annl 86% 80% 71% 70% annotators at all levels of annotation.
Ann2 54% 69% 73% 86%
Ann3 | 69% 70% 72% 72% 3 Conclusion and Future Work
Annd 69% 70% 60% 67% In this paper, we describe the preliminary steps
Table 3: Macro-average F-measure on depen- towards the creation of a UD-compliant treebank

dency relations with respect to the gold standard.

clude that most errors might stem from the same
sources. In particular, while basic core relations,
especially for nominals (nsubj, ob7j), and the
choice of the root all score well, we observe
most discrepancies, persisting through all phases,
with regard to the labelling of clausal dependents,
such as advcl and notably clausal complements
(ccomp, xcomp). This pairs with minor confu-
sions regarding the labelling and the attachment of
connective elements, i.e.both co-ordinating and
subordinating conjunctions. These persistent dif-
ficulties are reflected by Table 3, which, as a a
macro-average that does not take into account the
actual frequencies of single dependency relations,
has lower scores than LA in Table 2. Consider-
ing that the array of syntactic relations in the later
phases is much more varied than in the first one,
we still observe a quite stable, if not slightly im-
proving, trend.

The decrease of UAS and LAS in the third phase,
when compared to the good results of the sec-
ond phase, has to be expected, as the sentences of
phase 3 are chosen to be particularly challenging
and in some cases present open problems of syn-
tactic annotation.'> Despite this, the differences
between phase 1 and phase 3 still show a rather
stable quality of the annotation from this angle.
Then again, the last control phase registers much

5See for example the open issue on how to deal
with singular subjects and plural copula at https:
//github.com/UniversalDependencies/docs/
issues/714.
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of the Latin works by Dante Alighieri. To this
end, we create a gold standard and we train and
evaluate the work of a team of four annotators by
means of a tripartite common set of sentences of
increasing complexity annotated by a UD expert,
complemented by specific gold standards for each
annotator in a final control phase before the actual
annotation work takes place.

Besides supporting the objectives of the Vo-
cabolario Dantesco project, the development of a
treebank based on Dante’s Latin works also serves
a wider scope, i.e.the inclusion of these latters
into the LiLa Knowledge Base, which makes dis-
tributed linguistic resources for Latin interopera-
ble through the Linked Data paradigm (Passarotti
et al., 2020).1° At the same time, the efforts
put into this project will hopefully bring forth
some much-needed recommended guidelines for
the UD-style annotation of Latin.

The complete annotation of Dante’s Latin
works will provide the community with a new,
manually annotated dataset of higher quality than
any automatic system. Table 4 reports LAS scores
computed on the sentences of our gold standard
and processed with UDPipe using the UD v2.5
models for Latin (Straka and Strakova, 2017). The
scores clearly show that current models are not
good enough to parse the Latin of Dante.

PROIEL
29.98%

Perseus
24.93%

IT-TB
40.83%

LAS

Table 4: UDPipe scores (based on UD v2.5) for
gold standard sentences (all four phases).

Yhttps://lila-erc.eu



The addition of Dante’s Latin works into the
thriving and expanding UD project and the newly
acquired possibility to interact with a large number
of other Latin texts of different genres and time
periods makes us hope for a breakthrough of the
world of treebanking into the wider community of
the Humanities, which today can benefit from ac-
cessing a huge set of connected textual (meta)data
like never before.
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Abstract

Italiano Per un’analisi dell’italiano scritto
degli studenti universitari, un contesto
privilegiato si trova in quei canali social di
condivisione tra pari noti con la titolatura
di “Spotted”. Attivi particolarmente su
Instagram, si tratta di canali di inter-
azione pubblica informale che forniscono
elementi significativi all’indagine sulle
scritture spontanee dei giovani in rete.
Questa ricerca presenta un corpus di
oltre trentamila testi da Spotted univer-
sitari italiani. Concentrandoci sulle fasi
COVID (e sul periodo immediatamente
precedente), intendiamo illustrare come
il corpus Spotted-Ita appaia funzionale a
un’indagine riferita alla comunicazione
linguistica nell’ occasione di un’esperienza
unica e straordinaria vissuta dagli studenti
universitari.

English “Spotted” posts represent one of
the most popular forms of Computer-
mediated Communication (CMC) among
university students in Italy, and as such,
they represent a privileged context to ana-
lyze the Italian language used by students
on the Web. This kind of informal commu-
nication channels is active especially on
Instagram, and provides relevant insights
on the spontaneous writing of young peo-
ple. Based on Spotted-ITA Corpus, a cor-
pus of over 30,000 posts retrieved from
Italian Spotted accounts on Instagram, this
paper presents a focus on the period of
lockdown in Italy due to COVID pan-
demics and its immediately preceding pe-

Copyright (© 2020 for this paper by its authors. Use
permitted under Creative Commons License Attribution 4.0
International (CC BY 4.0).
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riod, showing how this corpus can be use-
ful in analyzing the way Italian university
students communicated during this unique
and extraordinary experience.

1 Introduzione

Tra le manifestazioni della lingua giovanile, un
ruolo peculiare ¢ assolto dalle scritture degli stu-
denti universitari, i quali, pur nelle differenze tra
1 percorsi formativi (convenzionalmente distinti in
umanistici e scientifici), attestano competenze di
scrittura riguardanti lo strato piu colto delle giova-
ni generazioni, il pit edotto sugli usi standard della
lingua, e parimenti esposto alle condizioni comu-
nicative informali del web. Su queste premesse,
numerose sono le analisi e le ricerche accademiche
rivolte a definire gli equilibri, le differenze, le in-
terferenze, che si innescano tra le varie espressioni
della lingua scritta all’interno del diasistema delle
scritture, dai luoghi della piu rigida formalita (co-
me le tesi di laurea) a quelli della massima spon-
taneita (comunicazioni attraverso social network e
piattaforme di messaggistica istantanea). La natu-
rale permeabilita e I’osmotica relazione tra i livelli
formale e informale, o pubblico e privato, fanno ri-
levare, nella scrittura dello studente, la tipica aper-
tura a forme neologiche e non standard (per grafia,
grammatica e lessico), indotte dalla cosiddetta lin-
gua di Internet (“scritture brevi” digitali), ed evi-
denziano 1’annessa connotazione emozionale che
di tali adozioni costituisce la diretta implicazione

espressivaZ.

2Qltre all’ampia bibliografia sul tema della lingua e dei
linguaggi giovanili, di cui solo pochi titoli saranno citati nel-
la bibliografia del presente contributo, interessa qui citare,
come punto di riferimento per il tema generale, il Progetto
di Ricerca Nazionale 2017, “UniverS-Ita. L’italiano scritto
degli studenti universitari: quadro sociolinguistico, tendenze
tipologiche, implicazioni didattiche”, attualmente in corso:
(https://site.unibo.it/univers—-ita/it). Per
la nozione di “scritture brevi” digitali, cfr. Scritture Brevi,
progetto di ricerca e blog, su www.scritturebrevi.it.



Per una analisi della scrittura degli studenti uni-
versitari di oggi, un contesto privilegiato si trova in
quei canali social di condivisione noti con la titola-
tura di “Spotted”. Tali luoghi virtuali costituisco-
no ambiente di interazione elettivo degli studenti,
in particolare per cio che riguarda la piattaforma
Instagram, che - rispetto ad esempio al caso di Fa-
cebook - garantisce all’analisi la qualita di bacheca
attualmente piu popolare e diffusamente utilizzata
tra i giovani, idonea allo scopo di riversare i propri
pensieri e anche sottoporre dubbi e quesiti indiriz-
zandoli al gruppo di pari.

Di generale diffusione su scala nazionale, Spot-
ted costituisce un format grafico-testuale che si ca-
ratterizza innanzitutto per 1’anonimizzazione dei
mittenti assicurata dagli amministratori che fun-
gono da editor al momento della pubblicazione.
In questo modo, dunque, I’intervento dell’autore
di ogni post appare svincolato da eventuali condi-
zionamenti esercitati da un presidio esterno — o del
mondo “adulto” (in particolare, nel caso specifico,
educatori e docenti) — cosi che, in Spotted, si of-
fre all’analisi una scrittura informale e allo stesso
tempo pubblica, gergale ma intesa ad ampia dif-
fusione, interessante per la forma oltre che per i
contenuti condivisi.

Il presente contributo & cosi organizzato: la sezio-
ne 2 riguarda il corpus Spotted-Ita, sulla cui com-
posizione si forniscono informazioni dettagliate
insieme ad una descrizione delle modalita di rac-
colta dei post; la sezione 3 invece riguarda I’ anali-
si linguistica condotta su due subcorpora relativi ai
post pubblicati dagli studenti nei due mesi prima e
nei due mesi durante il lockdown; seguono infine
le conclusioni.

2 1l corpus Spotted-Ita

Il corpus denominato Spotted-Ita ¢ costituito da
33.865 testi (“post”) pubblicati su Instagram nel

Il contributo di F. Chiusaroli e M.L. Pierucci in questo paper
consiste nell’impianto teorico e di analisi e si inserisce nel-
I’ambito del PRIN “UniverS-Ita”. J. Monti e G. Nolano han-
no curato la raccolta del corpus, le collocazioni, la realizza-
zione dei grafici e tabelle e il piu generale framework compu-
tazionale. I risultati del contributo presentato sono condivisi
da tutti gli autori.

3Si vedano i report Blogmeter e Nielsen relativi
all’anno in corso, disponibili online rispettivamente
agli indirizzi https://www.blogmeter.it/it/
reports/italiani\-e\-social\-media-2020
e https://www.nielsen.com/us/en/insights/
report/2020/the\-nielsen\-total\
—audience\-report—august—-2020/.
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periodo che va dal 10/01/2019 al 04/05/2020%, per
un totale di 1.063.905 token e 56.973 type.

La selezione degli account da cui raccogliere i
post ¢ stata in gran parte determinata dall’elenco
degli atenei che costituiscono i soggetti della
ricerca PRIN UniverS-Ita. Nello specifico, gli
account Spotted considerati ai fini della creazione
del corpus sono riportati nella Tabella 1 assieme
al numero di post da essi pubblicati, mentre la
Figura 1 mostra la distribuzione geografica dei
post presenti nel corpus.

Account Num.post
spotted_unibo 7.791
spotted_unicz 7.259
spotted.unimc 5.946
spottedunina 3.024
spotted.unitorvergata 2.903
spotted.unipa 2.389
spotted_uniud 1.637
spottedbicocca 902
spotted.unipas 670
spotted.unito 418
spotted_uniss 303
spottedlasapienza 240
spotted.unisa 212
unimi.spotted 58
spotted.univpm 50
spottedunicampania 32
spottedpoliba 31
Totale 33.865

Tabella 1: Numero post per account Spotted.

La raccolta di dati linguistici da Instagram ¢
stata particolarmente elaborata date le difficolta
intrinseche dovute alla natura dei post, che sono
pubblicati sotto forma di immagini e che, per poter
essere analizzati, devono essere preliminarmente
convertiti in formato testuale.

Il processo di raccolta dei post ¢ stato quindi il
seguente: per scaricare le immagini e i metadati
dei post interessati ¢ stata utilizzata la libreria In-
staloader’; successivamente i post sotto forma di
immagini sono stati convertiti in testo attraverso il
tool OCR pytesseract®. Per quanto i testi estratti
con questo strumento presentino un certo margine

“Un ulteriore gruppo di circa 600 post, tutti pubblica-
ti in periodo di lockdown in Italia e non inclusi nell’anali-
si di quest’articolo, costituisce oggetto di nuove analisi in
corso sul tema. Si tratta di testi estratti da una serie di ac-
count universitari ancora di Instagram denominati Poivorrei
(una sorta di estensione degli Spotted), caratterizzati per il
richiamo alla dimensione nostalgica dell’esperienza universi-
taria (@poivorreitorvergata usare la lavagna delle aule per
studiare).

Shttps://pypi.org/project/instaloader/.

*https://pypi.org/project/pytesseract/.
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Figura 1: Mappa di calore sulla provenienza dei
post Spotted.

di errore, sia riguardo elementi puramente testuali
come punteggiatura, spazi e lettere accentate che
riguardo elementi non puramente testuali (come
possono essere gli emoji), tuttavia hanno mostrato
un grado di leggibilita accettabile e ancorché grez-
zi, risultano idonei all’ analisi.

E utile premettere che ciascun account Spotted
istituisce e rappresenta comunita di scriventi ideal-
mente delimitate dall’appartenenza ai relativi ate-
nei del territorio nazionale.

Nonostante il carattere anonimo dei testi raccol-
ti, la loro assimibilita ai fini della presente analisi
si istituisce dunque a partire dal criterio dell’ap-
partenenza logicamente ipotizzabile per gli auto-
ri, ovvero ’eta anagrafica, il ruolo di studenti uni-
versitari, I’appartenenza all’ateneo di riferimento
dell’account, e le attivita per le quali si pubblica
richiesta o denuncia.

Infine un’ultima precisazione riguarda la natura
dei contenuti dei post considerati per il corpus,
che non sono stati filtrati per argomento. Il cor-
pus Spotted-Ita, costituito in base a tali premesse,
si presta ad essere interpretato a partire da molte-
plici prospettive di osservazione e di analisi, che
molto possono dire sulla qualita dell’italiano de-
gli studenti di livello universitario in una scrit-
tura eterodiretta e pubblica, ma insieme libera e
spontanea.

3 Lalingua della pandemia: metodi per
P’analisi del corpus

Una prima prospettiva di analisi del corpus ¢ rap-
presentata dallo studio di come gli studenti univer-
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sitari italiani abbiano vissuto e narrato il lockdown
in Italia dovuto alla pandemia da COVID-19 e, di
conseguenza, come questa esperienza senza prece-
denti si rifletta nella lingua usata nei loro post sui
canali presi in esame.

A tal fine si ¢ deciso di estrapolare due subcor-
pora da Spotted-Ita: il primo, indicato come ‘pre-
lockdown’, copre il periodo che va dal 09/01/2020
al 07/03/2020; mentre il secondo, indicato come
‘durante il lockdown’, include il periodo che va
dall’08/03/2020 al 04/05/2020. In tal modo, en-
trambi i subcorpora coprono un periodo di 58 gior-
ni, € sono composti, rispettivamente, da 6.536 e
3.992 testi. Informazioni dettagliate sui due sub-
corpora (numero di token, numero di type e ty-
pe/token ratio (TTR)) sono riportate nella Tabella
2.

Sezione | Num.Token Num.Type TTR
Pre-Lockdown | 168.600 34.357 20,38%
D.Lockdown | 113.185 25.449 22,48%

Tabella 2: Descrizione dei subcorpora Pre- e
Durante-Lockdown.

I due subcorpora, cosi definiti, costituiscono
I’oggetto del presente contributo, che intende so-
prattutto illustrare la densita del corpus, cosi come
le potenzialita del materiale raccolto, la sua ori-
ginalita sul piano dei contenuti, consentendo allo
stesso tempo di verificare le consuetudini scritto-
rie favorite dal mezzo.

I due subcorpora sono stati sottoposti ad una ope-
razione di pre-processing dei dati che ha riguar-
dato la eliminazione di punteggiatura e stopword’
tramite la libreria di Python NLTKS3, insieme a una
lemmatizzazione e un tagging delle Part of Speech
(PoS) con lo strumento treetaggerwrapper”.
Utilizzando una lista di parole chiave considera-
te esemplificative per il periodo preso in esame,
si & proceduto all’analisi delle collocazioni'® cosi
da analizzarne il cambiamento nei due periodi in
esame. Le parole chiave possono essere suddivise
nelle seguenti categorie:

"La lista utilizzata & quella proposta da NLTK, cui & sta-
to aggiunto il termine ‘spotto’ vista 1’altissima frequenza nel
corpus.

8https://www.nltk.org.

9https ://treetaggerwrapper.
readthedocs.io/en/latest/.

100 estrazione delle collocazioni & stata effettuata attraver-
so la libreria per Python NLTK, con frequenza minima =1, e
il tool online SketchEngine.



e parole della pandemia: virus, Corona vi-
rus e corona virus (anche univerbati), Covid,
lockdown, quarantena;

e parole della didattica a distanza (DAD):
videolezione/i, lezione/i online, segreteria,
Teams, Zoom,

e verbi del sentimento nostalgico:
mancano, mancate, mancare, tornare.

manca,

Nella Tabella 3, vengono riportati alcuni esempi
di come cambiano le collocazioni nei due perio-
di di riferimento presi in considerazione insieme
ai relativi valori di Pointwise Mutual Information
(PMI).

Termine Pre-lockdown D. il lockdown
covid c. furia (11,42) c. commovente (10,71)
c. provvedimento (11,42) c. god (10,71)

epidemiologico c. (11,42) defunto c. (10,71)

mentana c. (11,42) epidemiologico c. (10,71)

c. insegnamento (10,20) morgan c. (10,71)

quarantena inverno q. (11,89) angosciare q. (7,78)

q. forzato (11,31)
q. ahahahah (11,89)
q. volontario (10,08)
beccare q. (9,72)

combattere q. (7,78)
estenuante q. (7,78)
infrangere q. (7,78)
passatempo q. (7,78)

tornare bestiame t. (10,94)
chilometro t. (10,95)
t. canosa (10,95)

t. patria (10,94)
rancore t. (9,94)

riuscire t. (9,33)

t. delfino (9,33)

t. incazzarsi (9,33)
t. patria (9,33)

t. rattusiare (9,33)

mancare m. cfu (11,79)

finalizzare m. (10,79)
giustamente m. (10,79)
m. spottedunina (10,21)

umilta m. (9,79)

amiketti m. (8,23)
cocainomane m. (8,92)
lisbona m. (8,92)

m. fiato (8,92)

m. persino (8,92)

videolezione v. analisi (11,57)

arrivare v. (10,43)

smadonna v. (12,52)

v. fissato (12,52)

v. iniziare (10,93)

v. accorgere (10,20)
spottedlasapienza v. (9,93)

Tabella 3: Esempi di collocazioni nel corpus
con indicazione del valore di PMI: la tabel-
la ¢ stata creata con i subcorpora normalizzati
diacronicamente e lemmatizzati.

Si vedano, ne citiamo due, i seguenti post:
“Spotto il prof V. che in diretta nella pausa del-
la lezione online ammette di aver sviluppato una
dipendenza da whisky in questa quarantena” e
“Spotto il Coronavirus e la quarantena che mi
hanno fatto comprendere quanto abbia fatto bene
Caino ad ammazzare quello stronzo di suo fratel-
lo!”. E qui ben esemplificata la formula “Spot-
to+qualcuno/qualcosa+che” a introdurre elemen-
ti che contraddistinguono le conversazioni digitali
sulla vita universitaria a distanza (il/la prof., le-
zione online, quarantena, Coronavirus): si trat-
ta di flussi grazie ai quali ¢ possibile indagare la
dimensione del sentiment tipicamente emergente
dalla scrittura dei giovani via social, in una fase
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in cui la componente emotiva risulta ancor piu ac-
centuata a causa del peculiare evento pandemico.
L’incrocio dei dati fra la prospettiva temporale e
quella geografica consente di osservare come, al
diffondersi della pandemia e delle conseguenti re-
strizioni sul territorio nazionale, sia seguita una
progressiva convergenza verso il tema del lockdo-
wn nell’uso della lingua in seno alle comunita af-
ferenti alle varie sedi universitarie.

A tale riguardo, si vedano i dati riportati nelle Fi-
gure 2, 3 e 4 che mostrano le frequenze sul tem-
po delle parole chiave DAD, nostalgia e pandemia
nelle tre universita con frequenza maggiore di pub-
blicazione (rispettivamente UniBo, UniMc e Uni-
Na), e quelli riportati nella Tabella 4, che fanno ri-
ferimento invece, alla percentuale di post Spotted
nei quali compaiono le parole chiave coronavirus,
covid, lockdown e quarantena all’interno dei due
subcorpora considerati complessivamente.
Parallelamente a questo dato, che emerge nel con-
fronto sulle tecniche pratiche (richiesta di infor-
mazioni e modalita per seguire le lezioni in te-
ledidattica, su tutte), si evidenzia in modo altret-
tanto netto I’emergenza di un sentimento “nostal-
gico” rilevabile dalla co-occorrenza quantitativa-
mente marcata di lemmi riconducibili alla situa-
zione sanitaria, come quarantena, con lemmi del-
la sfera semantica delle emozioni come, ad esem-
pio, tornare, manca, mancano, mancate, mancare
a testimoniare il senso di solitudine e perdita (di
tempo, di relazioni, di produttivita negli studi).

3.1 Spotto la quarantena

Il corpus, annotato con le parti del discorso'!, ha
inoltre permesso di effettuare ulteriori analisi re-
lativamente all’uso ed ai contesti in cui occorre la
parola quarantena.

Valutando il lemma nei testi estratti (cfr. Ta-
bella 5) si nota come le co-occorrenze dalla fre-
quenza piu alta siano rappresentate dai sintag-
mi PRE+quarantena e PRO+quarantena, come in
“in quarantena, in questa quarantena”, “durante
la/questa quarantena’.

Con frequenza pill bassa compaiono invece i sin-
tagmi come “dopo questa quarantena” e “dopo la
quarantena” (entrambi 5 occorrenze), e la forma
semicolta “il post quarantena” (4 occorrenze), con
valore temporale. Alcuni esempi dai testi:

"Ml tagset utilizzato & disponibile all’indirizzo
https://www.cis.uni-muenchen.de/~schmid/

tools/TreeTagger/data/italian-tagset.txt.



conteggio

conteggio

| gennaio | febbraio | marzo | aprile | maggio

parole della pandemia | 0.22% 3.69% 10.33% | 9.18% | 7.44%
parole della DAD 1.95% 2.99% 18.98% | 9.44% | 8.68%
verbi della nostalgia 0.8% 0.74% 3.34% 5.61% | 6.2%

Tabella 4: Percentuale dei post nel corpus nei quali sono presenti le parole chiave.

12 parole-chiave
- dad

~ nostalgia

- pandemia

10

~

2

L e

Sat 11 Jan 19 Mon 27  Mon 03 Tue 11 Wed 19 Thu27  Thu 05
data

T

Fri1l3  sat2l Mar29 Apr0O5 ' Mon13 ' Tue2l  Wed29

Figura 2: Frequenza delle parole chiave DAD, nostalgia e pandemia per i post di spotted_unibo.

7 parole-chiave
- dad

- nostalgia

- pandemia

A AL

Q F
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data

Figura 3: Frequenza delle parole chiave DAD, nostalgia e pandemia per i post di spotted.unimc.
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Figura 4: Frequenza delle parole chiave DAD, nostalgia e pandemia per i post di spottedunina.

Sintagma Freq.  connotazione di quarantena in termini “emotivi’:
in_PRE questo_PRO:demo quarantena_NOM 34 « . . v e - . .
durante_PRE il DET:def quarantena NOM 13 opprimente e sterile q.”, “noioso e insopportabile
periodo_NOM di_PRE quarantena_NOM 13 periodo di q.”, “noiosa q.”.

giorno_.NOM di_PRE quarantena NOM 12 Altri esempi:

durante_PRE questo_.PRO:demo quarantena_ NOM 11

e ‘“spotto ragazza carina e simpatica che abbia
voglia di chiacchierare per magari fare na-
scere qualcosa durante questa opprimente e
sterile quarantena ;; (sono un ragazzo a det-

e “spo, data la situazione di disagio comples- ta di molti simpatico e non di brutto aspetto
sivo che spero si capisca, cerco tipa per il haha) contatto i like —"

Ppost quarantena; garantisco ottima compa-
gnia fornitura illimitata di risorse 420, umo-
rismo, prestazioni sessuali e cattive intenzio-
ni, senza contare la mia enorme capacita di

Tabella 5: PoS Tag delle co-occorrenze del
termine quarantena.

e “spotto una ragazza single con cui uscire
una volta terminato questo noioso e insop-
portabile periodo di quarantena!!! contatto

i i likes”
guardare al futuro, dato che la tipa la cer-
co gla da adesso... anonimo plS @ scrivi un Y “Spotto ragazze che mi tengano Compagnia
messaggio... i) e) virtualmente in questa noiosa quarantena”
e “qualcuno disposto a due chiacchiere in que- e “spotto qualcuno con cul fare amicizia in
sta quarantena forzata per tutti noi che sia- questa noiosa quarantena” .

mo rientrati? ( lo son rientrata il 24 febbraio,
non faccio parte della mandria di gente tor- ~ Ancora, il termine guarantena funziona da cataliz-

nata in queste ultime ore... incompetent!!!)  Zatore delle conversazioni degli studenti introdu-
comungque vi avverto che non sono una top ~ cendo nella scrittura stati d’animo come il senso di
model! dato che molti si fermano all’aspetto  solitudine, la nostalgia data dalla lontananza dalle
fisico anche per due chiacchiere” sedi universitarie e dai compagni di corso e di se-
de, e il desiderio del ritorno alla vita universitaria
e “organizziamo un concerto di gigione per il in sede. Alcuni esempi:
primo giorno dopo la quarantena? spotted

unisa”. e “Spotto chi come me sta passando la quaran-
tena lontana dalla persona che ama e che sta
I sintagmi ADJ+NOM veicolano piu di altri la male per il fatto che probabilmente dopo il
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4 maggio non potremo ancora spostarci tra
regioni. Non siete soli”

“Spotto il casino che facevamo per strada,
sia a Bologna che da altre parti (NICO-
LOOOOO), e spero che possiamo tornare a
farlo ancora: Non so perche me he sono usci-
to. con ste cose mielose ma non mi‘sto sop-
portando piu in questa cazzo di quarantena
e voglio tornare al piu presto alla normalita
con voi ragazzi’”.

Il lemma quarantena (328 occorrenze), termine
selezionato da Treccani fra le “parole del Coro-
navirus”'? nell’ambito della rubrica online “Le
parole valgono”, appare la verbale espressione
della centralita dell’argomento COVID nel corpus
di Spotted.

Come si vede in Figura 5, “quarantena” ¢ entrato
piu tardi nell’uso rispetto allo stesso termine
“coronavirus” che mostra un primo picco gia alla
fine di febbraio 2020. In compenso, “quarantena”
risulta essere anche il termine piu stabilizzato e
longevo tanto da apparire con regolare frequenza
fino a maggio. “Coronavirus”, invece, scompare
quasi del tutto dall’uso dopo i primi giorni di
marzo. Interessante anche vedere come il termine
piu specialistico COVID veda un uso pil raro sin
dal suo primo utilizzo a febbraio, pur restando
presente nella comunicazione degli Spotted fino
alla fine del periodo preso in esame.

Nell’ottica di una valutazione della scrittura
giovanile, alla quale sovente si tende a imputare
la responsabilita del declino della lingua rispetto
agli influssi linguistici esogeni, ci sembra qui
infine interessante rilevare la pressoché nulla
frequenza d’uso del termine lockdown, che viene
impiegato in soli 2 post fra quelli raccolti nel
corpus Spotted-ita, laddove esso risulta invece
ampiamente e stabilmente adottato nello stesso
periodo in ambito giornalistico e della comunica-
zione istituzionale.

Spostandoci sulle parole chiave della DAD, ¢
interessante notare come il sintagma ‘lezione
online’ veda un incremento molto basso nell’uso,
come si vede dalle tabelle 6 e 7, che mostrano le
frequenze dei trigrammi in cui compare il termine
‘lezione’.

Phttps://www.treccani.it/magazine/
parolevalgono/Le_parole_del_Coronavirus/
index.html.
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Sintagma Freq.
durante_PRE il_DET:def lezione NOM  81.0
il_DET:def lezione_NOM online_AD]J 65.0
il_DET:def lezione_NOM di_PRE 53.0
del_PRE:det lezione_NOM online_ADJ  27.0
lezione_ZNOM online_ADJ di_PRE 21.0
al_PRE:det lezione_NOM online_ADJ 17.0
del_PRE:det lezione_NOM di_PRE 16.0
lezione_NOM di_PRE diritto NOM 12.0
lezione_NOM di_PRE storia_NOM 12.0
lezione_ZNOM online_ADJ e_.CON 12.0

Tabella 6: PoS Tag delle co-occorrenze del
termine “lezione” nel periodo pre-lockdown.

Sintagma Freq.
durante_PRE il_DET:def lezione_NOM 67.0
il_DET:def lezione_NOM online_ADJ 47.0
il_DET:def lezione_ZNOM di_PRE 46.0
al_PRE:det lezione_NOM online_ADJ 12.0
del_PRE:det lezione_NOM online_ADJ 12.0
lezione_NOM online_ADJ di_PRE 12.0
seguire_VER:infi il_DET:def lezione_ NOM 11.0
del_PRE:det lezione_ NOM di_PRE 9.0
lezione_ZNOM online_ADJ spotto_VER:pres 9.0
spotto_VER:pres il_DET:def lezione NOM 9.0

Tabella 7: PoS Tag delle co-occorrenze del
termine “lezione” nel periodo d. il lockdown.

Nonostante si abbassino le frequenze del-
le forme il _DET:def lezione_NOM online_ADJ,
al PRE:det lezione NOM online_ ADJ e lezio-
ne_NOM online_ADJ di_PRE, compaiono tri-
grammi nuovi come lezione NOM online_ADJ
spotto_VER:pres e del PRE:det lezione_ NOM on-
line_ADJ.

Alcuni esempi dai testi pre-lockdown:

e Spotto lezione di fisica (prof M.) Ingegneria
civile. Durante la lezione online e suonato
U’allarme antincendio e la prof e scappata

e Spotto tutti quelli che si connettono 30 Min
prima dell’inizio della lezione online. Avete
paura di non trovare posto?.

E alcuni esempi dai testi durante il lockdown:

e Spotto la lezione online di economia politi-
ca da sotto le coperte con pigiamae caffe sul
comodino alle 12

e Spotto I’eroe che durante la lezione online di
diritto internazionale, accorgendosi di aver
lasciato un libro nella sede di Ravenna (nel-
la quale non puo fare ritorno) ha esclamato
VACCA BOIA.
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Figura 5: Conteggio delle keyword sul tempo

Infine, nell’analisi delle parole chiave della nostal-
gia si ¢ notata la presenza di un fenomeno che ri-
guarda il verbo ‘mancare’, che passa da 88 usi pre-
lockdown a 364 durante il lockdown. Nel periodo
pre-lockdown, a mancare possono essere i CFU o
un/a ragazzo/a, come negli esempi seguenti:

e Ciao spo, devo laurearmi e mi mancano Qc-
fu, qualcuno mi pud dire se ¢’¢é un esame del-
la triennale di qualsiasi facolta molto facile?
Grazie mille JI, (C) Scrivi un messaggio... eA

e Spotto Lumpa, non sei solo la migliore ami-
ca, sei_la mia vita... Non posso pensare
che stiamo buttando tutto via perche non

abbiamo il coraggio di parlarne...mi manchi.

Mentre, come ci si pud aspettare, durante il

lockdown a mancare ¢ invece la quotidianita
temporaneamente perduta:

e Spotto la mia tremenda nostalgia di Bologna,
della normalita, degli abbracci senza paura,
dei baci_al mio lui, della gente per la cit-
ta. Mi manca tutto questo terribilmente, ma
andra tutto bene &
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e Spotto chiara e melissa. Prima eravamo tutti
I giorni insieme. Oggi la distanza Mantova
Roma si sente. MI mancate tope.

Spotto i miei fratelli dell’ed. 20, dal primo
all’ultimo mi mancate. Ad alcuni quel posto
mette ansia, per me era una seconda casa e
spero di tornarci presto. Un bacio a tutti da
3p.

4 Conclusioni

Analizzare I’italiano scritto degli studenti univer-
sitari attraverso i testi postati sulla piattaforma so-
cial Instagram, in particolare gli Spotted, fornisce
un focus di ricerca nodale nel panorama degli stu-
di accademici e scientifici sulla natura della lingua
dei giovani.

In tale contesto, nel registrare 1’andamento delle
conversazioni nel pre- durante- e post quarantena,
il corpus Spotted-ita fornisce un punto di vista pri-
vilegiato per I’analisi dell’esperienza dello studen-
te nelle inedite ed esclusive condizioni conosciute
nella fase sociale pil significativa dell’emergenza
sanitaria COVID-19.



Coadiuvata dagli strumenti della linguistica com-
putazionale, 1’analisi qui presentata illumina al-
cuni aspetti degli usi linguistici degli studenti, in
contesti informali, tipicamente non-standard, ma
altresi, per il gruppo dei pari, contesti pubblici,
consentendo di ridefinire le esigenze comunicative
rispetto alle nuove condizioni delle attivita quoti-
diane e di studio svolte a distanza. Ne emerge un
osservatorio peculiare e unico, dunque, che esem-
plarmente rispecchia e riproduce, in termini di rap-
presentazione linguistica, il vissuto di un periodo
storico, mai altrimenti sperimentato nella contem-
poraneita, di disaggregazione fisica della comunita
universitaria.
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Abstract

English. Counter Narratives are textual
responses meant to withstand online ha-
tred and prevent its spreading. The use
of neural architectures for the generation
of Counter Narratives (CNs) is beginning
to be investigated by the NLP community.
Still, the efforts were solely targeting En-
glish. In this paper, we try to fill the gap
for Italian, studying how to implement CN
generation approaches effectively. We ex-
periment with an existing dataset of CNs
and a novel language model, recently re-
leased for Italian, under several configura-
tions, including zero and few shot learn-
ing. Results show that even for under-
resourced languages, data augmentation
strategies paired with large unsupervised
LMs can held promising results.

Italiano. Le Contro Narrative sono
risposte testuali volte a contrastare I’odio
online e a prevenirne la diffusione. La co-
munita di NLP ha iniziato a studiare ['uso
di architetture neurali per la generazione
di CN. Tuttavia, gli sforzi sono stati rivolti
esclusivamente all’inglese. In questo la-
voro, cerchiamo di colmare la lacuna per
Uitaliano, mostrando come implementare
efficacemente approcci di generazione di
CN. Sperimentiamo con un dataset es-
istente di CN e un modello del linguaggio
per Uitaliano recentemente rilasciato, in
diverse configurazioni, tra cui zero e few
shot learning. I risultati mostrano che an-
che per lingue con poche risorse, strate-
gie di data augmentation abbinate a po-
tenti modelli del linguaggio possono of-
frire risultati promettenti.
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1 Introduction

The rise of online Hate Speech (HS) brings along
the need for combating strategies as it can trig-
ger harmful psychological effects on the target
groups and more crimes against them. While re-
search studies have been widely focusing on hate
speech detection methodologies for social media
platforms (Schmidt and Wiegand, 2017; Fortuna
and Nunes, 2018), a recent line of research has
taken the problem a step further by addressing
the automatic generation of counter responses, aka
counter narratives (Qian et al., 2019; Tekiroglu et
al., 2020), in order to assist non-governmental or-
ganizations in their real-world online hatred com-
bating efforts. An example of HS along with a
possible CN are shown below:

HS: Gli arabi sono tutti terroristi e vogliono con-
quistarci con la violenza e le bombe. Bisogna
rispondere con il napalm. [Arabs are all ter-
rorists and they want to conquer us with vio-
lence and bombs. We must respond with na-
palm.]

CN: Essere di origine araba non significa essere
terroristi, evitiamo generalizzazioni che por-
tano solo ad altro odio. [Being of Arab de-
scent does not mean being a terrorist, let’s
avoid generalizations that only lead to more
hatred.]

Despite the encouraging results of the counter
narrative generation task, experiments have been
limited to English due to the scarcity of hate
speech / counter narrative data in other languages.
In this paper, we investigate counter narrative gen-
eration for Italian as a case study where zero or
only a small amount of task specific in-language
data is available. We first explore the portability
of generation across languages, considering that
recent neural machine translation (NMT) systems
have shown outstanding performances. We pro-



pose utilizing off-the-shelf NMT models to syn-
thesize silver data from other languages, and fine-
tuning GePpeTto (Mattei et al., 2020), a recently
developed GPT-2 based language model for Ital-
ian, on the silver data. We then examine the effect
of combining silver with gold data on CN genera-
tion by experimenting with various gold data sizes.
Our findings show that a proper combination of
silver and gold data while fine-tuning LMs can
drastically reduce the need for expert-annotator ef-
fort on target languages.

2 Related Work

In this section we briefly recap relevant works
for our counter narrative generation task, includ-
ing the problem of online hatred recognition, ef-
fectiveness of approaches to hatred intervention,
methodologies for generating counter-arguments,
and text generation for low-resourced languages.

Hate problem. A wealth of work has investi-
gated online hateful content, aiming at creating
datasets for hate speech identification (Warner and
Hirschberg, 2012; Burnap and Williams, 2015;
Silva et al., 2016). For instance, there are datasets
collected from Facebook (Kumar et al., 2018), fo-
rums (Silva et al., 2016; de Gibert et al., 2018),
and Twitter (Silva et al., 2016; Waseem and Hovy,
2016). Hate speech detection tasks are available
at IberEval (Fersini et al., 2018) for Spanish and
EVALITA (Del Vignal2 et al., 2017; Fersini et al.,
2018) for Italian.

Hate countering. Counter narratives can be
used as an effective approach to moderate hateful
content on social media platforms such as Twit-
ter (Munger, 2017; Wright et al., 2017), Youtube
(Ernst et al., 2017; Mathew et al., 2019) and Face-
book (Schieb and Preuss, 2016). Previous studies
on hate countering cover several aspects of CNs.
For example: defining counter narratives (Benesch
et al., 2016), studying their effectiveness (Schieb
and Preuss, 2016; Silverman et al., 2016; Ernst
et al., 2017; Munger, 2017; Wright et al., 2017),
linguistically characterizing online counter narra-
tive accounts (Mathew et al., 2018), creating real
or simulated CN datasets (Mathew et al., 2019;
Chung et al., 2019; Qian et al., 2019; Tekiroglu
et al., 2020), and neural approaches to CN genera-
tion (Qian et al., 2019; Tekiroglu et al., 2020).

Counter-argument  Generation. This task
share the same abstract goal as CN generation -

&3

i.e. to produce the opposite or alternate stance of
a statement. Previous works adopted sequence-
to-sequence architectures to generate arguments
(Rakshit et al., 2019; Hua et al., 2019; Rach et al.,
2018; Le et al., 2018) targeting specific domains
in which massive discussion is available, such as
politics (Hua et al., 2019; Hua and Wang, 2018;
Le et al., 2018), and economy (Le et al., 2018;
Wachsmuth et al., 2018).

NLG for under-resourced languages. In spite
of several studies addressing NLG, only a few
have investigated the generation for languages
other than English. For instance, there is the port-
ing of SimpleNLG API (Gatt and Reiter, 2009)
to Dutch (de Jong and Theune, 2018) and Italian
(Mazzei et al., 2016), or Bilingual generation via
combining NMT and Generative Adversarial Net-
works (Rashid et al., 2019).

3 Italian Counter Narrative Generation

Our main goal is to determine a methodology
for Italian counter narrative generation consider-
ing the scarcity of gold standard data for training.
Accordingly, we hypothesize that the availability
of a decent amount of silver data can provide a
kick-start for the generative models. Therefore,
we resort to data augmentation through transla-
tion with the help of the existing datasets of hate
speech / counter narrative pairs in other languages.
For translation setting, we use DeepL!, an off-the-
shelf and well-performing MT system, to translate
data from other languages to Italian. The trans-
lated pairs are used for fine-tuning a large Ital-
ian pre-trained generative model, i.e. GePpeTto,
along with the original Italian gold standard pairs.

4 Dataset

For our study, we use CONAN dataset (Chung
et al., 2019), which is a niche-sourced hate-
countering dataset that consists of HS/CN pairs
focusing on Islamophobia. The dataset provides
pairs in English, French, and Italian, collected
with the help of operators from three European
NGOs specialized in online hate countering. Each
pair in CONAN can either be an original or one of
the 2 paraphrases of an original pair. In the exper-
iments, we used the following splits:

1. 2142 pairs (original IT pairs and 1 IT para-
phrase pair) as a training set made of gold

"https://www.deepl.com/translator



standard data.

2. 5996 pairs as a training set made of silver
data obtained by automatically translating FR
and EN pairs to IT.

3. 1071 pairs (the rest of the IT paraphrased
pairs) are kept for testing purposes.

5 Models

In order to inspect how Italian CN generation can
be accomplished under different resource condi-
tions, we test the effect of using (i) silver data, (i1)
gold standard data, and (iii) their combination. In
particular we experiment with the following con-
figurations on which GePpeTto is fine-tuned:

GP-trans. GePpeTto is fine-tuned on the sil-
ver data obtained by translating EN and FR pairs
to IT using DeepL. This configuration represents
the worst case scenario, where no HS/CN pair is
available in the target language, and corresponds
to a zero-shot learning setting.

Gp-ita. We fine-tune GePpeTt o on all the orig-
inal IT pairs in CONAN. This represents our prac-
tical best-case scenario, despite the fact that more
pairs might provide better results.

GP-hybrid. We conjecture that introducing
even a small amount of gold standard examples
can help LMs adapt to the domain-specific id-
iosyncrasies. Moreover, we inspect how genera-
tion performance varies with the size of gold stan-
dard data provided. In this regard, we conduct
a second phase of fine-tuning on top of the GP-
trans model using 100, 300, 500, 800, and full IT
pairs of CONAN. Therefore, we can represent var-
ious intermediate conditions of few-shot learning
where few to several pairs for the target language
are available. Thus, we assess how much the pre-
training with the silver data helps to reduce the
amount of gold standard data needed to reach a
proper generation performance.

5.1 Training Details

For all the experiments, we have used
GePpeTto  as the pretrained Italian lan-
guage model adopted from HuggingFace’s
Transformers library? and fine-tuned our models
on a single K80 GPU using a batch size of
2048 tokens. The training pairs are represented

as [HS_start_token] HS [CN_start_token]

*https://github.com/huggingface/transformers
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CN [CN_end_token]. The hyperparameter
tuning details are provided in the following.
At test time, we employed nucleus sampling
with a p value of 0.9 for the generation of
CNs. Conditioned on HSs, the generated se-
quence of text tagged with [C'N _start_token]
CN [CN _end_token] is selected as output.

Training Epochs We have empirically chosen 5
epochs for training for all the configurations, tuned
from {2, 3 and 5} on test set. Preliminary exper-
iments show that while lower number of epochs
grant higher novelty in the output, they also came
at the cost of lower BLEU scores. A further man-
ual evaluation confirmed that the generation with
5 epoch provides more suitable responses.

Learning rate Once defining the epochs, we
experimented with different learning rates of
[1,2,5]e-5 and chose Se-5 for the best performing
setting - preliminary experiments show that while
producing less novel and slightly more repeated
text, the learning rate of 5e-5 consistently has bet-
ter results in terms of BLEU and ROUGE scores.

Fine-tuning steps. In case where multiple
datasets (silver and gold standard) were used, we
followed a multi-step fine-tuning procedure by
first using the silver and then the gold standard
dataset. Gururangan et al. (2020) showed that
task-adaptive pretraining using curated datasets
from a dataset with similar distribution with the
end task, provides significant improvements. Our
fine-tuning schema follows this finding by first
fine-tuning GePpeTto with the silver data as
the task adaptive pretraining with an augmented
dataset. Our preliminary experiments confirmed
that adapting fine-tuned models towards the lan-
guage characteristics of the target corpus is more
effective than mixing silver and gold data together
in a single fine-tuning procedure.

5.2 Evaluation

For our experiments we report word-overlap met-
rics BLEU (Papineni et al., 2002) and ROUGE
(Lin, 2004) to evaluate the CN generation on the
gold standard test set. As for the generation qual-
ity, we compute Repetition Rate (Bertoldi et al.,
2013) and Novelty (Wang and Wan, 2018) to as-
sess how Diverse a response is with reference to
the given HS and how Novel the generation is con-
cerning the training data.



We also conduct a human evaluation to compare
the generation quality of the configurations based
on 3 criteria: (i) Suitableness. How suitable the
given CN is as a response for the input HS. (ii)
Specificity. How specific the given CN is as a
response. This metric is used to discern suitable
responses that are nonetheless very generic. (iii)
Grammaticality. How grammatically correct the
given CN is. All scores were in a scale from 1 to
5.

6 Results and Discussion

Model comparison. Results in Table 1 show
that using the silver data (GP-trans) provides a vi-
able step towards a proper model. When gold stan-
dard data is also available (GP-hybrid), we obtain
better quantitative performance in terms of BLEU
and ROUGE scores in comparison to the best case
scenario (GP-ita). Furthermore, mixing the silver
translation and the Italian gold standard data (GP-
hybrid) yields better performances also in terms of
output diversity (RR 11.7 vs 12.8). On the con-
trary, the most novel output is obtained by GP-
trans, which can be expected since EN and FR
pairs usually have slightly different focus on the
topic of Islamophobia (topics and tropes can vary
across nations and cultures). In Table 2 we provide
few examples of generated CNs.

Learning Curve Discussion. As can be seen
in Figure 1, even 100 Italian pairs are enough
to dramatically improve the performances of
GePpeTto on the task of CN generation over the
baseline GP-trans. If we continue fine-tuning GP-
trans with more and more Italian pairs, soon we
are able to outperform also GP-ita. The number
of examples required to obtain a new state of the
art CN generation in Italian comes within 200 and
300, which reduces the required amount of gold
standard data by around 80%. Therefore, it be-
comes clear that a good NMT model can be of fun-
damental help while porting the generation task to
new languages, especially if few or no gold stan-
dard examples are available in the target language.
Considering the fact that the counter narrative data
collection is an expert-based task requiring costly
human effort (Chung et al., 2019), decreasing the
required amount of expert data can be of remark-
able importance for low-resource languages.

Human Evaluation. As annotators, we em-
ployed 2 Italian native speakers that are expert
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Figure 1: Learning Curve of GP-hybrid model
while Italian pairs being added. GP-hybrid per-
formance with no examples is shown as GP-trans.

in counter narrative production. The annota-
tors were instructed in assessing CN suitableness,
specificity, and grammaticality with respect to the
paired hate speech. During training, we explained
what a common and suitable counter narrative is,
and then asked them to intuitively evaluate the
generation without overthinking. We further pre-
sented 20 examples of HS/CN pairs to demon-
strate the appropriate evaluation. In order to avoid
comparison or primacy/recency effects, we have
presented 20 random pairs from each condition
to each annotator as a single randomized file and
asked them to evaluate each counter narrative with
respect to the 3 criteria. The results presented in
Table 3 show that all models reach very high lev-
els of grammaticality; most of the sentences were
completely grammatical and few ungrammatical
ones were due to dangling sentences. Moreover,
using silver data alone can already provide a per-
formance lower than but close to the GP-ita case
for Suitableness and Specificity. Finally, fine-
tuning GP-trans further using gold standard data
(GP-hybrid) provides the most suitable and the
least generic responses among the 3 models in line
with their performance ranking of automatic met-
rics.

7 Conclusion and Future Work

Counter narrative generation using neural archi-
tectures is beginning to be studied for hatred in-
tervention. In this paper, we presented the first
attempt of CN generation for Italian, investigat-
ing several variations of generation when gold data
is limited or not available. Our experiments re-
veal that with simple data augmentation strategies
paired with powerful LMs can bring promising



Model BLEU; BLEU. ROUGE1 ROUGE2 ROUGEL RR Novelty
GP-trans 0.327 0.048 0.236 0.061 0.196  12.795 0.785
GP-ita 0.417 0.231 0.343 0.187 0.305 12.870 0.561
GP-hybrid 0.460 0.287 0.380 0.234 0.344 11.752 0.522

Table 1: Quantitative results of fine-tuned models. BLEU scores are reported at sentence-level (BLEU )

and corpus-level (BLEU,).

GP-trans: La maggior parte dei pedofili nel
Regno Unito sono uomini bianchi, quindi sec-
ondo la vostra logica il mondo sarebbe un
posto migliore senza uomini bianchi? [Most pe-
dophiles in the UK are white men, so by your
logic would the world be a better place without
white men?]

GP-ita: Non esiste nessuna invasione islamica
dell’occidente. La popolazione musulmana in
Italia non supera il 5%. [There is no Islamic
invasion of the West. The Muslim population in
Italy does not exceed 5%.]

GP-hybrid: Non si puo ritenere una invasione
quando il numero di musulmani in Italia ¢ in-
feriore addirittura al 5%. [It cannot be consid-
ered an invasion when the number of Muslims
in Italy is less than even 5%.]

Gold: Salve, in realta il numero di musulmani
in Italia é pari a poco meno il 5% della popo-
lazione totale: ritiene davvero che si possa par-
lare di sostituzione? [Hello, in reality the num-
ber of Muslims in Italy is equal to a little less
than 5% of the total population: do you really
think that we can talk about substitution?]

Table 2: Sample CN generations along with EN
translation. GP-trans generation is grammatically
correct but focused on the UK/FR scenario. In-
stead, GP-ita and GP-hybrid can mimic gold argu-
ments with novel and diverse wording.

results for under-resourced languages. As future
work we plan to explore methods for improving
specificity via the use of diverse types of knowl-
edge (e.g., facts, events and named entities) from
external resources. This would also mitigate the
problem of the model possibly generating halluci-
nated content (i.e. non-existent or wrong content),
see for example (Maynez et al., 2020; Nie et al.,
2019). Finally, we plan to apply this approach to
other hate phenomena such as antisemitism, ho-
mophobia, and misogyny.

Model Suitable Specific Grammar
GP-trans 247 2.20 4.52
GP-ita 2.78 2.32 4.72
GP-hybrid 2.82 2.57 4.40

Table 3: Human evaluation results.
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Abstract

As highlighted by Pustejovsky (1995, 2002), the se-
mantics of each verb is determined by the totality of its
complementation patterns. Arguments play in fact a
fundamental role in verb meaning and verbal poly-
semy, thanks to the sense co-composition principle be-
tween verb and argument. For this reason, clustering of
lexical items filling the Object slot of a verb is believed
to bring to surface relevant information about verbal
meaning and the verb-Objects relation. The paper pre-
sents the results of an experiment comparing the auto-
matic clustering of direct Objects operated by the ag-
glomerative hierarchical algorithm of the Sketch En-
gine corpus tool with the manual clustering of direct
Objects carried out in the T-PAS resource. Cluster
analysis is here used to improve the semantic quality of
automatic clusters against expert human intuition and
as an investigation tool of phenomena intrinsic to se-
mantic selection of verbs and the construction of verb
senses in context.

Keywords: Clustering, verbal Objects, Italian, Se-
mantic Types

1 Introduction

Clustering techniques have been used extensively
in recent decades in Linguistics and NLP, espe-
cially in Word Sense related tasks. As a matter of
fact, partitioning data sets on the basis of their
similarity at a distributional level clarifies the
meaning of lexical elements (Brown et al., 1991).
Partitioning verbal arguments, for example, can
be beneficial to investigate the sense properties
they share but also to explore verbal meaning.

In fact, as highlighted by Pustejovsky (1995,
2002), the semantics of each verb is determined
by the totality of its complementation patterns and
arguments play a fundamental role in verb mean-
ing and verbal polysemy, thanks to the sense co-
composition principle. Id est, the process of bilat-
eral semantic selection between the verb and its
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complement gives rise to a novel sense of the verb
in each context of use (ibidem).

Clustering lexical items filling the argument posi-
tions of a verb is then believed to bring to surface
relevant information about verbal meaning and
the verb-arguments relation. Clustering them, and
especially direct Objects in pro-drop languages
such as Italian, allows hence to investigate how to
better induce, discriminate and disambiguate verb
senses. Because argument fillers share the same
semantic nature, they can be grouped and gener-
alized with respect to their content and be associ-
ated with semantic types, i.e. empirically identi-
fied semantic classes representing selectional
properties and preferences of verbs.

Clustering of Objects can therefore be used as a
survey tool for the intrinsic phenomena of seman-
tic classes and, at the same time, as an object of
investigation to improve the clustering automatic
models themselves against human partitioning.
This paper presents the results of an experiment
comparing manual and automatic clustering of
Italian Object fillers to be used in verb-sense iden-
tification and, along with it, it describes the lin-
guistic phenomena that emerged from the seman-
tic analysis of non-supervised clusters. The com-
parison concerns the agglomerative hierarchical
clustering algorithm of the Sketch Engine corpus
tool' (Kilgarriff et al., 2014) and the manual clus-
tering carried out in the T-PAS resource” (JeZek at
al., 2014), in which verbal senses are identified in
context based on the fillers of the argument posi-
tions (see section 1.1) and are annotated with a se-
mantic type (ST; see section 1.2) able to identify
them. Thanks to their semantic generalization
properties, ST are also believed to represent a use-
ful comparative tool between manual and auto-
matic clustering. After presenting the theoretical
background of the research, section 2 will cover

'www.sketchengine.eu/

2 tpas. fbk.eu




data, method and work pipeline, while clustering
evaluation via metrics and linguistic analysis will
be presented in section 3.

1.1 Clustering verbal Objects fillers

Clustering is a Data Mining task (Kotu & Desh-
pande, 2014) in which a grouping process of a set
of objects is carried out, obtaining clusters of ele-
ments which are similar to each other but dissim-
ilar from the objects of other groups (Xu & Wun-
sch, 2008). In most implementations, clustering is
used with an exploratory function, i.e. it is a tech-
nique applied to data sets for which there is no a
priori knowledge concerning the set membership
of the samples (Lavine and Mirjankar, 2006). In
these cases, clustering is therefore considered as a
non-supervised procedure with the aim of provid-
ing an insight into the studied data. However, it
can be considered a supervised method and re-
garded as a classification task when a manually
created benchmark (a ground truth) is used to as-
sess the output of the clustering (Bishop, 1995).
The manually created partition or the manually
defined set of classes is used to validate the group-
ings proposed by the automatic algorithm,
through a process defined as external clustering
evaluation (Gan, Ma and Wu, 2007). The idea be-
hind this paper is to operate through a procedure
very similar to external evaluation in which the
manual clustering and the automatic one taken
into consideration are mutually compared; but yet
here the aim is not to validate the automatic model
but more to bring out matches and differences be-
tween the partitioning criteria at the basis of the
supervised clustering and the unsupervised one.

The supervised clustering under consideration
here was performed on the lexical items that fill
different argument positions in T-PAS, a resource
of predicate-argument structures for Italian ob-
tained from corpora (Jezek at al., 2014). T-PAS
contains, for each argument slot, the specification
of the semantic class to which the fillers found in
that position in the corpus belong. We considered
the direct Object clusters, which therefore contain
the fillers that occupy that slot in the various oc-
currences of the corpus. To clarify this, given the
following sense for verb pilotare (to pilot), the re-
lated cluster for the Object position will appear as
follows:

3 See Kilgarriff et al. (2015) for statistics and technical details
on similarity computing.
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(1) pilotare
1. [Human] pilotare ([Flying Vehicle] | [Water
Vehicle])

pilotare_clustl: {macchina (car), moto (motor-
bike), barca (boat), caccia (fighter aircraft), nave

(ship)}

The ST defined for the direct Object slot can thus
also be used as a label to semantically identify
what is contained in the cluster.

As for automatic clustering, in our comparison we
used the built-in clustering function (Baisa et al.,
2015) in the Sketch Engine tool (SKE). The model
is based on a hierarchical agglomerative algorithm
that compute the distributional similarity* be-
tween the Object fillers and groups them in an un-
supervised way, starting from a minimum similar-
ity value given to the algorithm (Kilgarriff et al.,
2014). Clusters creation starts with computing
Word Sketches, i.e. automatic, corpus-based sum-
maries of a word’s grammatical and collocational
behaviour (Kilgarriff et al., 2004). The results
concerning the direct Object are then grouped
through a bottom-up process in which clusters are
populated through pairings of words. The inclu-
sion and exclusion criterion is a minimum default
value of 0.15* for distributional similarity. The
clusters created in Sketch Engine for pilotare are
the followings, for which, unlike T-PAS, ST la-
belling is not available:

(2) pilotare_clustl: {nave (ship), barca (boat)}
pilotare_clust2: {macchina (car), moto (mo-
torbike)}
pilotare_clust3: {caccia (fighter aircraft)}’

The main difference between T-PAS and SkE
clustering procedures are the semantic-distribu-
tional criteria on which they are based. T-PAS ap-
proach can be defined as verb-oriented: Objects
are primarily clustered on the basis of their verbal
distributional behaviour and ability to activate a
given verbal sense as direct objects. Since all fill-
ers occupying a given slot for a given sense share
the same relation with the verb, they can be onto-
logically and semantically generalized with an ST
on the basis of their common semantic traits. This
generalization allows to make the verbal selec-
tional constraints visible. On the contrary, SKE

* We also conducted a similarity value manipulation experi-
ment, which confirmed what discussed in detail in section 3.
3 Clusters consist at least of 1 word and up to 1000.



performs noun-based clustering: it takes into ac-
count the general distributional behaviour of fill-
ers, not merely the verbal one. In the process of
creating sets, each filler behaviour is weighed
against the entire reference corpus and with re-
spect to the frequencies of appearance in different
contexts. The elements clustered together in SKE
are therefore not only similar in their sense and
behaviour as direct objects, but also respect to the
whole nominal class they belong to.

1.2 T-PAS System of Semantic Types

As mentioned above, in T-PAS argument slots are
linked to ST labels, semantic classes able to gen-
eralize over the sets of lexical items in argument
positions found in the corpus (Jezek at al., 2014).
The labels belong to the System of Semantic
Types (see Figure 1 for an excerpt), a hierarchical
structure of semantic categories achieved by per-
forming the CPA procedure (Hanks, 2004), on the
evidence of 1200 Italian verbs (Jezek, 2019), i.e.
through the manual analysis of examples in cor-
pora of slots’s fillers and their co-occurrence sta-
tistics. They characterize a group of lexical ele-
ments with respect to their content, defining also
a criterion of similarity and dissimilarity on which
T-PAS clusters are created. STs are used here as a
reference for the comparison of the two clustering
models, for the verification of the clusters internal
semantic quality.

m ANYTHING
= ENTITY
m PHYSICAL ENTITY
m INANIMATE
m ARTIFACT
- STUFF
m LIGHT SOURCE [LOCATION, INANIMATE]
m ANIMATE
= HUMAN
m [ ITUMAN GROUP
= ANIMAL
= ANIMAL GROUP
= BoDpY
m PART OF BODY
m PLANT
m LOCATION
m ABSTRACT ENTITY
m INSTITUTION [ABSTRACT ENTITY, HUMAN GROUP|
m INFORMATION SOURCE
m DOCUMENT [ARTIFACT, INFORMATION SOURCE]
-
= EVENTUALITY
m EVENT
m STATE
m PROPERTY
m COLOUR
= ROLE
m WEIGHT
-

Figure 1: Top-level nodes and a selection of /eafs
from the ST System (Jezek, 2019)
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2 Data and method

The research has been developed through a pipe-
line organized according to the following steps:

1. Data extraction: Data for both clusterings are
extracted from the web crawled corpus [tWac re-
duced (Baroni et al., 2009). In this early stage the
clusters of Object fillers for each verb included in
T-PAS are extracted from the corpus annotated
lines, while for Sketch Engine, the clusters are ex-
tracted for all verbs present in the [tWac corpus.
All lines in the corpus are then scanned and verbal
Objects are mapped through the condition: OBJ =
post verbal noun (PostV_N). Since T-PAS does
not annotate individual fillers as such but only
works at verb and sentence level, this function is
also used to retrieve its Objects.

2. Data intersection: The obtained clusters are
intersected with each other in order to obtain a da-
tabase in which there are sets for the same verbs
and containing the same fillers, to focus on how
the two models carried out the partition.

3. Data filtering: In this step the database is
cleared from:

a) verbs with structures recognized as complex
and non-compositional, i.e. idiomatic construc-
tions;

b) verbs with the ST [Anything] (top node in Fig.
1) in the object slot, as it does not entail selection
restrictions within the T-PAS clusters;

c¢) verbs with Object clusters with more than 29
internal elements.

At the end of the filtering process the clusters of
the two models are aligned with respect to the
STs, i.e. all possible STs signaled in T-PAS for
the Object of a verb are treated as a single set of
semantic conditions, in order to analyze the inter-
nal quality of SKE clusters through them. The
aligned structure of the verb acquisire (to acquire)
in Figure 2 is given here as an example.

N
L B i B ]
/
_ e
[Property]
Figure 2: Aligned STs structure of verb acquisire
The final database comes to a total of 397 verbs

and 3938 clusters, including both T-PAS and SKE
clusters. We provide an illustrative table (Table 1)



showing the first and last verb among those ana-
lyzed and the information on their respective clus-
ters: abbagliare (to dazzle) and votare (to vote).

Verb Source Clusters Clustered items lt::ns
abbagliare | T-PAS 1 nemico, viso, utente 3
abbagliare | T-PAS 2 cliente, inquisitore, 4

uomo, visitatore
abbagliare SkE occhio nemico, uomo 2
abbagliare SkE inquisitore inquisitore 1
abbagliare | SKE pilota visitatore, cliente, 3
utente
abbagliare SkE viso viso 1

votare | T-PAS 1 barzelletta, foto, 4

poesia, sito

votare T-PAS 2 riduzione, emenda- 3

mento, legge

votare SkE barzelletta barzelletta 1

votare SkE post poesia, foto 2

votare SkE sito sito 1

votare SkE mozione emendamento 1

votare SkE r;?g::: legge 1

votare SkE bilancio riduzione 1

Table 1: Complete set of clusters of the first and
last verb of the data set

3 Clustering evaluation

3.1 SKE clustering evaluation

To verify the compatibility between the two clus-
terings, the similarity between the two partitions
has been evaluated through different metrics able
to offer an external evaluation of the unsupervised
model. To account for both the presence of com-
mon pairings, as well as the homogeneity and
completeness of the clustering, the following met-
rics were considered: Fowlkes & Mallow Index
(F&M), Adjusted Rand Index (ARI), Homogene-
ity, Completeness.

F&M, as the geometric mean between precision
and recall, was used to verify the similarity be-
tween the two models from how many partition
pairings are in common. This index also allows to
better balance the possible noise or unrelatedness
between clustering (Fowlkes & Mallows, 1983).
ARI (Hubert & Arabie, 1985) always gives infor-
mation on the overlapping of the two clusterings
in comparison but balances the very large number
of clustered elements in T-PAS (Romano et al.,
2016). Homogeneity and completeness metrics
(Rosenberg & Hirschberg, 2007) are helpful to
better investigate the internal content of the SKE
clusters. They allow to highlight a possible inter-
nal structure, hierarchically and semantically co-
herent with the taxonomy identified for ST. Ho-
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mogeneity evaluates if all automatic clusters cre-
ated contain only elements that are members of a
single class in the manual reference. Complete-
ness, instead, evaluates if all the objects that are
members of a given cluster in SKE are elements of
the same cluster in T-PAS.

As reported by their respective creators, all met-
rics have an optimal result range between 0 and 1.
The possible results between these two limits can
be classified with respect to the greater or lesser
proximity to the optimal limit: the results closer to
1 denote greater similarity of output between the
two models, the results closer to 0 instead less
similarity (Gan, Ma and Wu, 2007).

In this sense, we can define three bands of possi-
bilities, coherently with the approach the higher
the better generally used in cluster analysis: from
0.01 to 0.399, the clustering compared to the
golden standard is highly different, from 0.4 to
0.699 the result and the correspondence is me-
dium-good, while the results above 0.7 and up to
0.999 are the ideal ones, which indicate a marked
correspondence between the compared models.
However, since metrics such as F&W and ARI
have shown the lack of partitions in higher ranges
(the first beyond 0.82, the latter beyond 0.7), we
choose to consider the whole group of medium
good results between 0.4 and 1. The absence of
the higher ranges stands for low compatibility be-
tween the two models.

. Clusters in the
Metric [0.4-1] range
Adjusted Rand Score 11.08%
Fowlkes & Mallow 36.18%
Homogeneity 94.96%
Completeness 41.31%

Table 2: Metrics results

As we see in Table 2, what we find in fact is a
situation of only limited correspondence between
the two clustering, with a rather low overlap and
similarity as indicated by the ARI and the F&M,
even with the internal noise balance. At least two
reasons may be behind the scarce similarity: the
tendency of SKE to create small fine-grained clus-
ters populated by few elements that give more
weight to specificity than to generalization capac-
ity; the fact that in T-PAS for a given verb sense
the Object slot can be compatible with more STs
(see (1)), and such STs can also be hierarchically
distant in the general system of labels. This leads
to clusters containing fillers able to activate a



given verbal sense but which are quite heteroge-
neous among themselves and semantically dis-
similar, with respect to the rest of the distribu-
tional relations between the fillers. An example
can be the verb trasportare (to transport), which
has as T-PAS cluster for the first sense a set of 18
Objects (see (4)); such fillers belong to three dif-
ferent STs: [Inanimate], [Animate] and [Energy].
The latter ST, [Energy], is hierarchically distant to
the others since it has a different parent node than
[Animate] and [Inanimate], which both pertain to
a lower level in the hierarchy.

(3) trasportare
1. [Human] | [Vehicle] | [Watercourse] traspor-
tare [Inanimate] | [Animate] | [Energy]

(4) trasportare clustl: {acqua (water), alimento
(nourishment), animale (animal), arma (weapon),
bene (asset/good), bicicletta (bicicle), cadavere
(corpse), cibo (food), gas (gas), gommone (inflat-
able raft), macchina (machine), oggetto (object),
peso (weight), student (student), terra (soil), traf-
fic (traffic), viaggiatore (traveller), visitatore (vis-
itor) }

It is clear that a fine-grained algorithm, not able to
generalize at a higher level as in T-PAS, will di-
vide fillers labelled with [ Animate] or [Inanimate]
from those labelled with [Energy]. In fact, SKE for
the same verb creates 12 clusters.

As shown in Table 2, the results of the Complete-
ness are in line with what has just been discussed
for ARI and F&M: only in 40% of the cases all
members of a T-PAS cluster are members of a sin-
gle SKE cluster. These are generally small or me-
dium sized clusters with only one associated ST
or with hierarchically close alternative ST struc-
tures. Homogeneity highlights the primary char-
acteristic of SKE clusters and the algorithm: it is
preferable to create smaller but internally purer
clusters, rather than larger sets with members of
other classes. This implies the creation in SKE of
semantically specific clusters, that privilege the
inter-relation between Object fillers but not the
higher semantic level between Object fillers and
verb.

From a different perspective, we can say that the
noun-oriented criteria of clustering and the verb-
oriented ones tend to converge when we consider
small clusters, in which the elements belonging to
a set in SKE generally belong to the same set in T-
PAS.
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As for wide clusters, they are particularly rare in
SKE and tend to be smaller in size than T-PAS an-
yway. Their content also seems to be dependent
on various factors on which the linguistic analysis
has shed light.

3.2 Linguistic analysis of the clusters

To verify the nature of the diversity between the
two clusterings measured with the metrics re-
ported in 3.1, a detailed analysis of the lexical-se-
mantic phenomena visible internally to the clus-
ters was carried out considering:

- The consistency, for automatic clusters, with
one and only one of the aligned T-PAS STs, i.e.
the precision and purity at the semantic level of
clusters compared to the generalization of the ST;
- Internal homogeneity, i.e. whether the clusters
meet verb-sense oriented or noun-sense oriented
criteria and, if the latter, whether the cluster items
are linked by syntagmatic relationships and there
is some kind of affinity or implication between
them. Thus, the types of semantic relations pre-
sent between the words are identified;

- The overlap between clusters with respect to the
ARI, and in relation to cluster size and clustering
difficulty depending on several STs possible for
the same slot;

- The problem of incorrect mapping as Objects of
postverbal Subjects, subjects of inaccusative
verbs, structures with si particle (e.g. reflexive,
impersonal), i.e. the clusters' internal noise.

