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Preface

On behalf of the Programme Committee, a very warm welcome to the Fourth Italian Conference on
Computational Linguistics (CLiC-it). This edition of the conference is held in the wonderful city of
Rome! The conference is locally organised by the University of Rome “Tor Vergata”, and is hosted at the
headquarters of the Italian Research Council (CNR). The CLiC-it conference series is an initiative of the
Italian Association for Computational Linguistics (AILC) which, after four years of activity, has clearly
established itself as the premier national forum for research and development in the fields of Computa-
tional 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 72 submissions, against 64 submissions in 2015 and 69 submissions in
2016. The Programme Committee worked very hard to ensure that every paper received at least two
careful and fair reviews. This process finally led to the acceptance of 21 papers for oral presentation
and 37 papers for poster presentation, with a global acceptance rate of 80% motivated by the inclusive
spirit of the conference and which is in line with the previous editions (81% in 2015 and 80% in 2016).
The conference is also receiving considerable attention from the international community, with 21 (29%)
submissions this year showing at least one author affiliated to a foreign institution. This amounts to a
total of 40 authors over 186 (21%) affiliated to 11 foreign countries: Croatia, Czech Republic, France,
Germany, Netherlands, Romania, Spain, Sweden, Switzerland, United Kingdom, and United States.
Regardless of the format of presentation, all accepted papers are allocated 6 pages in the proceedings,
available as open access publication.

In line with previous editions, the conference is organised around 12 thematic areas. This is a slight
reduction with respect to the 13 thematic areas in the 2016 edition of CLiC-it: we have merged the area
“information retrieval and question answering” and the area “information extraction, entity linking and
(linked) open data”. This year we have also implemented a considerable reduction on the number of area
chairs, moving from 30 area chairs in 2016, with two or three area chairs per area, to 16 area chairs in
2017, with one or two area chairs per area, on the basis of the expected number of submissions. On a
retrospect, the upper bound of two area chairs per area proved to be a reasonable one, given that the most
populated thematic area received 13 submissions.

In addition to the technical programme, this year we are honoured to have as invited speakers such
internationally recognised researchers as Marco Baroni (Facebook Artificial Intelligence Research), Yoav
Goldberg (Bar-Ilan University), and Rada Mihalcea (University of Michigan). We are very grateful to
Marco, Rada and Yoav for agreeing to share with the Italian community their knowledge and expertise
on key topics in computational linguistics.

The programme also includes two panels. One focuses on teaching NLP both at the bachelor and
master levels in Italy and also Europe, and involves panelists who are lecturers at Italian Universities
and teach students with very different backgrounds. In the context of this panel we will also discuss the
results of a survey launched in the months prior to CLiC-it 2017 and aimed at obtaining a panoramic
overview of all Computational Linguistics and Natural Language Processing-related courses taught at



Italian institutions. The second panel revolves around the work that is being done within the Al task force
launched by the Italian Government in order to better understand and explore the opportunities offered
by Artificial Intelligence towards public services. We would like to thank warmly all the panelists who
accepted to be involved in the two events.

Traditionally, around one half of the participants at CLiC-it are young postdocs, PhD students, and
even undergraduate students. This year we want to pay some special attention to these people by featuring
three novel, outreach activities that we would like to highlight here. The first activity is intended to
expose to excellent research our young students who might not be able to travel every year to top-
notch conferences. We have thus started a special track called “Research Communications”, encouraging
authors of articles published in 2017 at outstanding international conferences in our field to submit short
abstracts of their work. Research communications are not published in the proceedings, but are orally
presented within a dedicated session at the conference, in order to enforce dissemination of excellence in
research. Out of 7 submissions, we selected 5 excellent works that will be presented at the conference.
As a second activity, intended to recognise excellence in student research, this year we are introducing
a prize for the best Master Thesis (Laurea Magistrale) in Computational Linguistics, submitted at an
Italian University. This special prize is also endorsed by AILC. We have received 10 candidate theses,
which have been evaluated by a special jury. The prize will be awarded at the conference, by a member
of the jury, accompanied by an oral presentation of the thesis by the student. The third initiative is
the introduction of two tutorials, one at the beginning and one at the end of the conference. They are
complementary inasmuch one (“Stretching the Meaning of Words: Inputs for Lexical Resources and
Lexical Semantic Models”, by Elisabetta JeZek) is targeted to those researchers in NLP who might be
less accustomed to lexical theories, while the other one (“Implementing dynamic neural networks for
language with DyNet”, by Yoav Goldberg) is targeted to those who want to catch up with state-of-
the-art neural approaches, with an applied flavour. We are extremely grateful to Elisabetta and Yoav
who have agreed to teach these tutorials in the context of CLiC-it 2017. And to particularly highlight
the importance that such opportunities have for young researchers, we are proud of having made the
tutorials’ attendance free for all registered students.

Even if CLiC-it is a medium size conference, pulling together this meeting requires major effort on the
part of many people. This conference would not have been 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 207 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 Rome “Tor Vergata” and to the Italian Research Council for their
support in the organisation of the event and for hosting the conference. Finally, we want to acknowledge
the EasyChair infrastructure for the management of the review process and the support in the collection
of the camera-ready papers for the composition of the conference proceedings.

Please join us at CLiC-it 2017 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 is
intellectually stimulating and that you take home many new ideas and techniques that will help extend
your own research.

Roberto Basili, Malvina Nissim, Giorgio Satta
CLiC-it 2017 General Chairs
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Searching for general models that learn compositionally

Marco Baroni
Facebook AI Research
Paris, France

Abstract

For all their impressive results, current machine learning algorithms are only able to solve one
problem at a time, and they can’t generalize even across closely related tasks: A system trained
on chess will have to learn to play checkers from scratch. One reasonable hypothesis for the
difference between algorithms and flexible intelligent beings, who do not have this limitation,
is that only the latter are capable of compositional learning. That is, when faced with a new
challenge, an intelligent being will 1) try to combine skills it already possesses in novel ways to
solve the new task; 2) if new skills are called for, it will store these newly acquired skills in its
cognitive toolkit, to recycle them in the future. In this talk, I will describe our efforts to develop
a very general algorithm that displays the same compositional learning capabilities. The ideas
we are exploring include: allowing the system to progressively freeze some of its weights to
store previously acquired skills; separating input/output steps from computation steps, to allow
the system to perform multi-step “reasoning” on its acquired knowledge; learning objectives that
encourage generalization rather than rote learning.

Joint work with: Tomas Mikolov, Germn Kruszewski, Adam Liska, Rahma Chaabouni, Allan
Jabri



Doing Stuff with Long Short Term Memory networks

Yoav Goldberg
Bar-Ilan University
Israel

Abstract

While deep learning methods in Natural Language Processing are arguably overhyped, recurrent
neural networks (RNNs), and in particular LSTM networks, emerge as very capable learners for
sequential data. Thus, my group started using them everywhere. After briefly explaining what
they are and why they are cool, I will describe some recent work in which we use LSTMs as
a building block. Depending on my mood (and considering audience requests via email before
the talk), I will discuss some of the following: learning a shared representation in a multi-task
setting; learning to disambiguate English prepositions using multi-lingual data; learning feature
representations for syntactic parsing; representing trees as vectors; learning to disambiguate co-
ordinating conjunctions; learning morphological inflections; and learning to detect hypernyms
in a large corpus. All of these achieve state of the art results. Other potential topics include
work in which we try to shed some light on what?s being captured by LSTM-based sentence
representations, as well as the ability of LSTMs to learn hierarchical structures.



Computational Sociolinguistics — An Emerging Partnership

Rada Mihalcea
University of Michigan
United States

Abstract

Computational linguistics has come a long way, with many exciting achievements along several
research directions, ranging from morphology and syntax to semantics and pragmatics. Simulta-
neously, there has been a tremendous growth in the amount of social media data available on web
sites such as Blogger, Twitter, or Facebook, with all of these data streams being rich in explicit
demographic information, such as the age, gender, industry, or location of the writer, as well as
implicit personal dimensions such as personality and values. In this talk, I will describe recent
research work undertaken in the Language and Information Technologies group at the University
of Michigan, under the broad umbrella of computational sociolinguistics, where language pro-
cessing is used to gain new insights into people?s values, behaviors, and world views. I will share
the lessons learned along the way, and take a look into the future of this new exciting research
area.



I Verbi Neologici nell’Italiano del Web:
Comportamento Sintattico e Selezione dell’Ausiliare

Matteo Amore
Universita degli studi di Pavia

matteo.amore@gmail.com

Abstract

Italiano. Si & analizzata la selezione
dell’ausiliare da parte dei verbi intransitivi,
all’interno di un gruppo di neologismi italiani. I
verbi studiati sono stati tratti da elenchi di neolo-
gismi disponibili online. Si & quindi verificata la
loro presenza e il loro comportamento sul corpus
itTenTen. Tali verbi hanno dimostrato una evi-
dente preferenza per I’ausiliare avere.

English. We analyzed the auxiliary verb selec-
tion made by Italian intransitive verbs, purposely
by neological verbs. The verbs were chosen from
online lists of neologisms. We checked the pres-
ence and the behaviour of these verbs on the it-
TenTen corpus. We found that almost all verbs
choose the avere ‘have’ auxiliary.

1 Introduzione

L’obiettivo di questo lavoro consiste
nell’individuare 1’Ausiliare (Aux) selezionato dai
verbi neologici intransitivi dell’italiano. Prima di
discutere approfonditamente 1’ipotesi di ricerca, pe-
ro, € necessario presentare il fenomeno
dell’intransitivitad scissa, in quanto esso costituisce
lo sfondo teorico in cui questo studio si vuole inseri-
re.

1.1 Intrasitivita scissa in italiano

In italiano i tempi verbali composti sono formati da
una forma flessa dell’Aux essere o avere e da un
participio passato. | Verbi (V) transitivi attivi (p.e.
mangiare) selezionano avere,! i riflessivi (p.e. spec-
chiarsi) selezionano essere, mentre i Verbi Intransi-
tivi (V Intr) mostrano un comportamento piu varie-
gato: alcuni selezionano essere (p.e. andare),? altri
avere (p.e. camminare), altri possono comparire con

! Nelle forme passive e in quelle impersonali I’ Aux ¢ essere (nel
passivo si pud trovare anche venire invece di essere).

2 Si noti che, tra le lingue romanze, I’italiano ¢ la lingua con il
piu alto numero di V Intr con Aux essere (Bentley & Eythors-
son, 2003).

entrambi (p.e. correre). Per dare conto della diversi-
ficazione interna al gruppo dei V Intr, Perlmutter
(1978) postula 1’esistenza di due sub-classi di verbi:
i V inaccusativi (con Aux essere) e i V inergativi
(con Aux avere). La differenza tra queste due cate-
gorie corrisponderebbe ad una diversa struttura sin-
tattica profonda: nei V inaccusativi il soggetto
(Subj) superficiale corrisponderebbe ad un oggetto
diretto nella struttura profonda; nei V inergativi il
Subj superficiale corrisponderebbe ad un Subj anche
nella struttura profonda. All’interno di questa teoria,
quindi, la spiegazione del fenomeno risiede nel li-
vello sintattico. Sono in accordo con questa impo-
stazione, tra gli altri, anche gli studi di Burzio
(1986). Altri studiosi hanno proposto che la distin-
zione tra inaccusativi e inergativi sia basata unica-
mente su criteri semantici (Van Valin, 1990; Dowty,
1991; Bentley e Eythdrsson, 2003). A partire dallo
studio di Levin e Rappaport Hovav (1995), si é pero
affermata una tendenza che punta ad integrare i due
piani di analisi; un approccio di questo tipo € utiliz-
zato, nell’ambito della Role and Reference Gram-
mar, da Centineo (1996), in cui particolare impor-
tanza é data al ruolo del Subj rispetto al verbo.
Seguendo un’altra ipotesi, Sorace (tra gli altri,
Sorace, 2000; Bard et al., 2010) identifica con
I’aspetto verbale il fattore semantico determinante
per lintransitivita e, parallelamente, individua 4
sottoclassi gerarchicamente ordinate all’interno dei
V intransitivi. Tale gerarchia ¢ chiamata ASH (Au-
xiliary Selection Hierarchy). A un polo della gerar-
chia si trovano i V che selezionano esclusivamente
I’Aux essere (inaccusativi, massimamente telici),
all’altro polo si trovano i V che selezionano esclusi-
vamente I’Aux avere (inergativi, non telici). I V ap-
partenenti alle due sottoclassi intermedie mostrano
maggiore flessibilita di interpretazione. All’interno
degli inaccusativi la distinzione & dovuta alla statici-
ta del predicato, mentre all’interno degli inergativi il
parametro distintivo € costituito dall’agentivita. Tale
sistema gerarchico, oltre ad essere stato dimostrato
per piu lingue, é stato anche testato attraverso una



serie di esperimenti psicolinguistici (Bard et al.,
2010).

Il lavoro qui presentato costituisce la fase iniziale
di una ricerca piu ampia che conterra un’analisi piu
approfondita dei Verbi Neologici (VNeo). Pertanto
in questo contributo vengono presentati dati di tipo
quantitativo, riservando alle fasi di ricerca successi-
ve le ipotesi sulle cause dell’inergativita.

1.2  Obiettivo di ricerca

L’obiettivo di questo contributo consiste in
un’analisi del comportamento sintattico dei VNeo
dell’italiano. Particolare attenzione viene riservata ai
V Intr e alla selezione dell’Aux di questi V nei tem-
pi composti, in quanto 1’ Aux corrisponde a una delle
discriminanti ~ fondamentali  per  determinare
I’inaccusativita o inergativita di un V Intr in italiano
(cfr. 81.1). Fine ultimo di questa ricerca é stato, per-
cio, fornire un’analisi quantitativa in grado di mo-
strare quanti VNeo Intr selezionano avere come
Aux. In questo modo si & cercato di individuare ed
evidenziare eventuali linee di tendenza nel compor-
tamento sintattico dei VNeo.

1.3 Neologismi

Nell’ambito degli studi sull’intransitivita, i VNeo
costituiscono un’area ancora non indagata. Un neo-
logismo é una parola o espressione nuova, formata
attraverso le regole di formazione proprie del siste-
ma lessicale di una lingua e non ancora registrata nei
vocabolari (Adamo e Della Valle, 2017:8). Tuttavia
riconoscere quali parole siano effettivamente neolo-
gismi non € un compito facile, in quanto la perce-
zione di una parola come nuova pud dipendere in
larga parte dalle competenze e dai criteri soggettivi
propri di ogni utente della lingua (Quemada,
2006:9;11).

Il motivo per cui si é scelto di indagare i neologi-
smi consiste nel loro essere elementi il cui uso non
si e ancora stabilizzato e che pretanto possono pre-
sentare oscillazioni e/o suscitare incertezza in chi li
utilizza. Si pensi, p.e., alla traduzione italiana del V
inglese to scan nel significato di ‘riprodurre digi-
talmente un’immagine attraverso uno scanner’: in
questo caso ’uso oscilla tra due V identici nel signi-
ficato ma differenti nella forma, ossia scansionare e
scannerizzare. Tali oscillazioni appaiono naturali e
possono essere viste come sintomi dell’instabilita
concettuale, morfologica e pragmatica delle nuove
parole (Quemada, 2006:9; Adamo e Della Valle,
2017:23-24).

Nonostante la presenza o I’assenza di una voce
nei dizionari sia un fattore indiscutibilmente impor-
tante per I’identificazione di un neologismo, in que-
sto lavoro, si & dato maggior risalto agli aspetti di
incertezza e instabilita tipici delle neoformazioni,

poiché si & voluto verfificare se tale incertezza possa
realizzarsi anche nella scelta dell’Aux nei tempi
composti. Proprio per dare piu spazio a tali possibili
oscillazioni si € scelto di utilizzare anche una risorsa
online basata sulle segnalazioni degli utenti del sito
dell’ Accademia della Crusca (cfr. §2.2).

In conclusione, proprio perché lo statuto neologi-
co di una espressione pud assumere a volte contorni
sfumati (cfr. supra), la nozione di neologismo uti-
lizzata in questo lavoro é piuttosto ampia ed € volta
ad includere, oltre ai neologismi stricto sensu, non
solo termini che stanno entrando (o potrebbero en-
trare) nel lessico comune a partire da linguaggi set-
toriali o varieta non standard, ma anche parole re-
centemente registrate in opere lessicografiche. Da
questi presupposti derivano pertanto le scelte meto-
dologiche operate (cfr.§2).

2 Metodologia
2.1  Scelta del corpus

La scelta di una ricerca corpus-based é stata effet-
tuata per rispondere a piu esigenze contemporanea-
mente. Dato che il contesto sintattico € considerato
decisivo nella scelta di un Aux, ’utilizzo di un cor-
pus e sembrata una scelta valida. Inoltre il corpus
itTenTen (Jakubicek et al., 2013) é il piu grande
corpus disponibile per I’italiano (4,9 miliardi di pa-
role), ed é anche un corpus web-based e ciod ha sicu-
ramente favorito la presenza, nelle attestazioni, di
molti verbi usati in ambito informatico, settore par-
ticolarmente esposto all’influenza dell’inglese e
continuo portatore di nuovi referenti.

2.2 Creazione della lista

Per ottenere una lista di neologismi quanto piu ag-
giornata possibile, si ¢ scelto di basare I’indagine su
due elenchi disponibili online. Il primo é costituito
dalla pagina riservata ai neologismi su Treccani.it
(http://www.treccani.it/lingua_italiana/neologismi/s
earchNeologismi.jsp).2 Tale lista e stata scelta per la
sua notevole ampiezza (piu di 12000 voci) e perché,
nonostante sia un lavoro in continua fase di svilup-
po, ogni voce presente & corredata da un contesto
d’uso reale tratto da un quotidiano o rivista a diffu-
sione nazionale. Cio dimostra come dietro a questo
elenco ci sia un processo di revisione e controllo
delle voci.

Il secondo riferimento corrisponde, invece,
all’elenco dei termini nuovi che sono stati segnalati
piu  frequentemente dagli utenti del sito
dell’ Accademia della Crusca
(http://www.accademiadellacrusca.it/it/lingua-

3 Ultima consultazione 15/01/2017.



italiana/parole-nuove/parole-piu-segnalate). * E ne-
cessario sottolineare che su tale elenco non viene
esercitato nessun controllo editoriale,® né vi € un
confronto con risorse lessicografiche esistenti, per-
cio la lista pud contenere voci gia incluse nei dizio-
nari oppure elementi legati a varieta regionali. No-
nostante questi limiti, si € scelto di utilizzare la ri-
sorsa considerandola come un riflesso della perce-
zione dei parlanti riguardo alle parole avvertite co-
me neoformazioni. Un ulteriore e piu importante
vantaggio offerto da questa lista é la presenza di V
meno diffusi e afferenti ad ambiti pil eterogenei®
rispetto a quelli presenti nell’elenco di Treccani.it.’

Un aspetto postivo di entrambe le risorse é costi-
tuito dal loro costante aggiornamento che, offrendo
una rappresentazione dinamica del lessico, ha per-
messo di analizzare termini la cui diffusione fosse la
pitl recente possibile.® Quindi, sebbene le risorse
presentino dei limiti, si é scelto di utilizzare entram-
bi gli elenchi senza apportare modifiche o filtri.

Non esistendo una risorsa che ne permettesse la
consultazione offline, I’elenco completo dei neolo-
gismi presenti su Treccani.it & stato estratto automa-
ticamente.® La lista di tutte le forme provenienti dal-
le due fonti comprende circa 12500 parole ed
espressioni complesse.® All’interno della lista, SOno
state esaminate tutte le parole terminanti in -are, -
ere o -ire, con lo scopo di selezionare esclusivamen-
te i VNeo. Lo spoglio manuale dell’elenco ha con-
dotto a un totale di 368 lemmi.

2.3

Partendo da tale lista, si & condotta una ricerca sul
corpus ItTenTen, attraverso I’interfaccia di Sketch
Engine (Kilgarriff et al., 2014;
http://www.sketchengine.co.uk), la quale permette,
oltre ad altre tipologie, sia una ricerca per lemma,
sia una ricerca per forme singole. Per ogni verbo si

Ricerca su itTenTen

4 Ultima consultazione 15/01/2017.

5 L’unica revisione che viene effettuata ¢ volta ad eliminare
dall’elenco volgarita, bestemmie et simlia.

6 Si danno qui alcuni esempi: screenshottare ‘salvare come
immagine cio che viene riprodotto su uno schermo, p.e. di uno
smartphone’; camperare ‘pratica attuabile in alcuni videogiochi
che consiste nel rimanere a lungo nascosti per evitare di essere
colpiti’. Entrambi questi VV sono stati riscontrati nel corpus it-
TenTen.

" L’elenco di neologismi costruito dall’ ONLI (Osservatorio
Neologico della Lingua Italiana) non ¢ stato incluso nella ricer-
ca in quanto quest’ultimo presentava un gruppo piu ristretto di
V, parzialmente rappresentato anche nell’elenco di Treccani.it.

8 Si noti che i piu recenti repertori di neologismi italiani stampa-
ti sono stati pubblicati nel 2008 (Adamo e Della Valle, 2008;
Sanguineti, 2008).

% Tale operazione ¢ stata effettuata attraverso la funzione “carica
dati esterni da web” di Microsoft Excel 2010®.

10 Qltre a parole semplici (p.e. admin), figurano anche composti
(p.e. aereo bomba, baby-hacker); sintagmi di vario genere (p.e.
adozione mite, a colpi di maggioranza); sigle (p.e. ADSL).
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sono cercate sia tutte le occorrenze del relativo
lemma (per ottenere tutte le forme flesse), sia le oc-
correnze del solo participio passato. La ricerca per
participio passato € stata necessaria per vari motivi:
a) per trovare anche occorrenze che avessero presen-
tato una lemmatizzazione errata (e, trattandosi di
neologismi, si & ipotizzato che non tutti fossero
lemmatizzati correttamente); b) per ottenere in ma-
niera pit immediata risultati contenenti forme ver-
bali composte da Aux e participio; c) per includere
anche i casi in cui il participio passato fosse stato
etichettato come aggettivo (per moltissimi verbi,
infatti, parte delle occorrenze é costituita da participi
passati in funzione aggettivale). Considerata la
quantita degli elementi da ricercare per la ricerca sul
corpus si € utilizzato il comando in linguaggio Py-
thon webbrowser.open( ) che ha permesso ’apertura
di piu pagine web (e quindi piu ricerche) contempo-
raneamente.!!

2.4  Analisi morfosintattica

Per ogni elemento della lista sono stati individuati
gli eventuali suffissi derivativi (p.e. -izzare, -
eggiare) e, quando possibile, la base lessicale da cui
il neologismo € derivato (p.e. slalom & base di sla-
lomeggiare). Per quanto riguarda la base lessicale, si
e scelto di registrare anche le informazioni relative
alla lingua di origine (italiano o inglese). La lingua
d’origine, pero, non & stata annotata nelle seguenti
situazioni: casi in cui la base fosse un nome proprio
di persona o di luogo (p.e. Berlusconi in berlusco-
neggiare, Lisbona in lisbonizzare), casi in cui la ba-
se fosse il nome di un marchio (p.e. Facebook in
facebookare) e casi in cui la base corrispondesse ad
una sigla (p.e. LOL in lollare). In quest’ultima si-
tuazione si € scelto di non segnalare la lingua
d’origine in quanto si ¢ ritenuto che 1’uso (e la cono-
scenza del significato) di alcune sigle o acronimi
puod essere indipendente dalla conoscenza delle sin-
gole parole che hanno dato vita alla sigla stessa
(Adamo e Della Valle, 2017:103).

L’analisi piu pertinente all’obiettivo di questo la-
voro é quella relativa al comportamento sintattico
dei V. Nei casi in cui nel corpus fosse presente al-
meno una occorrenza per lemma, le informazioni
sintattiche sono state dedotte dal corpus; per i V non
rappresentati nel corpus (esclusi dalle analisi suc-
cessive) I’attribuzione del tipo sintattico ¢ stata ba-
sata sul giudizio di chi scrive. Le categorie utilizza-
te per descrivere il tipo sintattico del verbo sono le
seguenti: Transitivo (Tr); Intransitivo (Intr); Alter-
nante Transitivo/Intransitivo (Tr\Intr);*2 inoltre sono

11 Per ulteriori informazioni sul comando si rimanda a
https://docs.python.org/2/library/webbrowser.html .
12 Oltre ai V esclusivamente trasitivi e V esclusivamente intran-

sitivi, in italiano esiste anche una classe piuttosto numerosa di



state riconosciute altre categorie presenti in misura
minore rispetto alle precedenti.®® Infine, per i V Intr
(o alternanti Tr\Intr) é stato individuato, quando
possibile, I’Aux selezionato dal V (distinguendo
dagli altri i V che presentavano doppio Aux). Al
fine di ottenere dati piu solidi da un punto di vista
empirico, si é scelto di prendere in considerazione
solo i verbi rappresentati nel corpus. Trattandosi, in
alcuni casi, di lemmi molto rari e poco utilizzati si &
scelto di esaminare solo i VNeo che fossero rappre-
sentati da piu di un’occorrenza nel corpus.** 1 VNeo
presenti nel corpus sono stati separati dagli altri e
costituiscono una lista di 206 lemmi.

Si noti, infine, che qui viene proposta un’analisi
di tipo quantitativo e che tale indagine si configura
come un primo stadio di uno studio pit ampio che
comprendera anche analisi di natura qualitativa.

3 Risultati
3.1

All’interno del gruppo di VNeo riscontrati nel cor-
pus, la maggioranza dei V risultano essere transitivi
(1), mentre i V Intr costituiscono un insieme molto
pit piccolo (2). In misura ancora inferiore vi sono i
V che mostrano un’alternanza del tipo Transiti-
vo(3)a)\Intransitivo(3)b). La (Figura 1) riassume
questi dati.

(1) Gli investigatori hanno attenzionato en-

trambe le abitazioni

Comportamento sintattico

(2) Anni fa girava a comiziare su una camionet-
ta

@)
a. Molta gente che ha opinionato questo film
b. 1l tuttologo puo opinionare su tutto e tutti

Per quanto riguarda la relazione tra comporta-
mento sintattico e lingua di origine della base del
neologismo, nei dati analizzati é stata riscontrata
un’asimmetria: nei neologismi derivati da termini
italiani i V con alternanza Tr\Intr sono un gruppo
pill ristretto rispetto a quelli non alternanti, mentre
per i neologismi derivati da termini inglesi vi & una
sostanziale parita tra V Intr e VV Tr\Intr (cfr. Figura
2).

verbi che possono essere, a seconda dei casi, sia transitivi sia
intransitivi. Es.: suonare € Tr in Giulia sta suonando una nuova
canzone, mentre € Intr in Giulia sta suonando (Jezek, 2003:94).
13 Tali categorie sono: Riflessivo/pronominale; Passivo (usato
nel caso in cui di un V siano state trovate solo occorenze in
forma passiva, p.e. alluminizzare); Alternante Intransiti-
vo/riflessivo; Alternante Transitivo/intransitivo/riflessivo; Al-
ternante Transitivo/passivo; Alternante Intransitivo/passivo;
Non identificabile su base intuitiva.

14 Si noti che itTenTen viene sottoposto a revisione periodica,
per cui la presenza di alcuni dati potrebbe variare nel tempo.
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Figura 2. Comportamento sintattico e lingua di origine
della base del neologismo

3.2

Per quanto riguarda la selezione dell’Aux da parte
dei V Intr, i dati raccolti mostrano una tendenza net-
ta. Se si considerano solo i V Intr o i V che presen-
tano alternanza con il tipo Intr (per un totale di 80
V), solamente in 3 casi I’Aux ¢ essere (ma cfr. in-
fra); in altri 3 casi I’Aux puo alternare tra essere e
avere; in 24 casi non & stato rintracciato nessun
Aux. In tutti gli altri 50 casi I’Aux selezionato ¢
avere e, se si escludono i casi per cui ’Aux non ¢
stato rinvenuto, tale cifra corrisponde all’89% del
totale.

I verbi con Aux essere sono: pacsare (usato an-
che nella forma pacsarsi con gcn.) ‘unirsi in un con-
tratto coniugale denominato PACS’ (4); imbufali-
re/imbufalirsi ‘arrabbiarsi’(5); loggare/loggarsi ma
solo nel significato ‘effettuare 1’accesso ad un si-
stema protetto tramite delle credenziali’ (6).%° Si noti

Selezione dell’ausiliare

15 Questo verbo presenta anche un altro significato di tipo tran-
sitivo che corrisponde a ‘registrare le operazioni effettuate’.



che pacsare/-rsi pud essere considerato come un
troponimo di sposare/-rsi, mentre loggare/-rsi & un
sinonimo (tecnico) di ‘entrare’. Entrambi gli equiva-
lenti non neologici presentano 1’Aux essere. Si noti
che in alcune occorrenze di questi V, il participio
passato sembra svolgere una funzione aggettivale.
(4) 1l mio compagno, con cui sono pacsato da
piu di 6 anni
(5) Davide era letteralmente imbufalito contro
la situazione dei parcheggi

(6) Se sei loggato, verrai identificato con il tuo
nome utente

Per quanto riguarda il V imbufalire/imbufalirsi, la
forma imbufalire in casi come (5) presenta 1I’Aux
essere in modo coerente con altri verbi parasintetici
dell’italiano (p.e. ingiallire, shiancare, arrossire) il
cui significato equivale a ‘diventare X’ (e in cui il
soggetto non ha controllo sull’azione). Anche nella
forma riflessiva, ovviamente, il V mostra I’Aux es-
sere.

I tre verbi che presentano I’alternanza ave-
re/essere sono invece: crashare ‘smettere di funzio-
nare per motivi legati ad un software’(7); sifonare
‘rubare; fare sesso’ (8); colazionare ‘fare colazione’
9).

()

a. Il programma ha crashato varie volte
b. Infatti & crashato solo una volta

(8)
a. Ormai si e sifonato Gabriela

b. | due traditori avrebbero sicuramente sifo-
nato selvaggiamente

(9)

a. Stamane avevo gia colazionato con caf-
felatte

b. Prometto saro gia colazionato

Questi ultimi due V perd non andrebbero conside-
rati come realmente alternanti: infatti sifonare pre-
senta I’Aux essere solo nella forma pronominale
sifonarsi gcn. (modellato sui vari verbi che indicano
I’attivita sessuale come scopare/-rsi, etc.), mentre
quando il participio passato colazionato appare con
il V essere, esso si comporta come un aggettivo in-
dicante uno stato (interpretabile come ‘sazio a causa
della colazione”).

La classe dei V Intr con Aux avere € piuttosto
eterogenea e per completezza se ne riportano solo
alcuni esempi: outperformare ‘produrre prestazioni
superiori alla media’(10); saltapicchiare ‘saltellare,
passare da un posto ad un altro’(11).

(10) Le banche oggi
I’indice generale

hanno outperformato

(11) Ho saltapicchiato qua e la.

4  Conclusioni

La netta maggioranza dei neologismi esaminati se-
leziona avere come Aux nei tempi composti, mentre
in presenza dell’Aux essere il participio tende a in-
dicare uno stato e sembra assumere un valore agget-
tivale.

Tale comportamento potrebbe essere indice di
una propensione, in italiano contemporaneo, per una
separazione netta tra le funzioni svolte dai due Aux.
In alternativa si pud ipotizare una preferenza per la
creazione di V inergativi, rispetto agli inaccusativi.

Come accennato in precedenza (81.1 e §2.4), tale
analisi ha voluto indagare aspetti principalmente
quantitativi, percio sara necessariamente ampliata
per stabilire quali sono, se esistono, le motivazioni
per i dati riscontrati. In particolare, si indagheranno
ipotesi riguardanti I’aspetto semantico dei VNeo.
Un’analisi incentrata sulla semantica dei neologismi
studiati potrebbe essere utile, infatti, per mostrare
eventuali tendenze nella creazione di nuovi verbi (in
termini di preferenze semantiche e/o aspettuali).

Un ulteriore campo di indagine meritevole di ap-
profondimento potrebbe essere quello relativo ai
valori e alle funzioni svolte dal participio passato in
cooccorrenza con 1’ Aux essere.

Nonostante i limiti costituiti da una nozione di
neologismo ampia ma tenue e dall’utilizzo di un
corpus vasto ma dalla rappresentativita relativa, il
lavoro offre dei dati quantitativamente chiari e che
confermano 1’importanza di risorse come i corpora
per I’avanzamento degli studi lessicografici (e non
solo).
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Abstract

English. We propose a hierarchical se-
mantic representation of urban areas ex-
tracted from a social network to classify
the most predominant land use, which is
a very common task in urban computing.
We encode geo-social data from Location-
Based Social Networks with standard fea-
ture vectors and a conceptual tree structure
that we call Geo-Tree. We use the latter
in kernel machines, which can thus per-
form accurate classification, exploiting hi-
erarchical substructure of concepts as fea-
tures. Our comparative study on three
datasets extracted from Milan, Rome and
Naples shows that Tree Kernels applied
to Geo-Trees are very effective improving
the state of the art.

Italiano. In questo lavoro, proponiamo un
nuovo modello semantico per la rappre-
sentazione di aree urbane utilizzando dati
da social media. In particolare, model-
liamo tale informazione con una struttura
ad albero che abbiamo chiamato Geo-
Tree. Questa viene utilizzata, in combi-
nazione con un vettore di feature clas-
sico, nelle kernel machine per fare clas-
sificazione della destinazione di uso delle
aree urbane. Abbiamo valutato il nostro
approccio su tre grandi metropoli italiane
quali Milano, Roma e Napoli. I risultati
mostrano come i Geo-Tree, applicati ai
Tree Kernel, riescono a raggiungere risul-
tati di molto superiori ad altri modelli at-
tualmente stato dell’arte.

1 Introduction

The growing availability of data from cities (Bar-
lacchi et al., 2015a) (e.g., traffic flow, human mo-
bility and geographical data) opens new opportu-
nities for predicting and thus optimizing human
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activities. For example, the automatic analysis of
land use enables the possibility of better adminis-
trating a city in terms of resources and provided
services. However, such analysis requires specific
information, which is often not available for pri-
vacy concerns. In this paper we follow the ap-
proach proposed in (Barlacchi et al., 2017) and
we use public textual descriptions of urban ar-
eas to design a novel machine learning represen-
tation. We represent urban areas as: (i) a bag-
of-concepts (BOC), e.g., the terms Arts and En-
tertainment, College and University, Event, Food
extracted from the Foursquare description of the
area; and (ii) the same concepts above organized in
a tree, which reflects the hierarchical organization
of Foursquare activities. We combine BOC vec-
tors with Tree Kernels (TKs) (Collins and Dufty,
2002; Moschitti, 2006) applied to concept trees
(Geo-Tree) and use them in Support Vector Ma-
chines (SVMs). The Geo-Tree allows the model
to learn complex structural and semantic patterns
from the hierarchical conceptualization of an area.
We show that TKs not only can capture seman-
tic information from natural language text, e.g., as
shown for semantic role labeling (Moschitti et al.,
2008) and question answering (Severyn and Mos-
chitti, 2013; Barlacchi et al., 2015b), but they can
also learn from the hierarchy above to perform se-
mantic inference, such as deciding which is the
major activity of a land.

We carried out a study on land use prediction
of three Italian cities: Milan, Rome and Naples
as follows: (i) we divided each city in squares of
200x200 meters; (ii) then, we classify the most
predominant land use class (e.g., High Density Ur-
ban Fabric or Open Space and Outdoor), assigned
by the city administration. The results show that
GeoTKs achieve an impressive improvement over
state-of-the-art classification approaches based on
BOC.,, i.e., 21.2%, 13.6% and 54.3% of relative
improvement in Macro-F1 over Milan, Rome and



Naples datasets, respectively.

2 Related Work

Previous work has modeled land use classification
by means of different sources of information. For
example, Yuan et al. (2012) built a framework that,
using human mobility patterns derived from taxi-
cab trajectories and Point Of Interests (POIs), clas-
sifies the functionality of an area for the city of
Beijing. Assem et al. (2016) proposed a spatio-
temporal approach based on three different clus-
tering algorithms to model the change of function-
ality of a city’s region over time. They extracted
features from Foursquare’s POIs and check-in ac-
tivities of Manhattan. Yao et al. (2017) built se-
quences of POI concepts reflecting their spatial
distance. Then, they applied Word2Vec (Mikolov
et al., 2013) to these sequences to derive vectors
representing each area, which was used to train
a land use classifier. In general, most previous
work applies extensive feature engineering, which
is typically costly as it requires to fully understand
the target domain. Our approach alleviates this
problem with automatic feature engineering ap-
plied to an abstract land representation.

3 Land Description Data

Geospatial city areas are described with the pop-
ular shape file format, where each shape is a col-
lection of points geo-localized using their coordi-
nates. The latter are provided with the well-known
Coordinate Reference System (CRS) WGS84,
adopted for the common latitude/longitude geolo-
cation. We use (i) shape files provided by Urban
Atlas', a website providing data for large urban ar-
eas (more than 100, 000 inhabitants) and (ii) POIs

from Foursquare?.

3.1 Land Use

Cities are divided in small areas associated with
a main land use. In total, there are 17 differ-
ent land use classes defined from the open dataset
Urban Atlas 3. We focused on those related to
city centers, discarding those less interesting from
a social viewpoint, i.e., associated with rural ar-
eas such as forests, agricultural, semi-natural and
wetland areas and mineral extraction and dump
sites. Thus, we selected the following categories:

"https://www.eea.europa.eu/data-and-maps/data/urban-
atlas
Zhttps://foursquare.com/

3https://www.eea.europa.eu/data-and-maps/data/urban-
atlas#tab-additional-information
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(1) High Density Urban Fabric, (ii) Medium Den-
sity Urban Fabric, (iii) Low Density Urban Fab-
ric, (iv) Industrial, commercial, public, military
and private units, (v) Open Space & Recreation,
(vi) Transportation. We collapsed Medium and
Low Density Urban Fabric into one single cate-
gory, ML-Density Urban Fabric as they only have
few samples. Land use distribution is very fine-
grained, making its classification based on POI in-
formation very difficult. A trade-off between clas-
sification accuracy and the desired area granular-
ity consists in segmenting the regions in squared
cells. As each cell can contain more than one land
use label, we consider the predominant label as its
primary use.

3.2 Point-Of-Interest

A POI is usually characterized by a location (i.e.,
latitude and longitude), textual information (e.g.,
a description of the activity in that place) and
a hierarchical categorization that provides differ-
ent levels of detail about the activity of the place
(e.g., Food, Asian Restaurant, Chinese Restau-
rant). We used POlIs extracted from Foursquare, a
geolocation-based social network supported with
web search facilities for places and a recommen-
dation system. In particular, we extracted 46,731,
43.389 and 7,219 POIs from Milan, Rome and
Naples®, respectively. We focused on the ten
macro-categories of such POIs>, each one special-
ized in maximum four levels of detail.

4 Structural Models

In most machine learning algorithms data exam-
ples are transformed in feature vectors, which
in turn are used in dot products to carry out
both learning and classification. Kernel Machines
(KMs) allow for replacing the dot product with
kernel functions, which directly compute it on the
examples, i.e., they avoid the transformation of ex-
amples in vectors. The main advantage of KMs is
a much lower computational complexity as it does
not directly depend on the feature space size.

4.1 Point-of-interests Features

The most straightforward way to represent an area
by means of Foursquare data is the use its POIs.
Every venue is hierarchically categorized (e.g.,
Professional and Other Places — Medical Center
— Doctor’s office) and the categories are used to
produce an aggregated representation of the area.

“For some reasons Foursquare is less popular in Naples
Shttps://developer.foursquare.com/categorytree



We define a feature vector for a grid cell by count-
ing the macro-level category (e.g., Food) in all the
POIs that we found in that cell.

4.2 Geographical Tree Kernel

Foursquare has its own hierarchy of categories,
which is used to characterize each location and ac-
tivity (e.g., restaurants or shops) in the database.
Thus, each Foursquare POl is associated with a hi-
erarchical path, which semantically describes the
type of location/activity (e.g., for Chinese Restau-
rant, we have the path Food — Asian Restau-
rant — Chinese Restaurant). The path is much
more informative than just the target POI name,
as it provides feature combinations following the
structure and the node proximity information, e.g.,
Food & Asian Restaurant or Asian Restaurant
& Chinese Restaurant are valid features whereas
Food & Chinese Restaurant is not.

Nightlife spot —» bar —>» beer garden

0 9

EShop service —» Salon barbershop

.

Cell of 200x200 meters

!

ROOT

[T~

Food —» Cafe

nightlife-spot food shop-service
bar café salon-barbershop
beer-garden
L 1
Geo-Tree

Figure 1: Example of Geo-Tree built from a col-
lection POIs in a cell.

Geo-Tree: we propose a new tree structure, i.e.,
Geo-Tree, whose nodes and edges among them are
subsets of the Foursquare hierarchy (FH). A Geo-
Tree of a grid cell is constituted by a new root node
connecting the subtrees of FH rooted in concepts
present in the cell. In other words, we connect all

the paths of FH starting from grid concepts. Figure
1 shows an example of the FH paths of a cell and
the resulting Geo-Tree.

This way, the nodes of the first level, i.e.,
the root children, correspond to the most general
FH categories, e.g., Arts & Entertainment, Event,
Food, etc., the second level of our tree corre-
sponds to the second level of the hierarchical tree
of Foursquare, and so on. The terminal nodes are
the finest-grained descriptions in terms of category
about the area, e.g., College Baseball Diamond
or Southwestern French Restaurant. For exam-
ple, Fig. 2 illustrates the semantic structure of a
grid cell obtained by combining all the categories’
chains of each venue.

arts-entertainment  outdoors-recreation

s

shop-service

/ ~ — \ T~
stadium playground well building medical-center office market

basketball-stadium

Figure 2: Example of Geo-Tree in Milan for an
area labeled as Open Space & Recreation.

GeoTK: given a Geo-Tree, we can encode all
its substructures in kernel machines using TKs.
In particular, we used the Syntactic Tree Kernels
(STKp) with Bag-Of-Words and the Partial Tree
Kernel (PTK) (Moschitti, 2006). Our TKs by con-
struction do not consider the frequency® of the
POIs present in a given grid cell.
BOC kernel: to complement GeoTK, we repre-
sent a cell also creating a BOC representation,
namely we count the macro-level category (e.g.,
Food) in all the POIs that we found in any cell
grid. This way, we generate feature vectors by
counting the number of each activity under each
macro-category. In order to take into consideration
the popularity of the area, we included (i) the total
sum of unique users that did at least one check-in
in the cell, and (ii) the total sum of check-in done
in the cell. Note that, given an area, the number of
unique users provides an idea on how many peo-
ple visited it, while the number of check-in can be
used to represent its popularity.
Kernel combination: finally, given two geo-
graphical areas, z® and 2P, we define a kernel
combining Geo-Tree and BOC as: K (2%, 2%) =
TK(t%t%) + KV(v% v®), where TK is any
®1t is possible to add the frequency in the kernel computa-
tion but for our study we preferred to have a completely dif-

ferent representation from previous typical frequency-based
approaches.

17



structural kernel function applied to tree represen-
tations, t* and t® of the geographical areas and
KV is a kernel applied to the feature vectors, v®
and v?, extracted from 2% and z® using any data
source available (e.g., text, social media, mobile
phone and census data).

5 Experiments and Results

We performed our experiments on the data from
Milan, Rome and Naples. We used a grid of
200x200meters as it is indicated as the best size
from other similar previous work on land use
classification (Toole et al., 2012; Zhan et al.,
2014; Barlacchi et al., 2017). We applied a
pre-processing step in order to filter out cells for
which land use classification cannot be performed.
In particular, for Milan and Rome, we selected
the central point of the shape and we included
those cells that have their centroid in the radius
of 15 and 8 kilometers, respectively. For Naples,
we kept all the cells due to the smaller size of the
city. Then, for all the three cities, we removed the
cells that (i) cover areas without a specified land
use (e.g., the cells in the sea) and (ii) do not have
POIs (e.g., the countryside cells). After this step,
we obtained a grid with 2,581, 5,657 and 1,314
cells for Milan, Rome and Naples, respectively.
We created, separately for each city, the training
and test set randomly sampling 80% vs. 20% of
the cells. We labelled the dataset following the
same category aggregation strategy proposed by
Zhan et al. (2014), who assigned the predominant
land use class to each grid cell.

To train our models, we applied SVM-Light-
TK’, which enables the use of structural kernels
(Moschitti, 2006) in SVM-Light®. In particular,
due to the nature of the task, we used the Python
wrapper around SVM-Light-TK to perform mul-
ticlass classification’. We experimented with lin-
ear, polynomial and radial basis function kernels
applied to standard feature vectors. We measured
the performance of our classifier by averaging Pre-
cision, Recall and F1 over all land use categories.

5.1 Results for Land Use Classification

We trained multi-class classifiers using com-
mon learning algorithm such XGboost (Chen and
Guestrin, 2016), and SVM using linear, poly-

http://disi.unitn.it/moschitti/Tree-Kernel.htm

8http://svmlight.joachims.org/

“https://github.com/aseveryn/SVMTK-Multiclass-
Classifier
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[ City [ Model [ Prec.  Rec. F1 ]
baseline 0.200 0.119 0.149
XGBoost 0.294 0317 0.297
Milan STK_b+Rbf | 0.368 0.364 0.360
PTK+Rbf 0.430 0350 0.345
STK_b 0.448 0.307 0.320
PTK 0.364 0302 0.309
baseline 0.200 0.089 0.124
XGBoost 0.291 0306 0.279
Rome STK_ b+Lin | 0.359 0.314 0.317
STK 0.338 0.300 0.302
PTK 0.340 0.300 0.299
PTK+Lin 0.359 0.297 0.291
baseline 0.200 0.100 0.133
XGBoost 0.236 0.272 0.219
Naples STK_b+Rbf | 0.361 0.331 0.338
STK_b+Lin 0.338  0.302 0.300
STK_ b 0.409 0.290 0.299
PTK 0.318 0.298 0.297

Table 1: Classification results on Rome, Milan and Naples.
Prec., Rec. and F1 are averaged over all categories.

nomial and radial basis function kernels, named
SVM-{Lin, Poly, Rbf}, respectively, and our
structural semantic models, indicated with STK,
and PTK. We also combined kernels with a sim-
ple summation, e.g., PTK+Lin indicates an SVM
using such kernel combination.

Table 1 shows the average of F1, Precision and
Recall over the different categories. The model
baseline is obtained by always classifying an ex-
ample with the label High Density Urban Fabric,
which is the most frequent. Due to space con-
straint, we only reported six models, namely: the
baseline, XGBoost and the top four kernel models.

We note that: (i) GeoTK always outperforms
XGBoost and the baseline, demonstrating the su-
periority of our novel approach. This is an inter-
esting finding as XGboost is the current state of the
art for land use classification. (ii) STK} combined
with feature vector always produces the best re-
sults, improving the F1-score over XGBoost up to
6.3, 3.8 and 11.9 absolute points for Milan, Rome
and Naples, respectively. (iii) Kernel combina-
tions always provide the best results.

6 Conclusions

In this paper, we have introduced Geo-Trees, a
novel semantic representation based on a hierar-
chical classification of POls, to better exploit geo-
social data to the classification of the primary land
use of an urban area. This is an important task
as it gives the urban planners and policy makers
the possibility to better administrate and renew a
city in terms of infrastructures, resources and ser-
vices. More in detail, we have built our classi-



fiers with combinations of a kernel over BOC and
TKSs applied to Geo-Trees, thus exploiting hierar-
chical substructure of concepts as features. Our
comparative study on three large Italian cities, Mi-
lan, Rome and Naples shows that our models can
relatively improve the state of the art up to 11.9
absolute points in F1-score.
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Predicting Controversial News Using Facebook Reactions
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Abstract

English. Different events and their re-
ception in different reader communities
may give rise to controversy. We pro-
pose a distant supervised entropy-based
model that uses Facebook reactions as
proxies for predicting news controversy.
We prove the validity of this approach by
running within- and across-source exper-
iments, where different news sources are
conceived to approximately correspond to
different reader communities. Contextu-
ally, we also present and share an au-
tomatically generated corpus for contro-
versy prediction in Italian.

Italiano.  Diversi tipi di eventi e la
loro percezione in diverse comunita di
utenti/lettori possono dare vita a contro-
versie. In questo lavoro proponiamo un
modello basato su entropia e sviluppato
secondo il paradigma della “distant su-
pervision” per predire controversie sulle
notizie usando le reazioni di Facebook
come “proxy”. La validita dell’approccio
e dimostrata attraverso una serie di esper-
imenti usando dati provenienti dalla stessa
fonte o da fonti diverse. Contestualmente,
presentiamo anche un corpus generato au-
tomaticamente per la previsione delle con-
troversie in italiano.

1 Introduction and Background

The explosion of social media (e.g. Facebook,
Twitter, Disqus, Reddit, Wikipedia, among others)
and the increased interactions with readers-users
that traditional newspapers embraced, have trans-
formed the Web in a huge agora, where news are
shared, opinions are exchanged, and debates arise.

Tommaso Caselli
CLTL, VU Amsterdam
CLCG, Univ. of Groningen
Amsterdam/Groningen, NL
a.basile@student.rug.nl t.caselli@gmail.com
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On many topics, such as climate change, abor-
tion, vaccination, among others, people strongly
disagree. Following the work by Timmermans et
al. (2017), we call controversies situations where,
even after lengthy interactions, opinions of the in-
volved participants tend to remain unchanged and
become more and more polarized towards extreme
values.

Modeling and understanding controversies may
be useful in many situations. Journalists and news
agencies may pay additional attention in the fram-
ing of a certain news, government officials and
policy makers may be more aware of the issues
involved in specific laws, social media managers
might be more careful, i.e. monitor controver-
sial content, in order to avoid the spreading of
hate speech, and the general public may benefit
as well thanks to a reduction of the “filter bubble”
effect (Pariser, 2011).

Recently, computational approaches on contro-
versy detection have been developed with vary-
ing degrees of success (Awadallah et al., 2012;
Borra et al., 2015; Dori-Hacohen and Allan, 2015;
Lourentzou et al., 2015). Works in the areas of
Sentiment Analysis (Zhou et al., 2013; Deng and
Wiebe, 2015; Deng et al., 2013; Chambers et
al., 2015; Russo et al., 2015), Emotion Detec-
tion (Strapparava and Mihalcea, 2007; Strappar-
ava and Mihalcea, 2008; Russo et al., 2011; Pool
and Nissim, 2016), and Stance Detection (Mo-
hammad et al., 2016) are, on the other hand,
only partially related, as they focus on predict-
ing/classifying the content of a message with re-
spect to specific categories, such as “positive”,
“negative”, “neutral”, or “joy”, “sadness” (among
others), or as “being in favour” or “being against”.
They may be seen as necessary but not sufficient
tools for detecting/predicting controversy (Tim-
mermans et al., 2017).

The main contribution of this work is two-fold:
i.) we propose a distant supervised entropy-based



Table 1: Sample rows from the dataset showing how entropy varies in relation to the reactions.

‘LIKE LOVE ANGRY HAHA WOW SAD entropy

ID | TEXT

1.) | In volo sul Piemonte con biplano anni 30 32
2.) | Medico anti vaccini radiato 5700
3.) | Piacenza, abbattuto il cinghiale Agostino 125

0 0 0 0 0 0.0
216 220 36 42 22 0.5
7 34 33 5 78 1.9

model to predict controversial news; and ii.) we
present and share an automatically created cor-
pus to train and test models for controversy de-
tection. At this stage of development, we focused
only on Italian, although the methods are com-
pletely language independent and can be repro-
duced for any language for which news are avail-
able on Facebook. The remainder of the paper
is structured as follows: Section 2 illustrates the
methods used to collect the data and develop the
entropy-based model. Section 3 reports on the ex-
periments and results both in a within- and across-
source setting. Finally, Section 4 draws conclu-
sions and outlines future research. Data and code
are made available at https://anbasile.
github.io/predictingcontroversy/.

2 Data and Methodology

We used the Facebook Graph API! to download
news headlines (including the description
and body fields) from four major Italian news-
papers. Of these, two are slightly politically
biased (Corriere della Sera and La Repubblica,
both centre/centre-left), two openly biased ones (/I
Manifesto, left-wing, and il Giornale, right-wing),
and one news agency (ANSA).

Together with each news, we also downloaded
all users’ reactions.> Facebook reactions can be
used as a proxy for annotations (Pool and Nissim,
2016), allowing to train a model for predicting the
degree of controversy associated to news. On the
basis of the definition of controversy previously
introduced, our working hypothesis is that if users’
reactions fall in two or more emotion classes (not
necessarily opposed in terms of “polarity”) with
high frequencies, the controversy of a news item
is higher. Building on this, we assume that en-
tropy can be explanatory in modelling news’ con-
troversy: the higher the entropy, the more contro-
versial the news. To better clarify this aspect, con-

"https://developers. facebook.com/docs/
graph-api

2Since February 2016, Facebook users can react to a post

not only with a like but by choosing from a set of 5 different
emotions: ANGRY, LIKE, HAHA, WOW, SAD, LOVE.
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sider the data in Table 1. Each sample is the text of
a Facebook post, for which we report the reaction
breakdown (including LIKE), and its overall en-
tropy based on reaction counts. Users expressing
different reactions suggest that a text is likely to be
controversial as it is shown by the high values of
the entropy, as illustrated in examples 2.) and 3.)
vs. example 1.).

For each source, namely the newspaper pages
mentioned at the beginning of this section, we
downloaded a collection of posts which appeared
between mid-April and early July 2017. Posts
with less than 30 reactions in total were discarded.
For each post, we collected: i.) the link to the full
article on the source’s website (a large majority of
the posts include this); ii.) an excerpt of the arti-
cle (the variable text); iii.) additional texts com-
menting the article, when available (the variable
descriptor); iv.) the full list of users’ reac-
tions. Finally, for a portion of the posts (1024 out
of 3595, i.e. 28,48%; column “# body” in Table 2)
we downloaded the entire text of the article (the
variable body).>. Table 2 provides an overview of
the data collected, including, for each source, the
number of Facebook posts, the number of tokens,
the number of posts for which the full article was
retrieved, the token-post ratio, i.e. the number of
tokens per post, and, finally, the average entropy.

Table 2: Dataset shape and average entropy score
(avg H) per source.

SOURCE
AgenziaANSA
corrieredellasera
ilgiornale
ilmanifesto
repubblica

total

# POSTS
883

594
1,022
752

344
3,595

# TOKEN #BODY RATIO TOKEN-POST
18,635 528 21.10
23,811 124 40.08

8,665 124 8.47
36,479 124 48.5
7,763 124 22.56
95,353 1,024 26.52

AVG H
1.0216
0.9135
1.1266
0.6195
0.9078
0.9386

To further verify the soundness of using en-
tropy as an indicator of controversy, we inspected
the top-10 and bottom-10 news in the full dataset

3The full text of the article is not always available or ac-
cessible. Furthermore, there is a monthly limit to the data that
can be downloaded. We made sure that the final dataset we
used contained, for each source, the same number of posts for
which the full body could be downloaded. This constraint did
not apply to ANSA



Table 3: Sample of entropy-ranked top-5 and bottom-5 posts.

TOPIC TEXT
Incident Fuggono dall’aereo in flamme ma si fermano per scattare un selfie a pochi metri dall’aereo
25th April #25Aprile #Anpi: ””Festa di tutti gli italiani””. Roma divisa, due celebrazioni
8 Gender/LGBTQ ”Genere: Sconosciuto”. E il Canada gli da’ ragione
F Immigration Emergenza #migranti, nave Rio Segura arrivata a Salerno. A bordo 11 donne incinte, 256 minori e 13 neonati
#FOTO
Animals #Piacenza, abbattuto il cinghiale #Agostino. Da giorni nel parco urbano di Galleana, avrebbe caricato il per-
sonale
25th April #25aprile, ecco i musei statali aperti’
= Movies ”La La Land” meritava la statuetta del miglior film, andata poi a "Moonlight”?’
S Sport 11 Presidente della Sampdoria Massimo Ferrero ¢ raggiante per la vittoria nel derby di Genova’
5 Arts Quando Eugenio Corti mori, il 4 febbraio 2014, Sébastien Lapaque, sul quotidiano parigino Le Figaro, lo defini
m “uno degli immensi scrittori del nostro tempo™”
Arts New York New York ricostruisce i legami artistici dal *28 a meta anni *60”

sorted by entropy (high values on top, high con-
troversy) and manually assigned them to a topic.
Table 3 illustrates the results for the top 5 and bot-
tom 5 posts, in terms of entropy score. In addi-
tion to identifying a different distribution of topics
according to degrees of controversy, we also ob-
served that in some cases, the entities and the spe-
cific event mentions interact to generate contro-
versy. For instance, in the case of the “25th April”
topic*, the controversial news involves a political
actor (i.e. ANPI, the National Association of Ital-
ian Partisans), and divisions on the celebration of
this day, while the non-controversial news reports
on museums being open on that day. The entropy
score appears to capture this distinction.

3 Experiments

We use the ANSA dataset to develop our model.
The rationale behind this is that, being ANSA a
news agency, the texts should be more objective
and the controversy should depend on the event
itself rather than by its framing in a specific, po-
tentially biased, community. We treat this task
as a regression problem, and use mean squared
error (MSE) to measure the performance of our
system. As baseline, we use a dummy regres-
sor which always predicts the mean entropy of the
train dataset: considering that the values range be-
tween 0 and 2.9, with a standard deviation of 0.4,
a system that always predicts the mean entropy
is already performing reasonably well. Further-
more, this is in line with the average entropy val-
ues of each dataset, ranging from 0.6195 (Table 2,
1l Manifesto) up to 1.1266 (Table 2, Il Giornale).

4 April 25th is a national holiday in Italy to celebrate the
end of World War II.
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Settings We use two main settings. Firstly, the
data for training and testing the model originates
from the same Facebook page, and we use cross-
validation. Secondly, we train and test across
pages, so as to investigate the model’s portabil-
ity across potentially different communities. This
second setting can shed light on the issue of per-
spective bias, as controversy around a specific
topic or entity could exist in one domain (or, in this
case, in one community as proxied by Facebook
pages) and not in another one. In both settings, we
run our best model, developed as described below.

Features For predicting the entropy of the reac-
tions to a given text, we built a system using a
sparse feature representation and an SVM regres-
sor, with the scikit-learn LinearSVR implementa-
tion (Buitinck et al., 2013). We used a tf-idf vec-
torizer to represent the text as both word and char-
acter n-grams.

As sentiment might contribute to controversy
prediction (Dori-Hacohen and Allan, 2015), we
also extended the features with coarse-grained
prior polarity information derived from Sen-
tix (Basile and Nissim, 2013), a resource for Ital-
ian automatically mapped from the English Senti-
WordNet (Esuli and Sebastiani, 2006). We repre-
sent each token with the absolute values of its po-
larity (which in Sentix ranges from -1 to +1). This
allows us to ignore the specific positive/negative
values, and get a more abstract representation on
the subjectivity relevance of a token: high values
indicate that the text is rich of subjectivity relevant
tokens; 0 means that the text is merely objective.
For each post, we then compute the average polar-
ity and encoded it into a separate vector. Missing
words in the lexicon are simply skipped.



Model development For development, as men-
tioned, we only used ANSA. We experimented
with different features and different sizes of texts.
In particular, we ran experiments using: i.) only
the text variable; ii.) a combination of the text
and the descriptor variables; and iii.) a com-
bination of the text, the descriptor, and the
body variables. Furthermore, these three basic
settings have been extended with the polarity val-
ues from Sentix. To fine tune the parameters, a
grid-search of the model using a 10-fold cross-
validation was conducted. Table 4 reports the re-
sults of the different models as well as of the base-
lines.

Table 4: Results for the cross-validated ANSA

dataset.
DATA BASELINE MODEL + SENTIX
text 0.24 0.154 0.155
text+descriptor 0.24 0.146 0.148
text+descriptor+body  0.24 0.146 0.148

The best model shows an improvement of 0.094
MSE with respect to the baseline when extending
the variable t ext with descriptor and body.
The use of the variable text alone still beats the
baseline, but obtains a lower score than the mod-
els which include both the descriptor and the
body variables. The extensions with the polar-
ity scores from Sentix decrease the model perfor-
mances (though still outperforming the baselines).
We believe that this behaviour is mainly due to
noise in the resource itself and calls for better and
more context-oriented sentiment lexicons in Ital-
ian. Table 5 summarises the features of the best
model, which is based on a combination of the
three text variables only: text, descriptor,
and body (whenever available), represented as
word and character n-grams, ignoring the polar-
ity vectors. This model was used on the reminder
of the datasets.

Results on the test set Table 6 illustrates cross-
validated results for the newspaper datasets. For
comparison and completeness, we report also the
results of the cross-validation on the full test set,
with and without the extension of the data with
ANSA.

With the exception of Il Giornale, our model
always beats the baseline, confirming the validity
of the designed approach. Extending the newspa-
per dataset with the data from ANSA, we can ob-
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Table 5: Best model’s settings and features.

PARAMETER VALUE
SVR C 10
character ngrams 2,3)
character binary features True
character normalization 12
character sublinear tf False
word ngrams (1,3)
word binary features False
word normalization 12
word sublinear tf True

Table 6: Cross-validated results on all datasets.

BASELINE STD MODEL STD
ilgiornale 0.21 0.03 0.22 0.04
ilgiornale+ansa 0.23 0.04 0.19 0.03
ilmanifesto 0.15 0.04 0.11 0.04
ilmanifesto+ansa 0.24 0.04 0.14 0.03
repubblica 0.22 0.07 0.18 0.07
repubblica+ansa 0.24 0.04 0.15 0.04
corrieredellasera 0.24 0.06 0.16 0.06
corrieredellasera+ansa  0.24 0.03 0.14 0.04
full_dataset 0.24 0.02 0.17 0.03
full_dataset-ansa 0.24 0.03 0.17 0.04

serve a reinforcement of the predicting power of
the model, with a range between 0.04 to 0.1 points
with respect to the corresponding baselines. The
positive effect on Il Giornale dataset can be due
to an extension of the number of tokens, since I/
Giornale is the dataset with the lowest token-post
ration (8,47 tokens per post), which clearly affects
our model.

Cross-source results in Table 7 are less clear-
cut. In these experiments, it clearly emerges that
our model works in the large majority of cases, al-
though with no big gains over the baselines. All
datasets fail to beat the baseline when predicting
controversy on Il Giornale and, on the contrary,
training on I/ Giornale only fails to beat the base-
line when testing on La Repubblica. This suggests
that either there must be a difference in the word-
ing used by Il Giornale with respect to the other
datasets, or that the controversy is affected by per-
spective bias associated to different communities.

On the other hand, slightly politically oriented
newspapers (La Repubblica and Il Corriere della
Sera) and the ANSA news agency tend to have
a homogeneous behavior, being able to correctly
predict controversy in highly politically oriented



news (see results for I/ Manifesto in Table 7). As a
matter of fact, the more the post/token ratio is sim-
ilar between different sources, the better the model
works in predicting controversy. For instance, 1/
Corriere della Sera and Il Manifesto have a very
similar post/token ratio (40,08 and 48,5, respec-
tively) and not surprisingly both cross-source ex-
periments beat the baseline.

Table 7: Cross-source results on all datasets.

TRAIN TEST BASELINE MODEL
ilgiornale ilmanifesto 0.40 0.36
ilgiornale AgenziaANSA 0.25 0.24
ilgiornale repubblica 0.26 0.29
ilgiornale corrieredellasera 0.28 0.26
ilmanifesto ilgiornale 0.46 0.46
ilmanifesto AgenziaANSA 0.40 0.40
ilmanifesto repubblica 0.30 0.28
ilmanifesto corrieredellasera 0.32 0.29
AgenziaANSA  ilgiornale 0.22 0.23
AgenziaANSA  ilmanifesto 0.31 0.38
AgenziaANSA  repubblica 0.23 0.21
AgenziaANSA  corrieredellasera 0.25 0.23
repubblica ilgiornale 0.25 0.28
repubblica ilmanifesto 0.23 0.23
repubblica AgenziaANSA 0.25 0.23
repubblica corrieredellasera 0.23 0.20
corrieredellasera ilgiornale 0.25 0.25
corrieredellasera  ilmanifesto 0.23 0.20
corrieredellasera  AgenziaANSA 0.25 0.21
corrieredellasera repubblica 0.21 0.18

4 Conclusions and Future Work

This paper presents a simple regression model to
predict the entropy of a post’s reactions based on
the Facebook reaction feature. We take this mea-
sure as a proxy to predict the controversy of news,
where the higher the entropy (indicated by highly
mixed reactions), the bigger the controversy. We
run experiments both within and across communi-
ties, exemplified by the Facebook pages of specific
newspapers. As a by-product, we have also au-
tomatically generated a first reference corpus for
controversy prediction in Italian.

The results are promising, given that our model
beats the baseline in almost all cases in cross-
validation of same source data (see Table 6), and
in the large majority of cases when applied cross-
sources (see Table 7). At this stage of develop-
ment, we observed that coarse-grained sentiment
values are not useful, although this may depend
on the quality of the lexicon employed. Test and
training on openly biased datasets (e.g. Il Gior-
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nalerparn - Il Manifestor pst, and vice-versa)
results in the lowest entropy, suggesting perspec-
tive bias in the different community.

The approach we have developed is based on
discrete linguistically motivated features. This
has an impact in the learned model as it is not
able to generalise enough when dealing with low-
frequency features and unseen data in the test set.
To alleviate this issue, we are planning to model
the post representations by using word embed-
dings.

We are planning to expand the model to ac-
count for perspective bias in different communi-
ties. News from different sources may be aggre-
gated per event type, for example via the Even-
tRegistry API°, allowing to explore entropy (and
polarisation of reactions) on exactly the same
event instance. A first step in this direction would
be to detect and match Named Entities to approx-
imately identify similar events. At the reaction-
level, the obvious next step is to explore and ex-
periment with clusters of reactions (for instance,
positive (LIKE, LOVE, AHAH), negative (ANGRY,
SAD), or ambiguous (WOW)), instead of treating
them all as single and distinct indicators.

Another follow-up is to extend this work to
other social media data, such as Twitter. Twitter
does not allow for nuances in reactions in the same
way that Facebook does, as only one kind of “like”
is provided. However, the substantial use of hash-
tags and emojis might offer alternative proxies to
capture a variety of reactions. There is plenty of
work on the usefulness of leveraging hashtags as
reaction proxies both at a coarse and finer level
(Mohammad and Kiritchenko, 2015), but this in-
formation, to the best of our knowledge, has not
been used to predict likelihood of controversy.
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Abstract

English. In this paper, we propose a
Deep Learning architecture for sequence
labeling based on a state of the art model
that exploits both word- and character-
level representations through the combi-
nation of bidirectional LSTM, CNN and
CRF. We evaluate the proposed method on
three Natural Language Processing tasks
for Italian: PoS-tagging of tweets, Named
Entity Recognition and Super-Sense Tag-
ging. Results show that the system is able
to achieve state of the art performance in
all the tasks and in some cases overcomes
the best systems previously developed for
the Italian.

Italiano. In questo lavoro viene de-
scritta un’architettura di Deep Learning
per Uetichettatura di sequenze basata su
un modello allo stato dell’arte che utilizza
rappresentazioni sia a livello di carattere
che di parola attraverso la combinazione
di LSTM, CNN e CRF. Il metodo é stato
valutato in tre task di elaborazione del lin-
guaggio naturale per la lingua italiana: il
PoS-tagging di tweet, il riconoscimento di
entita e il Super-Sense Tagging. I risul-
tati ottenuti dimostrano che il sistema e in
grado di raggiungere prestazioni allo stato
dell’arte in tutti i task e in alcuni casi ri-
esce a superare i sistemi precedentemente
sviluppati per la lingua italiana.

1 Background and Motivation

Deep Learning (DL) gained a lot of attention in
last years for its capacity to generalize models
without the need of feature engineering and its
ability to provide good performance. On the other
hand good performance can be achieved by accu-
rately designing the architecture used to perform
the learning task. In Natural Language Process-
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ing (NLP) several DL architectures have been pro-
posed to solve many tasks, ranging from speech
recognition to parsing. Some typical NLP tasks
can be solved as sequence labeling problem, such
as part-of-speech (PoS) tagging and Named Entity
Recognition (NER). Traditional high performance
NLP methods for sequence labeling are linear
statistical models, including Conditional Random
Fields (CRF) and Hidden Markov Models (HMM)
(Ratinov and Roth, 2009; Passos et al., 2014; Luo
et al., 2015), which rely on hand-crafted features
and task/language specific resources. However,
developing such task/language specific resources
has a cost, moreover it makes difficult to adapt
the model to new tasks, new domains or new lan-
guages. In (Ma and Hovy, 2016), the authors pro-
pose a state of the art sequence labeling method
based on a neural network architecture that bene-
fits from both word- and character-level represen-
tations through the combination of bidirectional
LSTM, CNN and CRF. The method is able to
achieve state of the art performance in sequence
labeling tasks for the English without the use of
hand-crafted features.

In this paper, we exploit the aforementioned ar-
chitecture for solving three NLP tasks in Italian:
PoS-tagging of tweets, NER and Super Sense Tag-
ging (SST). Our research question is to prove the
effectiveness of the DL architecture in a different
language, in this case Italian, without using lan-
guage specific features. The results of the eval-
uation prove that our approach is able to achieve
state of the art performance and in some cases it is
able to overcome the best systems developed for
the Italian without the usage of specific language
resources.

The paper is structured as follows: Section 2
provides details about our methodology and sum-
marizes the DL architecture proposed in (Ma and
Hovy, 2016), while Section 3 shows the results of
the evaluation. Final remarks are reported in Sec-
tion 4.



2 Methodology

Our approach relies on the DL architecture pro-
posed in (Ma and Hovy, 2016), where the authors
combine two aspects previously exploited sepa-
rately: 1) the use of a character-level represen-
tation (Chiu and Nichols, 2015); 2) the addition
of an output layer based on CRF (Huang et al.,
2015). The architecture is sketched in Figure 1:
the input level of the Convolution Neural Network
is represented by the character-level representa-
tion. A dropout layer (Srivastava et al., 2014) is
applied before feeding the CNN with character
embeddings. Then the character embeddings are
concatenated with the word embeddings to form
the input for the Bi-directional LSTM layer. The
dropout layer is also applied to output vectors from
the LSTM layer. The output layer is based on Con-
ditional Random Fields and it modifies the output
vectors of the LSTM in order to find the best out-
put sequence. The CRF layer is useful for learn-
ing correlations between labels in neighborhoods,
for example generally a noun follows an article in
PoS-tagging, or the I-ORG tag' cannot follow the
I-PER tag in the NER task.

LST™M

Char
Representation

Word
Embedding — — —

#news La scuola in

Figure 1: The DL architecture for the sequence
labeling.

1Generally, the NER task uses the IOB2 schema for data
annotation.

The aforementioned architecture can be easily
adapted to other languages since it does not rely
on language dependent features. The only com-
ponents outside the architecture are the word em-
beddings that can be built by relying on a corpus
of documents of the specific language. In Sec-
tion 3, we provide details about the setup of the
architecture parameters and the building of word
embeddings for Italian, in particular we adopt two
different word embeddings: ones for PoS-tagging
and ones for NER and SST. Moreover, we re-
implement?® the architecture by using the Keras®
framework and Tensorflow* as back-end.

3 Evaluation

We provide an evaluation in the context of three
sequence labeling tasks: 1) PoS tagging of Ital-
ian tweets; 2) NER of Italian news and 3) Super
Sense Tagging. All tasks are performed using Ital-
ian datasets, in particular we exploit data coming
from the last edition (2016) of EVALITA” (Basile
etal., 2016) and previous ones (2009 (Magnini and
Cappelli, 2009) and 2011°). EVALITA is a pe-
riodic evaluation campaign of Natural Language
Processing (NLP) and speech tools for the Italian
language. The usage of a standard benchmark al-
lows to compare our system with the state of the
art approaches for the Italian language.

Each task has its specific parameters, but there
are some ones that are in common as reported in
Table 1. We do not perform any parameters opti-
mization and we use the values proposed in the
English evaluation (Ma and Hovy, 2016). We
choose this strategy in order to not reduce the
training set since validation set is not provided in
all the tasks.

3.1 PosS tagging of Tweets

The goal of the task is to perform PoS-tagging
of tweets. The task is more challenging with re-
spect to the classical PoS-tagging due to the short
and noisy nature of tweets. For the evaluation
we adopt the dataset used during the EVALITA
2016 PoOSTWITA task (Bosco et al., 2016) in order

’The code is available on line: https://github.
com/pippokill/bilstm-cnn-crf-seg-ita

*https://keras.io/

*https://www.tensorflow.org/

Shttps://github.com/evalita2016/data

*http://www.evalita.it/2011/working_
notes

"http://www.evalita.it/



Parameter Value

Framework Keras 2.0.1

Back-end Tensorflow 1.1.0

Char embed. dimension | 30

Word embed. dimension | 300

Window size 3

LTSM dimension 200 (bi-LTSM 400)

Optimization Adadelta

Gradient clipping 5.0

Epochs 100  (PoS), 60
(NER and SST)

Table 1: Parameters’ values.

System Accuracy
UNIBA-twita 9334
UNIBA-itwiki 9199
UNIBA-random300 | .8790
ILC-CNR 9319
UniDuisburg .9286
UniBologna UnOFF | .9279

Table 2: Results for the PoOSTWITA task.

to compare our system with the other EVALITA
participants. The dataset contains 6,438 tweets
(114,967 tokens) for training and 300 tweets
(4,759 tokens) for test. The metric used for the
evaluation is the classical tagging accuracy: it is
defined as the number of correct PoS tag assign-
ment divided by the total number of tokens in the
test set. Participants can predict only one tag for
each token.

All the top-performing POSTWITA systems are
based on Deep Neural Networks and, in particu-
lar, on LSTM, moreover most systems use word or
character embeddings as inputs for their systems.
This makes other systems more similar to the one
proposed in this paper.

Results of the evaluation are reported in Ta-
ble 2, our best approach (UNIBA-twita) is able to
overcome the first three POSTWITA participants.
(UNIBA-twita) exploits a corpus of 70M tweets
randomly extracted from Twita, a collection of
about 800M tweets, for building the word embed-
dings. It is important to underline that the best sys-
tem (ILC-CNR) (Cimino and Dell’ orletta, 2016) in
PoSTWITA uses a biLSTM and a RNN by exploit-
ing both word and char embeddings, moreover
it use further features based on morpho-syntactic
category and spell checker. The good performance
of our system probably depends by the CRF layer

28

and the corpus used for building the word embed-
dings. This hypothesis is supported by the fact
that the configuration (UNIBA-itwiki) based on
word embeddings extracted from Wikipedia ob-
tains the worst result. The configuration UNIBA-
random300 adopts random embeddings, we report
this result in order to underline the importance of
pre-trained word embeddings. Moreover, the sec-
ond best system (UniDuisburg) (Horsmann and
Zesch, 2016) in POSTWITA exploits a CRF clas-
sifier using several features without a DL architec-
ture, while the system UniBologna UnOFF (Tam-
burini, 2016) uses a BILSTM with a CRF layer by
exploiting word embeddings and additional mor-
phological features.

3.2 NER Task

Three tasks about named entities have been or-
ganized during the EVALITA evaluation cam-
paigns, respectively in 2007 (Speranza, 2007),
2009 (Speranza, 2009), and 2011 (Lenzi et al.,
2013). In this paper we take into account the 2009
edition since the I-CAB dataset Sused in the evalu-
ation is the same adopted in 2009. In 2007 a differ-
ent version of I-CAB was used, while in 2011 the
task was focused on data transcribed by an ASR
system. The I-CAB dataset consists of a set of
news manually annotated with four kinds of en-
tities: GPE (geo-political), LOC (location), ORG
(organization) and PER (person). The dataset con-
tains 525 news for training and 180 for testing for a
total number of 11,410 annotated entities for train-
ing and 4,966 ones for testing. The dataset is pro-
vided in the IOB2 format.

We build word embeddings by exploiting the
Italian version of Wikipedia. Word2vec is used
for creating embeddings with a dimension of 300,
we remove all words that have less than 40 occur-
rences in Wikipedia, for the other parameters we
adopt the standard values provided by word2vec.

Results of the evaluation are reported in Table
3 and Table 4. Table 3 reports precision (P), re-
call (R) and Fl-measure (F1) for different con-
figurations of the system. In particular: no-case-
sensitive does not perform lowercase of words
for both word embeddings and the lookup table,
while case-sensitive does it. The random config-
uration randomly initializes embeddings without
using pre-trained embeddings, while no char does
not adopt char embeddings. The results show that

8http://ontotext.fbk.eu/icab.html



Configuration ALL GPE | LOC | ORG | PER
P R F1 F1 F1 F1 F1
no-case-sensitive | .8286 .8182 .8234 | .8561 | .6220 | .6587 | .9239
case-sensitive .8220 .8084 .8151 | .8444 | .6305 | .6421 | 9178
random 7153 .6885 .7017 | .7564 | .4809 | .5209 | .8037
no char 8305 7426 7841 | .8492 | .6200 | .5945 | .8714

Table 3: Results for the Italian NER task using different configurations.

System ALL GPE | LOC | ORG | PER
P R F1 F1 F1 F1 F1
UNIBA .8286 .8182 .8234 | .8561 | .6220 | .6587 | .9239
FBK_ZanoliPianta .8407 .8002 .8200 | .8513 | .5124 | .7056 | .8831
UniGen_Gesmundo_r2 | .8606 .7733 .8146 | .8336 | .5081 | .7108 | .8741
UniTN-FBK-RGB_r2 | .8320 .7908 .8109 | .8525 | .5224 | .6961 | .8689

Table 4: Results for the Italian NER task compared with other EVALITA 2009 participants.

the best performance is obtained by applying low-
ercase, moreover the contribution of char embed-
dings is significant.

Table 4 reports the result of our best configu-
ration (no-case-sensitive) with respect to the other
EVALITA 2009 participants. The system is able
to outperform the first three EVALITA partici-
pants thanks to the best performance in recall. All
the first three participants adopt classical classi-
fication methods: the first system (Zanoli et al.,
2009) combines two classifiers (HMM and CRF),
the second participant (Gesmundo, 2009) uses a
Perceptron algorithm, while the third participant
(Mehdad et al., 2009) adopts Support Vector Ma-
chine and feature selection. We can conclude that
the DL architecture is more effective in the model
generalization and in tackling the data sparsity
problem. This behavior is supported by the good
performance in recognizing LOC entities, in fact
the LOC class represents about the 3% of anno-
tated entities in both training and test. Other two
systems (Nguyen and Moschitti, 2012; Bonadi-
man et al., 2015) able to overcome the EVALITA
2009 participants have been proposed in the litera-
ture. The former (Nguyen and Moschitti, 2012)
achieves the 84.33% of F1 by using re-ranking
techniques and the combination of two state-of-
the-art NER learning algorithms: conditional ran-
dom fields and support vector machines. The latter
(Bonadiman et al., 2015) exploits a Deep Neural
Network with a log-likelihood cost function and
a recurrent feedback mechanism to ensure the de-
pendencies between the output tags. This system
is able to achieves the 82.81% of F1, a perfor-
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mance comparable with our DL architecture.

3.3 Super Sense Tagging

The Super-Sense Tagging (SST) task (Dei Rossi
etal., 2011) consists in annotating each significant
entity in a text, like nouns, verbs, adjectives and
adverbs, within a general semantic taxonomy de-
fined by the WordNet lexicographer classes (called
super-senses, for a total of 45 senses). SST can be
considered as a task half-way between NER and
Word Sense Disambiguation (WSD): it is an ex-
tension of NER, since it uses a larger set of seman-
tic categories, and it is an easier and more practi-
cal task with respect to WSD. The dataset has been
tagged using the IOB2 format as for the NER task
and contains about 276,000 tokens for training and
about 50,000 for testing. The metric adopted for
the evaluation is the F1, results of the evaluation
are reported in Table 5. As word embeddings we
use the same ones adopted for the NER task and
built upon Wikipedia with lowercase.

System F1

UNIBA-pos-Adagrad | .7871
UNIBA-pos 7787
UNIBA 7453
UNIBA-SVMcat 7866
UNIPI-run3 71827

Table 5: Results for the Super-Sense Tagging task.

The best performance (UNIBA-pos-Adagrad)
is obtained using Adagrad instead of Adadelta
(UNIBA-pos) as optimization method. More-
over, we exploits PoS-tags as additional features,



while UNIBA uses only tokens and word/char
embeddings. The difference in performance be-
tween UNIBA-pos and UNIBA proves the effec-
tiveness of the PoS-tag in this task. The best sys-
tem in EVALITA 2011 SST task, UNIBA-SVMcat
(Basile, 2013, 2011), is very close to our best
configuration. This system combines lexical and
distributional features through an SVM classifier,
while the second system (UNIPI-run3) (Attardi
et al., 2011) exploits lexical features and a Max-
imum Entropy classifier.

4 Conclusions and Future Work

We propose an evaluation of a state of the art DL
architecture for sequence labeling in the context
of the Italian language. In particular, we consider
three tasks: PoS-tagging of tweets, Named Entity
Recognition and Super-Sense tagging. All tasks
exploit data coming from EVALITA a standard
benchmark for the evaluation of Italian NLP sys-
tems. Our system is able to achieve good perfor-
mance in all the tasks without using hand-crafted
features. Analyzing the results, we observe the im-
portance of building word embeddings on appro-
priate corpora and we note that the system in the
SST task is not able to generalize a good model
without the pos-tag feature, this underline the im-
portance of this kind of feature in the SST task.
As future work, we plan to perform a parameters
optimization by reducing the training set and us-
ing a portion as validation set. Using less data for
training could affect the final performance and it
could be interesting to have insights on the trade-
off between training on more examples versus the
parameters optimization.
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Abstract

English. The role of Social Media in the
psychological and social development of
adolescents and young adults is increas-
ingly important as it impacts on the quality
of their interpersonal communication dy-
namics. The InsideOut project explores
the possibility to use Social Web mining
methodologies and technologies to col-
lect information about adolescents’ dis-
tress from their micro-blogging activities.
The project is promoting a complex lan-
guage processing workflow to approach
the collection, enrichment and summariza-
tion of user generated contents over Twit-
ter. This paper presents the general archi-
tecture of the InsideOut Web Platform and
the resources produced by an integrated
effort among computer science and men-
tal health professionals.

Italiano. 1! ruolo dei Social Media nella
crescita psicologica e sociale risulta es-
sere Sempre piii importante poiché in-
fluisce sulla qualita e sulle dinamiche
di comunicazioni interpersonali, special-
mente riguardo le ultime generazioni. Il
progetto InsideOut esplora la applica-
bilita di metodologie e tecnologie che con-
sentono l'individuazione nel Web di evi-
denze riferibili a sorgenti di stress negli
adolescenti. Il progetto propone un work-
flow di elaborazione linguistica in grado
di gestire la raccolta, I’arricchimento e la
sintesi dei contenuti generati dagli utenti
su Twitter. Nel paper verra presentata
Uarchitettura generale della piattaforma
Web InsideOut e le risorse che derivano
dal lavoro congiunto di ricercatori prove-
nienti dall’ambito informatico e medico.
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1 Introduction

Among adolescents, the use of Social Media, such
as Twitter, Facebook or Instagram, has grown ex-
ponentially in the past years. This makes them a
valuable source of information on the well-being
of adolescents, but also concerning on their men-
tal health. Mental disorders are the main cause of
disability in adolescents and young adults (Gore
et al., 2011), affecting an average of 10 to 20%
of youth worldwide (Kieling et al., 2011). Thus,
for the emerging complex relationship between the
use of Social Media, mental health and well-being
(Best et al., 2014), Social Media are a valuable
source of information on the mental health and
well-being of adolescents.

Social Media thus play an increasingly impor-
tant role in the psychological and social devel-
opment of adolescents as it impacts on the qual-
ity of their social interactions and networks. Any
attempt to study and govern mental health in
young communities (adolescents, students, inter-
est groups) must take into account an effective and
large scale methodology to monitor all the behav-
iors on the Web that exhibit and impact on men-
tal habits, trends and social practices. The pos-
sibility of predicting writers demographics from
their writings is an important research topic in the
Computational Linguistic Community. In fact, the
idea that a writer’s style may reveal age, gender
or other sociodemographic information has been
also targeted in the “Plagiarism analysis, Author-
ship identification, and Near-duplicate detection”
(PAN) (e.g., (Rangel et al., 2014; Rangel et al.,
2015; Rangel et al., 2016)) or other experiences
(Sulis et al., 2016) whose aim was to infer a user’s
gender, age, native language or personality traits,
by analyzing the respective texts.

In this paper, the InsideOut project is presented.
It explores the possibility to use Social Web min-



ing methodologies and technologies to collect in-
formation about adolescents’ distress from their
micro-blogging activities. The project is promot-
ing a complex language processing workflow to
approach the collection, enrichment of user gen-
erated contents on Twitter: messages written by
a set of targeted community of users (e.g. from
a school) are enriched with semantic metadata re-
flecting the expressed topics (e.g. social vs inti-
mate relationships) and the attitude of the writ-
ers. The goal is to use this large scale evidence
to support a comprehensive psychological charac-
terization of adolescent communities and to pave
the way towards effective applications of preven-
tive and intervention efforts. The general archi-
tecture of the InsideOut Web Platform and the re-
sources produced by an integrated effort of com-
puter science specialists and mental health profes-
sionals will be presented. These data supported
the exploratory evaluation where inter-annotation
agreement scores and the performance over real
data in the task of psychologically enriching user
writings have been obtained.

In the rest of the paper, Section 2 describes the
overall workflow underlying the InsideOut Plat-
form. Section 3 describes the semantic models at
the base of the semantic annotation process whose
first result is the annotated corpus and the ex-
ploratory evaluation presented in Sections 4 and
5, respectively. Section 6 derives the conclusion.

2 The InsideOut Web Platfrom

The InsideOut Web Platform aims at supporting
mental health studies concerning the causes of dis-
tress in adolescents. To this aim, a comprehensive
service-oriented architecture has been designed
and implemented to collect messages from So-
cial Networks (such as Twitter) written by targeted
communities of adolescents and enrich them with
semantic information reflecting discussed topics
and corresponding attitudes of the writers.

This enables specific kinds of queries and data
aggregations, such as the pie chart shown in Fig-
ure 1, which summarizes the topics discussed by
a community of users, e.g. concerning SCHOOL,
FAMILY, or ALCHOOL AND DRUGS. By select-
ing a specific topic, such as SCHOOL, the system
shows only those messages where the writer ex-
presses a specific attitude, such as a DISTRESS.
In the same Figure, the distressful messages con-
cerning school are shown, such as ”Questa scuola
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fa schifo...” ("This school sucks...”) or ”Devo stu-
diare.” (I have to study.”).

In order to enable such queries the following
services have been implemented:
Data collection services: services dealing with
the extraction of data (messages/user information)
from targeted social networks. These services are
designed both to collect messages referring to a
specific topic or hashtag, such as “#maturita” or
messages exchanged between users belonging to
specific communities, such as a members of a tar-
geted school class. Among such services, we also
implemented Author Profiling services that auto-
matically determine the age of the writers (e.g. to
filter adolescent’s messages) but these specific ser-
vices are out of the scope of this work.
Semantic annotation services: services dealing
with the semantic annotation of gathered mes-
sages; once downloaded, they are automatically
annotated with the semantic metadata described in
the next section.
Storage services: services to store (possibly
large-scale) collections of messages, communities
and semantic metadata in NoSQL databases, im-
plemented in MongoDB.
Reporting services GUI: services that aggregate
messages, metadata and users to enable advanced
report, such as shown in Figure 1.

3 Distress Characterization: The
semantic modeling

In order to synthesize the amount of information
made available on Social Media, we need to look
at different semantic dimensions that can be as-
sociated with the writer’s emotion, sentiment and
mental status. Given that no direct diagnosis about
mental health of an individual can be traced from
or over one single message (but it is rather in-
spired by the observation of behaviors across tem-
poral and social dimensions) we need to frame the
mental state related information observable in So-
cial Media within a comprehensive description of
a subject.

So we decided to focus on the experiential di-
mension and start from the so-called Life Event
dimension that expresses topics of interest and
daily events in a young person’s life. At the mo-
ment of writing, these have been discretized in
eighteen different classes, as listed in Table 1.
Each message can be assigned to one or more
classes characterizing the possibly multiple topics
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that can be mentioned in a message. For exam-
ple, in the message “Odio la scuola ma adoro i
miei compagni”’ (I hate school but I love my class-
mates”) the writer refers to the SCHOOL and SO-
CIAL RELATIONSHIP life events.

Moreover, a Subjective emotional dimension
is targeted to capture the way the subject relates
to the event in the micro-blog he writes, i.e.,
whether it is related to as a clearly positive or neg-
ative event, as a rather neutral statement, or in an
ironic way. We referred to the traditional mod-
eling for subjectivity analysis (Rosenthal et al.,
2017; Barbieri et al., 2016), adopting POSITIVE,
NEGATIVE and NEUTRAL classes; as an example
”Odio la scuola” (I hate school”) is NEGATIVE,
while ”Domani la scuola é chiusa” ("Tomorrow
my school is closed.””) is NEUTRAL.

Finally, a further dimension called Experience
tried to capture the writer’s personal affect towards
an event, e.g., whether it (i) is causing distress or
other negative feelings such as anger or sadness,
(i) is regarded as helpful or causing positive feel-
ings such as happiness or affection or (iii) is not
associated with any perceivable emotional reac-
tion (neutral). As an example, a school perfor-
mance can be a positive experience if satisfactory
for the teacher or the parents, thus being experi-
enced as helpful by the writer, while it might be
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experienced as a negative event and as distressing
when teacher’s or parent’s judgment is negative.
It is worth noting that the Subjective and Expe-
rience dimension are nevertheless correlated, but
they target different kinds of perception: the fol-
lowing message "Mi sono rotto una gamba.” (I
broke my leg.””) can be considered DISTRESSFUL
for the writer even if no agreement or rejection is
made w.r.t. the event.

The information observable in a tweet is thus
mapped into a set of three independent dimen-
sions: (i) the type of Life Events [e the message re-
lates to (ii) the sentiment s of the event (POSITIVE,
NEGATIVE, NEUTRAL) and (iii) experience-level
e related to the event (among HELPFUL, DIis-
TRESSFUL or NEUTRAL). For example, the tweet
”Quanto odio la mia classe... per fortuna mia
sorella mi aiuta!” (’l hate my class so much...
thankfully, my sister helps me!”) is assigned to
the (le,s,e) triples: (SCHOOL, NEGATIVE, Dis-
TRESSFUL) and (FAMILY, POSITIVE, HELPFUL).

4 The InsideOut Annotated Corpus

In the annotation process, annotators selected
tweets written by adolescents (that have been pre-
viously manually validated) both in English and
Italian and enriched them with triples (le, s, e), as
discussed in the previous section. In the annota-



Table 1: Life Events description

Life Events Definition
ALCHOOL, DRUGS All actions and ideas involving the misuse of medications or the use of illegal drugs or alcohol.
APPEARANCE All messages related to the physical appearance of the writer or of other people.

CRIME, ABUSE AND MOBBING

Thoughts, references and considerations directly connected to the world of crime or that express an attitude
or an opinion of the adolescent towards that sphere.

FAMILY

Events involving or statements related to the family members, such as parental habits, relationships, gener-
ational clashes.

FINANCIAL AND POSSESSION

Event related to the financial status of the young person or his own family; needs of money for important
needs or expectations; strongly perceived needs that strictly depend on the economic status and capability of
the subject or his family.

FOOD AND DRINK

All actions and ideas involving food and drink (not alcohol).

FUTURE

Events or thoughts related to the perception the adolescent has about his own future.

GIRLFRIEND/BOYFRIEND
PERSONAL RELATIONSHIP

(Usually strongly emotional) relationships based on sentimental and sexual attraction, involving gender
aspects.

HOBBIES AND INTERESTS

All events, expectations or preferences evoked by entertainment related activities or personal interests (e.g.
hobbies, fun, VIP) usually producing fun or connected with time-consuming helpful activities (e.g. games,
TV, Social media, Celebrities).

MENTAL (WELL-BEING) HEALTH

Expressions related to mental well-being and to the health dimension but not related to physical aspects; this
class includes sleep problems.

PERSONAL, INTERNAL STRESSORS,
BELIEFS

General opinions, convictions or beliefs of the subject related to his own feelings and his personal sphere;
general considerations regarding emotions, spirituality, stressors but not politics or social issues.

PHYSICAL (WELL-BEING) HEALTH

Thoughts, complains, considerations related to the physical health dimension, including conditions, nutri-
tion, diseases, remedies and treatments.

POLITICS, SOCIAL ISSUES, ETC

ATl thoughts, considerations, reports regarding social, political and anthropological aspects of the close or
general environment, as perceived by the young person.

RESIDENCE

Every perception about the Tocations where the subject Tives or spends most of his time, including environ-
mental aspects or weather.

SCHOOL

ATl events dominated by the school experience (comprehends social interactions IF only limited to school
environment).

SEX AND ROMANCE

Events or experience specifically grounded at the sexual Tevel, not including boyfriend-hood.

SOCIAL RELATIONSHIPS

All'thoughts and events related to the relational dimension of the young people, but not involving the family,
the criminal, the working/school and the boyfriend-hood dimension.

All events related to the relational dimension of the young people, caused or maintained alive by activities

WORK or dependencies based on the working condition of the subject of a member of his family.

Table 2: Corpus Statistics Table 3: Inter-annotation agreement
Language Italian | English Annotators Agreement - I'T
Number of tweets 2,037 1,072 Precision | Recall F1
- at least two annotators 1,074 1,072 Life Event 85.76% | 60.24% | 70.76%
- only one annotator 963 - Sentiment 72.43% | 50.88% | 59.77%
# annotators 4 4 Experience 74.28% | 52.17% | 61.29%
# of (le, s, e) triples 2,517 2,811 Annotators Agreement - EN
Avg (l@, S, 6) for tweet 1.2 2.6 Precision Recall F1
Avg token per tweet 16 15 Life Event 80.69% | 56.17% | 66.09%

Sentiment 63.77% | 44.05% | 51.99%
Experience 64.16% | 44.35% | 52.35%

tion process, each annotator starts by associating
one or more le to a message! and, for each of
them, the corresponding s and e must be provided.
Each message was initially annotated by two an-
notators. After this first stage, the annotators in
disagreement were asked to converge, in order to
acquire a gold standard dataset. Only for Italian,
we extended the dataset with a set of 963 messages
that were annotated by only one annotator, with-
out further refinements. The overall statistics of
the dataset are shown in table 2.

In order to measure the complexity of the anno-
tation process, we measured the inter-annotation
agreement?. Given the possibility to associate
more than one /e to a message, we decided to mea-
sure the agreement in terms of Precision, Recall
and F1, by considering the annotations confirmed
after the agreement step as gold-standard and the

"Each annotator can associate zero, one or more les to a
message.

>The inter-annotation agreement considered only mes-
sages annotated by at least two annotators.
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initial annotations as measured annotations. Re-
sults are shown in Table 3. For the Sentiment and
Experience dimension, we only focused on those
messages sharing the same le. These agreement
scores are quite low, confirming the difficulty of
these kinds of analyses in Social Networks. The
lowest score is Recall: it means that annotators
generally assign a reasonable class, but it is very
difficult to be exhaustive: as an example in the
tweet "Odio la gente che mastica rumorosamente.
Mi innervosisce troppo!!!” ("I hate the people who
chew loudly. It makes me very upset!!!”) has been
assigned to SOCIAL RELATIONSHIPS by an an-
notator while to PERSONAL, INTERNAL STRES-
SORS, BELIEFS by the other one. At the end,
both were accepted and added to the gold stan-
dard. Agreement measured over the Italian mes-
sages is higher if compared with the English coun-
terpart: one of the main reasons for this is due to



Table 4: Results concerning the quantitative analysis of messages.

Life Event Sentiment | Experience
Lang. | Tweets | Prec. Rec. F1 Accuracy Accuracy
En 1062 | 76.0% | 31.3% | 44.0% 62.8% 62.0%
It 1992 | 72.2% | 47.2% | 57.1% 67.8% 67.6%

the fact that Italian messages were annotated by
native speakers, while English messages were an-
notated by German native speakers.

S Exploratory Evaluation

In order to assess the applicability of the an-
notation process, we measured the quality of
the system in the automatic recognition of Life
Event (LE), Sentiment and Experience classes.
We modeled this problem as a classification task
and adopted the Support Vector Machine learn-
ing algorithm (Vapnik, 1995) in a One-VS-ALL
schema, implemented within the Kernel-based
Learning Platform (KeLP), presented in (Filice et
al., 2015)3. We evaluated the three targeted di-
mensions of LE, Subjectivity and Experience sep-
arately* in a 10-Fold cross-validation schema: at
each time a fold is selected as test set, while an-
other set is the validation set used to estimated the
SVM parameters. Each tweet is modeled by using
the following feature representations: a Bag-of-
words representation, Bag-of-n-grams (withn = 2
and n 3) and a distributional representation
based on Word Embedding (Mikolov et al., 2013)
so that a message is the linear combination of
its nouns, verbs, adjective and adverbs. For the
LE classifier, we built a similar distributional rep-
resentation of the eighteen LE definitions shown
in Table 1: we introduced additional features in
terms of the 18-dimensional vector containing the
cosine similarity between the distributional repre-
sentation of a tweet and the LE definitions. For
Subjectivity and Experience, we added some spe-
cific features, modeling the presence of emoticons,
punctuation marks (such as exclamation points),
upper case words and elongated words. Moreover,
we added features such as the length of the mes-
sage (in terms of words and characters).
Regarding the LE dimension, we adopted a con-
servative strategy so that the system assigns a new
LE to a message whereas the SVM classifier pro-
vides a positive confidence for the corresponding

3 Available at www . kelp-ml.org.
“When considering Subjectivity and Experience, a gold
standard Life event is assumed.
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class while no LE is assigned, otherwise. Per-
formance is thus measured in terms of Precision
(the percentage of [e correctly introduced by the
system), Recall (the percentage of le from the or-
acle that have been correctly recovered) and F1
(the harmonic mean between Precision and Re-
call)’. Regarding the Subjective and Experience
dimensions, once a le is known, the classifier is
always requested to associate a message to the s
and e labels, in order to generate consistent triples
in the form (le, s, €). Being a multi-classification
schema were the classifier always outputs a class,
Precision is always equal to Recall®, as well to the
F1. In order to avoid redundancy, only one mea-
sure is reported and it is referred as Accuracy as
it also corresponds to the percentage of messages
correctly associated to the gold-standard label.
Preliminary results are shown in Table 4, both
for English and Italian. Regarding the LE dimen-
sion, the adopted strategy results in a Precision
higher than 70%, but at in a lower Recall. We be-
lieve this is mainly due to the reduced size of the
dataset: it is even more relevant for English where
only a 31% of Recall was detected. This number
is consistently higher for the Italian dataset, where
almost the double of examples is in fact provided
and almost half of the tweets were only annotated
by one person, thus reducing the odds for differ-
ences in annotations. Anyway, these results are
consistently higher with respect to a baseline: the
correct LE classification given the random selec-
tion from 18 classes would achieve a F1 no higher
than 3%; if we require two correct classifications,
in line with the average le per tweet shown in Ta-
ble 2, this baseline drops to 0.3%. Moreover, it is
worth noting that the adopted conservative strat-
egy has been adopted to have a higher precision:
since we are able to collect a huge amount of mes-
sages from social network, we can afford to lose

5Since a message could be associated to multiple le the
evaluation is not message-based but annotation-based.

%1t may be the case that the LE classifier produces a num-
ber of les different from the number of the ones provided in
the gold-standard. As a consequence, when evaluating this
specific classifier, each message potentially introduces a dif-
ferent number of false positives and false negatives, so Preci-
sion and Recall will diverge.



some messages (often characterize by too little in-
formation in very short messages) instead of in-
troducing too many noisy meta-data in the over-
all workflow. Results concerning sentiment are
generally consistent with respect to international
benchmark in English (Rosenthal et al., 2017) or
in Italian (Barbieri et al., 2016) where almost all
systems achieved an Accuracy between 60% and
65% (even using larger datasets). Overall, this re-
sult seems to be significant, as in line with the first
outcome of the inter-annotation agreement. How-
ever, a further analysis is required to adopt more
complex models for classification of such short
messages, such as more complex kernels (Agar-
wal et al., 2011) or deep methods (Kim, 2014).

6 Conclusions

This paper summarizes the InsideOut project
where the possibility to use Social Web min-
ing methodologies and technologies to gather ev-
idence about the adolescents’ mental distress.The
semantic model defined here and the annotated re-
source pave the way to a long-term joint research
between computer science specialists and mental
health professionals. The outcomes suggest the
applicability of the devised methodology to larger
communities and different languages. Since the
system is currently active over Twitter, the final
version of the paper will discuss about 5 months
of continuous monitoring outcomes towards Ital-
ian and English speaking communities, with inter-
esting evidences about the future of our project as
a novel and ambitious Social Computational Sci-
ence application.
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Abstract

English. We provide our view on the
components needed for both the develop-
ment and further improvement of robust
and effective chatbots. We focus on why
Pragmatics is important in developing next
generation chatbots by bringing a few gen-
eralizable examples. We report our current
experience on the design and implementa-
tion of a task-oriented textual chatbot for
a closed-domain Question Answering sys-
tem, which tackles problems in Pragmat-
ics.

Italiano. Forniamo la nostra visione su
quali sono i componenti necessari per rea-
lizzare e migliorare chatbot robusti ed ef-
ficaci.  Ci concentriamo sul perché la
pragmatica sia importante nello svilup-
po di chatbot di nuova generazione por-
tando esempi generalizzabili. Riportiamo
la nostra esperienza nella progettazione
e implementazione di un chatbot testuale
task-oriented per un sistema di Question
Answering a dominio chiuso che affronta
problemi di pragmatica.

1 Why Pragmatics Matters in Chatbots

Chatbot, chatterbot, natural-language interface,
dialogue system are some of the terms used to re-
fer to softwares that aim to carry on conversations
with humans (Mauldin, 1994; Lester, Branting
and Mott, 2004; Boualem, Casati and Toumani,
2004). We will not go into further details about
the classification and definition of such softwares.
We will use chatbot as if it was a hypernym of the
above mentioned softwares instead.
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Chatbots and Intent Understanding. The
goal of an intelligent chatbot is to understand the
user’s intent (Yue, 2017) and behave accordingly.
Such goal is quite complex to achieve, and beyond
the capability of current state of the art chatbots.
However, the hype around chatbots has raised
awareness of what elements are needed for a
chatbot to manage human-like interactions. It is
generally agreed that to build effective and solid
chatbots the following is needed:

Natural Language Processing (NLP): much
of the intelligence needed to understand human
intent lies in the processing of human language.
Hence, the development and improvement of
NLP algorithms is a necessary prerequisite for the
creation of intelligent chatbots.

Machine Learning (ML): chatbot design should
rely on ML for learning and automatically con-
solidating NLP rules by means of observation
of past experience - i.e., past conversations and
their outcomes (Perez-Marin, 2011). Current
chatbot development, given enough annotated
data, should consider adopting recently developed
algorithms that are task-oriented (Bordes and
Weston, 2016) or topic aware (Xing, Chen et al.,
2017). Developments in reinforcement learning
applications seem promising for task-oriented
dialogue systems (Rieser and Lemon, 2011).

Context and State Awareness: depending on the
purpose of the chatbot, the component responsible
for the managing of the conversation (Dialogue
Manager System - DMS) should take into account
both context and states variables (Allen, Byron,
Dzikovska, Ferguson, Galescu and Stent, 2001).
From the DMS point of view, chatbots are usually
classified as: stateless chatbots; semi-stateful
chatbots; stateful chatbots (next generation chat-
bots). During the conversation, state transitions



depend on the information acquired before. As for
the follow up action, it depends on the recognized
context.

Natural Language Generation (NLG): NLG
concerns what information and in what form it
should be delivered (Breen, 2014). Dealing with
"real" conversation requires being both proactive
(e.g. suggest the best option; drive along the
compilation of a form; remind planned activities;
...) (Owen et al., 2001) and adaptive (e.g. change
style - both in written and spoken scenarios
- according to domain, mood of the user, or
sociolinguistic variables).

We argue here that, in addition to the above
mentioned, moving from Semantics to Pragmatics
plays a crucial role in building chatbots. This
is because a lot of the knowledge human beings
share during a conversation gets constructed along
the conversation itself (Robyn, 2002; Pask, 1975).
For instance, let’s consider the following mock
dialogue between Human (H) and Chatbot (C):

H lands on a money transfer service page.

H: Hello, I would like to make a transfer

C: Hello. Sure. Would you like to know more
about: [FAQ menu about transfer service is
shown]?

H navigates the FAQ menu

H signs up online to proceed with the transfer.

H: I would like to make a transfer

C: Sure. It only takes a couple of minutes

C starts the procedure to execute the transfer.

In this interaction, the sentence “I would like
to make a transfer” instantiates two different in-
tents: informative intent, at first (H is looking
for information about the transfer service); follow
up intent, then (once H is satisfied with transfer
service conditions, he/she wants to proceed with
the transfer). Such pragmatic disambiguation in-
volves taking knowledge from the conversational
context into account, which is one of the most dif-
ficult tasks for a chatbot. We report below how
we deal with this task in our task-oriented closed-
domain chatbot.
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2 Intent Understanding in Practice

Understanding intents implies handling both se-
mantic meaning and pragmatic meaning. Roughly
speaking, while semantics concerns the meaning
of a sentence from the linguistic point of view,
Pragmatics concerns the interpretation of the same
sentence depending on extralinguistic knowledge
(Grice, 1975). As mentioned before, a sentence
can be ambiguous from the intent point of view.
As for classifying intents, there seems to be no
comprehensive literature about it, yet - not from
the chatbot perspective, at least. However, based
on our business experience, we would arrange
intents as follows:

Informative Intent: the user is looking for
information; e.g. Question and Answer (QA),
FAQ browsing typically instantiate this intent.

Follow Up Intent: as in regular conversations,
the user wants to "do things with words" (Austin,
1962), perform actions; e.g. "Call the call center",
"Order pizza", "Turn on washing machine".

Dialogic Intent: the user uses discourse mark-
ers to connect, organize, manage the conversation;
e.g.: greetings, farewells, turns markers, ...

Regular expressions, pattern matching and
keyword recognition typically are not enough to
achieve real intent understanding. This is because
the more the interaction is human-like, the more
complicated it becomes to figure out what the
human really wants. Among business intent, real
life cases we faced are: Onboarding, Question
Answering and Education. In our applications,
we break down the understanding process into
subtasks.  Namely: intent classification (e.g.
“booking a flight”); slot filling, i.e. enriching
the intent with more detailed information (such
as “destination” and “departure time”); context
modeling, i.e. keeping track of context to get to
the correct meaning (“time” might refer to “flight
departure time”, “flight arrival time”, “dinner
time”, etc...).



3 System Design and Architecture

Our task-oriented closed-domain financial textual
chatbot, Financial QA Chatbot, aims to provide
users with answers concerning banks and insur-
ances, through a conversation in Italian. The type
of answers that a user can obtain are similar to the
ones found on a financial platform website!: this
portal provides a search engine and FAQ section
to satisfy the information need. Therefore, it is
mainly a QA chatbot, although some additional
follow up actions are available on top of providing
an answer to questions, such as redirecting to
specific websites or services. Financial QA is
provided with a proprietary scoring algorithm to
match the current user’s questions to answers in
a database A. In line with previous work (Quar-
teroni and Manandhar, 2007), we will review key
design and architecture aspects, with emphasis
on possible solutions to Pragmatics problems
discussed in sections 1 and 2. In this sense, the
most significant components are the Dialogue
Manager and the Context Manager, which provide
the scoring algorithm enriched information.

NLP functions such as normalization, tokeniza-
tion, lemmatization, POS tagging, disambiguation
and dependency parsing are made available
through the CELI linguistic pipeline? (Tarasconi
and Di Tomaso, 2015).

Dialogue Scenario: a QA session consists
of actions that can be performed by the user or
by the automated system, according to Dialogue
Management logic.

User actions: greet, quit, ask a question g,
acknowledge the previous utterance, ask for
help/suggestions, browse the navigation menu.
System actions: greet, quit, present answer a,
acknowledge the previous utterance, ask for clar-
ifications, propose a follow up (question/action),
reprimand for using swearwords, suggest ques-
tions, present or hide the navigation menu.

User’s action classification: each user’s utter-
ance is classified into one of five action classes:
greet, quit, ask a question, acknowledge, ask
for help. This is accomplished using predefined
dictionaries and automatic classifiers, which also
consider discourse markers and disfluencies.
Although there is promising work done on dialog

!gooruf.com
Zwww.celi.it
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act detection with multi-level information (Rosset
et al., 2008), in this step with adopt a simpler ap-
proach, leaving further refinements to subsequent
components.

Dialogue Management: the conversation pro-
ceeds along these logics.

1. An initial greeting (greet action), a request
for help (ask for help) or a direct question ¢
(ask a question) from the user.

. The system, if asked for help, presents the
user with a navigation menu, based on cur-
rent context and on the given hierarchical
classification of contexts or topics (see Con-
text Management below). This menu can be
browsed until a terminal node in the classifi-
cation is reached, and, at that point, a prede-
fined set of questions related to that topic is
suggested. The user can select a question ¢
from that list.

. g is analyzed to detect wh-type (Huang et al.,
2008) and whether it is elliptic or anaphoric.
This information is passed along with ¢ and
the current context to the subsequent QA
component.

The QA component searches for matches of
the query according to the QA Algorithm.
Each matching answer ay, is accompanied by
a relevance score i, 1, € (0, 1]. If at least
one match has relevance more than a fixed
threshold 7', only the best match (highest rel-
evance) is returned. Otherwise, up to the top
N, highest results are returned by the QA
component. In Financial QA’s basic settings,
T =0.75and N, = 5.

. The QA component results are processed:
they can be a single answer or, because of low
relevance scores, a list of answers. If a single
answer is provided by the QA component, it
is returned to the user (answer action). In the
case of a list, the user is asked for clarifica-
tions, and a single answer is selected based
on her additional input (ask for clarifications
action, then answer action). After an answer
is provided to the user, context is updated ac-
cordingly.

The system inquires whether the user is inter-
ested in a follow up session; if this is the case,



the user can enter a question again. Else, the
system acknowledges.
7. Whenever the user wants to terminate the in-
teraction, a final greeting is exchanged (quit
action).

Context Management: intuitively, all the an-
swers a in the knowledge base are grouped in dis-
joint topics of maximum granularity, which are
then organized in a hierarchical structure, used to
model context in this QA task.

Managing topic hierarchies can improve perfor-
mance in a query matching system (Domingues
et al., 2014). Formally, context elements are top-
ics of conversation belonging to the finite set C' =
{C1,...,Cn}. Topics are arranged in a hierar-
chical classification structure, which can be repre-
sented as a tree ' = (C, E), where C'is the set of
nodes. Edges E express the "C; has subclass C}"
relation. A context X is, in general, an arbitrarily
ordered sequence of topics.

In our current implementation of Financial QA,
we support only contexts of length 1, therefore the
context X at step s of the conversation is the po-
sition Cy in T. We assume all interactions start at
the root node Cjy. X, is meant to represent the
current topic of conversation at step s, according
to the last answer provided or the latest click on
the navigation menu. By supporting contexts of
length > 1, it is also possible to keep track of pre-
vious topics of conversation.

Each node C; has a corresponding nonempty set
of topic-related keywords W;.

An important distinction is drawn between fermi-
nal nodes C* and nonterminal nodes C \ C*.
Each terminal node C]Q has a (potentially empty)
set of answers A; corresponding to it. All the A;
sets are disjointed. Let A be the set of all answers:
A=Ujer,.. wAj .

In our current implementation, there are 35 clas-
sification nodes arranged on 3 levels, 25 of them
are terminal ones; the number of answers in the
knowledge base is 440, and growing

In the Financial QA chatbot, two types of moves
between contexts in C' are allowed:

1. To children nodes or root node: using the
interactive navigation menu. Context is up-
dated automatically according to the user’s
selection.

Example: You are in the “People” section.
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Ask me a question or choose one of the fol-
lowing topics:

(a) members

(b) influencers

(c) contact us

(d) return to main menu

. To any terminal node: after answer aj is
provided to the user by the system, new
context becomes Cj, where A; contains a.
Example:  after providing the answer
COST_OF_GOORUF "Gooruf is free,
only Premium Providers are required to pay",
context is changed to ROOT — services —
info_about_gooruf, info_about_gooruf be-
ing the terminal topic containing answer
COST_OF_GOORUF.

QA Algorithm Design: question g, its wh-type
h, and its current context C are passed to the al-
gorithm. Keywords w, are extracted from q. If
q is anaphoric or elliptic, the algorithm evaluates
whether to expand W, to w, by using keywords
W corresponding to Cs. The final representation
of q is:

R(q) = (Cs, h, Wy).

Answers a € A are described by the following
feature vector:

F(a) = (C(glvHav WCL)

where CY! is the classification terminal node cor-
responding to a, W, the corresponding keywords
and H, a set of related wh-type (for example a
user might inquire about Gooruf by referring to it
as a what or a who).

Relevance r; for each answer ay is computed, by
considering the classification structure 1" as well,
therefore:

me(q) = p(R(q), F'(ax),T).

To compute p, scores are calculated separately
by comparing contexts (using proximity in 7T
between C and 033 in T'), wh-types (h and H,)
and a dense semantic representation of keywords
(W4 and W,) obtained using a Word2Vec model
for Italian language (Mikolov et al., 2013); before
these partial scores are weighted and summed.

Example: we provide below an example of Fi-
nancial QA interaction which shows how man-
aging hierarchical context helps in accomplishing



the question answering task.
A subtree taxes of T' models Italian taxes-related
topics:
® faxes — city_taxes
— TARI
- TASI
® taxes — income_taxes
— IRPEF
— IRAP

Individual taxes are represented as terminal nodes

in T. Let C{l., = {IRPEF, IRAP, TARI, TASI}.
Each t € Cf. has associated answers:
"HOW_TO_PAY t", "WHERE TO_PAY t",

"AMOUNT_TO_PAY t".
The interaction could go as follows:

H: How can I pay city taxes?

QA Algorithm detects wh-type how, keywords
matching the city_taxes node, finds two relevant
answers in children nodes and Chatbot asks for
clarification.

C: Did you mean TARI or TASI?

H: the second one

Chatbot presents answer "HOW_TO_PAY TASI"
Context is now TASI.

H: and where can I pay it?

QA Algorithm detects wh-type where and com-
pletes the question with context knowledge.
Chatbot finds a single relevant answer and
presents answer "WHERE_TO_PAY TASI".

H: how much IRPEF should I pay?

Chatbot presents "AMOUNT_TO_PAY IRPEF".
Context is now IRPEF.

H: where can I pay it?

Chatbot presents "WHERE_TO_PAY IRPEF".

4 Conclusions and Further Work

We are currently in the process of evaluating
Financial QA according to a framework based
on PARADISE (Walker et al., 1997; Rieser and
Lemon, 2011), which considers, among the oth-
ers, the following indicators: Task Ease, NLU Per-
formance, Expected Behavior, Presentation, Ver-
bal Presentation, Future Use. We plan to finalize
our evaluation in the next months.

NLP is crucial for the development of robust chat-
bots; since extra-linguistic elements are poten-
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tially very important in intent understanding, mov-
ing from semantics to pragmatics is a necessary
step to develop next-generation chatbots. We have
shown how Dialogue Management can support a
more robust handling of context, at least in closed-
domain QA tasks.

Further work is required to handle more business
cases and a broader definition of context, such as
history of activities conducted by the same user,
which can be especially useful in chatbots with
recommender functions (Lombardi et al., 2009).
We would like to thank Andrea Bolioli for his help
in the review phase and all of our CELI colleagues
for their invaluable work and support.
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Abstract

English. In this work we explore the
possibility of training a neural network
to classify and rank idiomatic expressions
under constraints of data scarcity. We
discuss our results comparing them both
to other unsupervised models designed
to perform idiom detection and to simi-
lar supervised classifiers trained to detect
metaphoric bigrams.

Italiano. In questo lavoro esploriamo
la possibilita di addestrare una rete neu-
rale per classificare ed ordinare espres-
sioni idiomatiche in condizioni di scar-
sita di dati. 1 nostri risultati sono
discussi in comparazione sia con al-
tri algoritmi non supervisionati ideati
per [identificazione di espressioni id-
iomatiche sia con classificatori supervi-
sionati dello stesso tipo addestrati per
identificare bigrammi metaforici.

1 Introduction

Figurative expressions like idioms (e.g. fo learn
the ropes ‘to learn how to do a job’, fo cut the
mustard ‘to perform up to expectations’, etc.) and
metaphors (e.g. clean performance, that lawyer is
a shark, etc.) are pervasive in language use. Im-
portant differences have been stressed between the
two types of expressions from a theoretical (Gibbs,
1993; Torre, 2014), neurocognitive (Bohrn et al.,
2012) and corpus linguistic (Liu, 2003) prespec-
tive. On the one hand, as stated by Lakoff and
Johnson (2008), linguistic metaphors reflect an in-
stantiation of conceptual metaphors, whereby ab-
stract concepts in a target domain (e.g. the ruth-
lessness of a lawyer) are described by a rather
transparent mapping to concrete examples taken
from a source domain (e.g. the aggressiveness of
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a shark). On the other hand, although most id-
ioms originate as metaphors (Cruse, 1986), they
have undergone a crystallization process in di-
achrony, whereby they now appear as fixed and
non-compositional word combinations that be-
long to the wider class of Multiword Expressions
(MWES) (Sag et al., 2002) and always exhibit lex-
ical and morphosyntactic rigidity to some extent
(Cacciari and Glucksberg, 1991; Nunberg et al.,
1994). It is anyway crucial to underline that id-
iomaticity itself is a multidimensional and gra-
dient phenomenon (Nunberg et al., 1994; Wulff,
2010) with different idioms showing varying de-
grees of semantic transparency, formal versatility,
proverbiality and affective valence.

The aim of this work is to explore the fuzzy
boundary between idiomatic and metaphorical ex-
pression, by applying a method designed to dis-
criminate figurative vs. literal usages to the task of
distinguishing idiomatic from compositional ex-
pressions. Our starting point is the work of Biz-
zoni et al. (2017). The authors managed to clas-
sify adjective-noun pairs where the same adjec-
tives were used both in a metaphorical and a lit-
eral sense (e.g. clean performance vs. clean floor)
using a neural classifier trained on a composition
of the words’ embeddings (Mikolov et al., 2013).
Actually, the neural network was able to detect
the abstract/concrete semantic shift of nouns when
used with the same adjective in figurative and
literal compositions respectively, basically treat-
ing the noun as the “context” to discriminate the
metaphoricity of the adjective. In our attempt, we
will use a relatively similar approach to classify
idiomatic expressions by training a three-layered
neural network on a set of idiomatic and non-
idiomatic expressions and we’ll compare the per-
formance of the network when trained on differ-
ent syntactic patterns (Adjective-Noun and Verb-
Noun expressions, AN and VN henceforth).

Importantly, the abstract/concrete polarity the



network was able to learn in Bizzoni et al. (2017)
will not be available this time, since none of the id-
iom constituents will ever appear in its literal sense
inside the expressions, whatever their concrete-
ness may be. What we want to find out is whether
the sole information captured by the distributional
vector of a single expression is sufficient to learn
its potential idiomaticity. Differently from Bizzoni
et al. (2017), for each idiom we collect a count-
based vector (Turney and Pantel, 2010) of the ex-
pression as a whole, taken as a single token. We
compare this approach with a model trained on the
composition of the individual words of an expres-
sion, showing that the latter is less effective for
idioms than for metaphors. In both cases we will
be operating on scarce training sets (26 AN and 90
VN constructions). Traditional ways to deal with
data scarcity in computational linguistics resort to
a wide number of different features to annotate the
training set (see for example Tanguy et al. (2012))
or rely on artificial bootstrapping of the training
set (He and Liu, 2017). In our case we test the
performance of our classifier on scarce data with-
out bootstrapping the dataset and relying only on
the information provided by the distributional se-
mantic space, showing that the distribution of an
expression in large corpora can provide enough in-
formation to learn idiomaticity from few examples
with a satisfactory degree of accuracy.

2 Related Work

Previous computational research has exploited dif-
ferent methods to perform idiom type detection
(i.e., automatically telling apart potential idioms
like to get the sack from only literal combinations
like to kill a man). For example Lin (1999) and
Fazly et al. (2009) label a given word combination
as idiomatic if the Pointwise Mutual Information
(PMI) (Church and Hanks, 1991) between its con-
stituents is higher than the PMIs between the com-
ponents of a set of lexical variants of this combi-
nation obtained by replacing the component words
of the original expressions with semantically re-
lated words. Other studies have resorted to Distri-
butional Semantics (Lenci, 2008; Turney and Pan-
tel, 2010) by measuring the cosine between the
vector of a given phrase and the single vectors
of its components (Fazly and Stevenson, 2008) or
between the phrase vector and the sum or prod-
uct vector of its components (Mitchell and Lapata,
2010; Krémar et al., 2013). Senaldi et al. (2016b)
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and Senaldi et al. (2016a) have combined insights
from both these approaches by observing that the
vectors of VN and AN idioms are less similar to
the vectors of lexical variants of these expressions
with respect to the vectors of compositional con-
structions. To the best of our knowledge, neu-
ral networks have been previously adopted to per-
form MWE detection in general (Legrand and Col-
lobert, 2016; Klyueva et al., 2017), but not idiom
identification specifically. In Bizzoni et al. (2017),
pre-trained noun and adjective vector embeddings
are fed to a single-layered neural network to dis-
ambiguate metaphorical and literal AN combina-
tions. Several combination algorithms are exper-
imented with to concatenate adjective and noun
embeddings. All in all, the method is shown to
outperform the state of the art, presumably lever-
aging the abstractness degree of the noun as a clue
to metaphoricity.

3 Dataset

3.1 Target expressions extraction

The two idiom datasets we employ in the cur-
rent study come from Senaldi et al. (2016b) and
Senaldi et al. (2016a). The first one is composed
of 45 idiomatic and 45 non-idiomatic Italian V-
NP and V-PP constructions (e.g. tagliare la corda
‘to flee’ lit. ‘to cut the rope’ and leggere un libro
‘to read a book’) that were selected from an Ital-
ian idiom dictionary (Quartu, 1993) and extracted
from the itWaC corpus (Baroni et al., 2009), com-
posed of about 1,909M tokens. Their frequency
spanned from 364 (ingannare il tempo ‘to while
away the time’) to 8294 (andare in giro ‘to get
about’). The latter comprises 13 idiomatic and 13
non-idiomatic AN constructions (e.g. punto de-
bole ‘weak point’ and nuova legge ‘new law’) that
were still extracted from itWaC and whose fre-
quency varied from 21 (alte sfere ‘high places’,
lit. ‘high spheres’) to 194 (punto debole).

3.2 Building target vectors

Count-based Distributional Semantic Models
(DSMs) (Turney and Pantel, 2010) allow for
representing words and expressions as high-
dimensionality vectors, where the vector dimen-
sions register the co-occurrence of the target words
or expressions with some contextual features, e.g.
the content words that linearly precede and follow
the target element within a fixed contextual win-
dow. We built two DSMs on itWaC, where our tar-



get AN and VN idioms and non-idioms were rep-
resented as target vectors and co-occurrence statis-
tics counted how many times each target construc-
tion occurred in the same sentence with each of
the 30,000 top content words in the corpus. Differ-
ently from Bizzoni et al. (2017), we did not opt for
prediction-based vector representations (Mikolov
et al., 2013). Although some studies have brought
out that context-predicting models fare better than
count-based ones on a variety of semantic tasks
(Baroni et al., 2014), including compositionality
modeling (Rimell et al., 2016), others (Blacoe and
Lapata, 2012; Cordeiro et al., 2016) have shown
them to perform comparably. Moreover, Levy
et al. (2015) highlight that much of the superior-
ity in performance exhibited by word embeddings
is actually due to hyperparameter optimizations,
which, if applied to traditional models as well, can
bring to equivalent outcomes. Therefore, we felt
confident in resorting to count-based vectors as an
equally reliable representation for the task at hand.

3.3 Gold standard idiomaticity judgments

In Senaldi et al. (2016b) and Senaldi et al. (2016a),
we collected gold standard idiomaticity judgments
for our target AN and VN constructions. 9 Lin-
guistics students were presented with a list of our
26 AN constructions and were asked to evaluate
how idiomatic each expression was from 1 to 7,
with 1 standing for ‘totally compositional’ and 7
standing for ‘totally idiomatic’. Inter-coder agree-
ment, measured with Krippendorff’s o (Krippen-
dorff, 2012), was equal to 0.76. The same pro-
cedure was repeated for our 90 VN constructions,
but in this case the inital list was split into 3 sub-
lists of 30 expressions, each one to be rated by 3
subjects. Krippendorff’s o was 0.83 for the first
sublist and 0.75 for the other two.

4 Classifier

We built a neural network composed of three
“dense” or fully connected layers' of dimensional-
ity 12, 8 and 1 respectively. Our network takes in
input a single vector at a time, which can be a word
embedding, a count-based distributional vector or
a composition of several word vectors. For the
core part of our experiment we used as input sin-
gle distributional vectors of two-word expressions.
Due to our input’s magnitude, the most important

"We used Keras, a library running on TensorFlow (Abadi
et al., 2016).
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reduction of data dimensionality is carried out by
the first layer of our model. The last layer applies
a sigmoid activation function on the output in or-
der to produce a binary judgment. While binary
scores are necessary to compute the model classi-
fication accuracy and will be evaluated in terms of
F1, our model’s continuous scores can be retrieved
and will be used to perform an ordering task on
the test set, that we will evaluate in terms of Inter-
polated Average Precision (IAP) 2 and against the
human idiomaticity judgments with Spearman’s p.

5 Evaluation

We trained our model on the 30,000 dimensional
distributional vectors of VN and AN expressions
as well as on the composition of their individual
words’ vectors. We tried with different semantic
spaces as well. When trained on PPMI- (Church
and Hanks, 1991) and SVD-transformed (Deer-
wester et al., 1990) vectors of 150, 200, 250 and
300 dimensions, our models performed compara-
bly or even worse; so, results for these cases won’t
be presented here. Details of both classification
and ordering task are shown in Table 1.

5.1 Verb-Noun

We ran our model on the VN dataset, composed of
90 elements, 45 idioms and 45 non-idiomatic ex-
pressions. This is the larger of the two datasets.
We trained our model both on 30 and 40 elements
for 20 epochs and tested on the remaining 60 and
50 elements respectively, reaching a maximum
IAP of 0.87 and Spearman’s p of 0.76. In general
we found the model’s performance, both in accu-
racy and in correlation, comparable to the results
reported in Senaldi et al. (2016b), who reached
a maximum JAP of 0.91 and a maximum Spear-
man’s p of -0.67.

5.2 Adjective-Noun

We ran our model on the AN dataset, composed of
26 elements, 13 idioms and 13 non-idiomatic ex-
pressions. We empirically found that our model
was able to perform some generalization on the
data when the training set contained at least 14
elements, evenly balanced between positive and
negative examples. We trained our model on 16
elements for 30 epochs and tested on the remain-
ing 10 elements. While accuracy’s exact value can

Following Fazly et al. (2009), IAP was computed at re-
call levels of 20%, 50% and 80%.



Vector Training Test IAP rho F1
VN 15+15 30+30 0.82  0.50*%** (.8
VN 20+20 15+15 0.82 0.76%** (.87
Concat (VN) 15+15 14+14 0.7 047* 0.69
AN 8+8 6+4 1?7 0.93*%** (09
VN+AN 23423 14+14(VN) 0.9 0.76%*%* (.82
VN+AN 23423 18+20(joint) | 0.8 0.64%** (.76
VN+AN 23423 5+5(AN) 0.57 -0.31 0.58

Table 1: Interpolated Average Precision, Spearman’s correlation with the speaker judgments and F-
measure for Vector-Noun training (VN), Adjective-Noun training (AN), joint training and training
through vector concatenation (** = p < .01, *** = p < .001). Training and test set are expressed as

the sum of positive and negative examples.

undergo some fluctuations when a model is trained
on very small sets, we always registered accura-
cies higher than 80%, with 4 out of 5 idioms cor-
rectly labeled in every trial. We reached an IAP of
1.0 and a p of 0.93, although it is important to keep
in mind that such scores are computed on a very
restricted test set. Senaldi et al. (2016b) reached
a maximum IAP of 0.85 and a maximum p of -
0.68. When the training size was under the critical
threshold, accuracy dropped significantly. With
training sets of 10 or 12 elements, our model nat-
urally went in overfitting, quickly reaching 100%
accuracy on the training set and failing to correctly
classify unforeseen expressions. In these cases a
partial learning was still visible in the ordering
task, where most idioms, even if labeled incor-
rectly, received higher scores than non-idioms.

5.3 Joint training

We also tried to train our model on both datasets
together, to check to what extent it would be
able to recognize the same underlying seman-
tic phenomenon through different syntactic con-
structions. We used two different approaches for
this experiment. Training our model first on one
dataset, e.g. the AN pairs, and then on the other re-
quired more epochs overall (more than 100) to sta-
bilize and resulted in a poorer performance (66%
F-measure on both test sets). Training our model
on a mixed dataset containing the elements of both
training sets, our model employed only 12 epochs
to reach an F-measure of 76% on the mixed train-
ing set. Anyway, we also noticed that VN expres-
sions were learned better than AN expressions. In
short, our model was able to generalize over the
two datasets, but this involved a loss in accuracy.
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5.4 Vector composition

In addition to using the vector of an expression as
a whole, we tried to feed our model with the con-
catenation of the vectors of the single words in an
expression, as in Bizzoni et al. (2017). For exam-
ple, instead of using the 30,000 dimensional vec-
tor of the expression cambiare musica, we used
the 60,000 dimensional vector resulting from the
concatenation of cambiare and musica. We ran
this experiment only on the VN dataset, being the
largest and the one that yielded the best results
in the previous settings. We used 30 elements in
training and 26 in testing and trained our model
for 80 epochs overall. Predictably enough, vec-
tor composition resulted in the worst performance,
differently from what happened with metaphors
(Bizzoni et al., 2017); nonetheless, the results are
not completely random: with an F1 of 69%, the
model seems able to learn idiomaticity to a lower,
but not null, degree; these findings would be in
line with the claim that the meaning of the sub-
parts of several idioms, while less important than
in metaphors, is not completely obliterated (Mc-
Glone et al., 1994).

6 Error Analysis

Two frequent false positives are tagliare il tra-
guardo and abbassare la guardia. While we la-
beled them as non-idioms in our dataset, since
they’re rather compositional, nonetheless they can
be very often used figuratively and that’s probably
why our algorithms identified them as idioms. A
frequent false negative was vedere la luce, which
probably occurs more often in its literal sense in
the corpus we used.



7 Discussion and Conclusions

It seems that the distribution of idiomatic and com-
positional expressions in large corpora can suf-
fice for a supervised classifier to learn the dif-
ference between the two linguistic elements from
small training sets and with a good level of accu-
racy. Unlike with metaphors (Bizzoni et al., 2017),
feeding the classifier with a composition of the in-
dividual words’ vectors of such expressions per-
forms quite scarcely and can be used to detect only
some idioms. This takes us back to the core dif-
ference that while metaphors are more composi-
tional and preserve a transparent source domain to
target domain mapping, idioms are by and large
non-compositional. Since our classifiers rely only
on contextual features, their ability in classifica-
tion must stem from a difference in distribution be-
tween idioms and non-idioms. A possible expla-
nation is that while the literal expressions we se-
lected, like vedere un film or ascoltare un discorso,
tend to be used with animated subjects and thus to
appear in more concrete contexts, most of our id-
ioms (e.g. cadere dal cielo or lasciare il segno)
allow for varying degrees of animacy or concrete-
ness of the subject, and thus their context can eas-
ily get more diverse. At the same time, the drop in
performance we observe in the joint models seems
to indicate that the different parts of speech com-
posing our elements entail a significant contextual
difference between the two groups, which intro-
duces a considerable amount of uncertainty in our
model. It is also possible that other contextual el-
ements we did not consider have played a role in
the learning process of our models. We intend to
deepen this aspect in future works.
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Abstract

English. In this paper, we describe our
neural network models for a commercial
application on sentiment analysis. Differ-
ent from academic work, which is oriented
towards complex networks for achieving a
marginal improvement, real scenarios re-
quire flexible and efficient neural models.
The possibility to use the same models on
different domains and languages plays an
important role in the selection of the most
appropriate architecture. We found that
a small modification of the state-of-the-
art network according to academic bench-
marks led to a flexible neural model that
also preserves high accuracy.

Italiano.
amo i nostri modelli di reti neurali per
un’applicazione commerciale basata sul
sentiment analysis. A differenza del
mondo accademico, dove la ricerca é ori-
entata verso reti anche complesse per
il raggiungimento di un miglioramento
marginale, gli scenari di utilizzo reali
richiedono modelli neurali flessibili, effi-
cienti e semplici. La possibilitd di utiliz-
zare gli stessi modelli per domini e lin-
guaggi variegati svolge un ruolo impor-
tante nella scelta dell’architettura. Ab-
biamo scoperto che una piccola modifica
della rete allo stato dell’arte rispetto ai
benchmarks accademici produce un mod-
ello neurale flessibile che preserva anche
un’elevata precisione.

In questo lavoro, descrivi-

1 Introduction

In recent years, Sentiment Analysis (SA) in Twit-
ter has been widely studied. Its popularity has

50

amoschitti@gmail.com

been fed by the remarkable interest of the indus-
trial world on this topic as well as the relatively
easy access to data, which, among other, allowed
the academic world to promote evaluation cam-
paigns, e.g., (Nakov et al., 2016), for different lan-
guages. Many models have been developed and
tested on these benchmarks, e.g., (Li et al., 2010;
Kiritchenko et al., 2014; Severyn and Moschitti,
2015; Castellucci et al., 2016). They all appear
very appealing from an industrial perspective, as
SA is strongly connected to many types of busi-
ness through specific KPIs'. However, previous
academic work has not provided clear indications
on how to select the most appropriate learning ar-
chitecture for industrial applications.

In this paper, we report on our experience on
adopting academic models of SA to a commer-
cial application. This is a social media and micro-
blogging monitoring platform to analyze brand
reputation, competition, the voice of the customer
and customer experience. More in detail, senti-
ment analysis algorithms register customers’ opin-
ions and feedbacks on services and products, both
direct and indirect.

An important aspect is that such clients push for
easily adaptable and reliable solutions. Indeed,
multi-tenant applications and sentiment analysis
requirements cause a high variability of the ap-
proaches to the tasks within the same platform.
This should be capable of managing multi-domain
and multi-channel content in different languages
as it provides services for several clients in differ-
ent market segments. Moreover, scalability and
lightweight use of computational resources pre-
serving accuracy is also an important aspect. Fi-
nally, dealing with different client domains and
data potentially requires constantly training new
models with limited time availability.

To meet the above requirements we started from

'Key Performance Indicators are strategic factors en-
abling the performance measurement of a process or activity.



the state-of-the-art model proposed in (Severyn
and Moschitti, 2015), which is a Convolutional
Neural Network (CNN) with few layers mainly
devoted to encoding a sentence representation. We
modified it by adopting a recurrent pooling layer,
which allows the network to learn longer depen-
dencies in the input sentence. An additional ben-
efit is that such simple architecture makes the net-
work more robust to biases from the dataset, gen-
eralizing better on the less represented classes.
Our experiments on the SemEval data in English
as well as on a commercial dataset in Italian show
a constant improvement of our networks over the
state of the art.

In the following, Section 2 places the current
work in the literature. Section 3 introduces the ap-
plication scenario. Sections 4 and 5 presents re-
spectively our proposal for a flexible architecture
and the experimental results. Finally, Section 6 re-
ports the conclusions.

2 Related Work

Although sentiment analysis has been around for
one decade, a clear and exact comparison of mod-
els has been achieved thanks to the organization
of international evaluation campaigns. The main
campaign for SA in Twitter in English is SemEval,
which has been organized since 2013. A similar
campaign in the Italian language (SENTIPOLC)
(Barbieri et al., 2016) is promoted within Evalita
since 2014.

Among other approaches, Neural Networks
(NNs), and in particular CNNs, outperformed the
previous state of the art techniques (Severyn and
Moschitti, 2015; Castellucci et al., 2016; Attardi
et al., 2016; Deriu et al., 2016). Those systems
share some architectural choices: (i) use of Convo-
lutional Sentence encoders (Kim, 2014), (ii) lever-
aging pre-trained word2vec embeddings (Mikolov
et al., 2013) and (iii) use of distant supervision to
pre-train the network (Go et al., 2009). Despite
this network is simple and provides state of the art
results, it does not model long-term dependencies
in the tweet by construction.

3 Application Scenario

Our commercial application is a social media
and micro-blogging monitoring platform, which is
used to analyze brand reputation, competitors, the
voice of the customer and customer experience. It
is capable of managing multi-domain and multi-
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channel content in different languages and it is
provided as a service for several clients on differ-
ent market segments.

The application uses an SA algorithm to analyze
the customers’ opinions and feedbacks on services
and products, both direct and indirect. The senti-
ment metric is used by the application clients to
point out customer experience, expectations, and
perception. The final aim is to promptly react
and identify improvement opportunities and, af-
terward, measure the impact of the adopted initia-
tives.

3.1 Focused Problem Description

Industrial applications, used by demanding
clients, and dealing with real data tend to prefer
easily adaptable and reliable solutions. Major
problems are related to multi-tenant applications
with several client requirements on the sentiment
analysis problem, often requiring variations
on task approaches within the same platform.
Moreover, high attention is put on scalability
and lightweight use of computational resources,
preserving accurate performance. Finally, dealing
with different client domains and data potentially
requires constantly training new models with
limited time availability.

3.2 Data Description

The commercial social media and micro-blogging
monitoring platform continuously acquires data
coming from several sources; among these, we se-
lected Twitter data as the main source for our pur-
poses.

First, the public Twitter stream was collected for
several months without specific domain restriction
to build the dataset used for the word embedding
training. The total amount of tweets used accounts
for 100 million Italian tweets and 50 million En-
glish tweets.

Then, a dataset has been constructed from a spe-
cific market sector in Italian. The data collection
was performed on the public Twitter stream with
specific word restriction performed in order to fil-
ter the tweets of interest on the automotive do-
main. Afterward, the commercial platform applies
different techniques in order to exclude from these
collections the tweets that are not relevant for the
specific insight analysis.

The messages were then used to construct the
dataset for our experiments. A manual annota-
tion phase has been performed together with the



demanding client in order to best suit the insight
objective requirement. Even though structured
guidelines were agreed upon before creating the
dataset and continuously checked against, this ap-
proach tended to generate dataset characteristics:
in particular, unbalanced distribution of the ex-
amples over the different classes has been mea-
sured. It makes necessary a flexible model ca-
pable of handling such phenomena without the
need of costly tuning phases and/or network re-
engineering.

4 Our Neural Network Approach

The task of SA in Twitter aims at classify-
ing a tweet ¢ € 7T into one of the three
sentiment classes ¢ € C, where C
{positive, neutral, negative}.  This can be
achieved by learning function f : 7" — C through
a neural network. The architecture here proposed
is based on (Severyn and Moschitti, 2015) and it
is structured in three steps: (i) a tweet is encoded
into an embedding matrix, (ii) an encoder maps
the tweet matrix into a fixed size vector and (iii)
a single output layer (a logistic regression layer)
classifies this vector over the three classes.

In contrast to Severyn and Moschitti (2015), we
adopted a Recurrent Pooling layer that allows the
network to learn longer dependencies in the input
sentence (i.e. sentiment shifts). This architectural
change makes the network less sensible to learn bi-
ases from the dataset and therefore generalize bet-
ter on poorly represented classes.

Embedding: a tweet ¢ is represented as a se-
quence of words {wy, .., wj,..,wn}. Tweets are
encoded into a sentence matrix t € Rdxm,
obtained by concatenating its word vectors w,
where d is the size of the word embeddings.

Sentence Encoder: it is a function that maps the
sentence matrix t into a fixed size vector x rep-
resenting the whole sentence. Severyn and Mos-
chitti (2015) used a convolutional layer followed
by a global max-pooling layer to encode tweets.
The convolution operation applies a sliding win-
dow operation (with window of size m) over the
input sentence matrix. More specifically, it applies
a non-linear transformation generating an output
matrix X € RN*deonv where deony is the num-
ber of convolutional filters and /V is the length of
the sentence. The max-pooling operation applies
an element-wise max operation to the transformed
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sentence matrix X, resulting in a fixed size vector
representing the whole sentence.

In this work, we propose to substitute the max-
pooling operation with a Bidirectional Gated Re-
current Unit (BiGRU) (Chung et al., 2014; Schus-
ter and Paliwal, 1997). The GRU is a Gated Re-
current Neural Network capturing long term de-
pendencies over the input. A GRU processes the
input in a direction (e.g., from left to right), updat-
ing a hidden state that keeps the memory of what
the network has processed so far. In this way, a
whole sentence can be represented by taking the
hidden state at the last step. In order to capture de-
pendencies in both directions, i.e., a stronger rep-
resentation of the sentence, we apply a BiGRU,
which performs a GRU operation in both the di-
rections BiGRU (X) = [G—M}(i), m(i)]

Classification: the final module of the network
is the output layer (a logistic regression) that per-
forms a linear transformation over the sentence
vector by mapping it in a d,ss dimensional vec-
tor followed by a softmax activation, where d ;455
is the number of classes.

5 Experiments

5.1 Setup

Similarly to Severyn and Moschitti (2015), for the
CNN, we use a convolutional operation of size 5
and d.on, = 128 with rectified linear unit activa-
tion, ReLU. For the BiGRU, we use 150 hidden
units for both GRU and GRU obtaining a fixed
size vector of size 300.

Word embeddings: for all the proposed mod-
els, we pre-initialize the word embedding matrices
with the standard skip-gram embedding of dimen-
sionality 50 trained on tweets retrieved from the
Twitter Stream.

Training: the network is trained using SGD
with shuffled mini-batches using the Adam up-
date rule (Kingma and Ba, 2014) and an early
stopping (Prechelt, 1998) strategy with patience
P 10. Early stopping allows avoiding over-
fitting and to improve the generalization capabil-
ities of the network. Then, we opted for adding
dropout (Srivastava et al., 2014) with rates of 0.2
to improve generalization and avoid co-adaptation
of features (Srivastava et al., 2014).

Datasets: we trained and evaluated our archi-
tecture on two datasets: the English dataset of Se-
meval 2015 (Rosenthal et al., 2015) described by




Table 1: Splits of the Semeval dataset

Table 3: English results on the SemEval dataset

pos. | neu. | neg. | total 2013 test 2015 test
train 5,805 | 471 | 3,131 [ 9,497 F1 [Fl,, |F1 |Fly,
valid 648 | 57 | 430 | 1,135 | S&M (2015) [ — [72.79 | — [ 6459 |
test 2013 | 2,734 | 160 | 1,541 | 4,435 CNN+Max | 72.04 | 67.71 | 67.14 | 62.63
test 2015 | 1,899 | 190 | 1,008 | 3,097 CNN+BiGRU | 71.67 | 68.10 | 68.03 | 63.82
Table 2: Splits of the Italian dataset . )
pos eu neg total Table 4: Italian resulltsCl on the automotive dataset
Vali Test
i
ra1‘n 4,234 | 6,434 | 2,170 | 12,838 1 Fl,. | F1 Fi,.,
valid | 386 580 461 1,427
CNN+Max 65.34 | 62.35 | 69.35 | 62.88
test 185 232 83 500 i
CNN+BiGRU | 64.85 | 67.71 | 68.32 | 67.55

Table 1 in terms of the size of the data splits and
positive, negative and neutral instances. We used
the validation set for parameter tuning and to apply
early stopping whereas the systems are evaluated
on the two test sets of 2013 and 2015, respectively.

The Italian dataset was built in-house for the au-
tomotive domain: we collected from the Twitter
stream as explained in Section 3.2 and divided it
into three different splits for training, validation
and testing, respectively. Table 2 shows the size of
the splits. Due to the nature of the domain, many
tweets in the dataset are neutral or objective, this
makes the label distribution much different from
the usual benchmarks. For example, the neutral
class is the least represented in the English dataset
(see Table 1) and the most represented in the Ital-
ian data. The imbalance can potentially bias neu-
ral networks towards the most represented class.
One of the features our approach is to diminish
such effect.

Evaluation metrics: we used the following
evaluation metrics, Macro-F1 (the average of the
F1 over the three sentiment categories). Addition-
ally, we report the F'1,,,,, which is the average F1
of the positive and negative class. This metric is
the official evaluation score of the SemEval com-
petition.

5.2 Results on English Data

Table 3 presents the results on the English dataset
of SemEval 2015. The first row shows the out-
come reported by Severyn and Moschitti (2015)
(S&M). CNN+Max is a reimplementation of the
above system with Convolution and Max-Pooling
but trained just on the official training data without
distant supervision. This system is used as a strong
baseline in all our experiments. Lastly, we report
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the results obtained with the BiGRU pooling strat-
egy described in Section 4. The proposed architec-
ture presents a slight improvement over the strong
baseline (~ 1 point of both F'1 and F'1,, ,, score on
the test).

5.3 Results on Italian Data

Table 4 presents the result on the Italian
dataset. Despite that on this dataset the proposed
CNN+BiGRU model obtains lower F1 scores, it
shows improved performance in terms of F'1,,, (5
points on both validation and test sets). This sug-
gests that the proposed model tends to generalize
better on the less represented classes, which, in the
case of the Italian training dataset, are the positive
and negative classes (as pointed out in Table 2).

5.4 Discussion of the Results

We analyzed the classification scores of some
words to show that our approach is less affected
by the skewed distribution of the dataset. The
sentiment trends, as captured by the neural net-
work in terms of scores, are shown in Table
5.4). For example, the word Mexico classified by
CNN+Max produces the scores, 0.06, 0.35, 0.57,
while CNN+BiGRU outcome, 0.18, 0.52, 0.30,
for the negative, neutral and positive classes, re-
spectively. This shows that CNN+BiGRU is less
biased by the data distribution of the sampled word
in the dataset, which is, 0, 1, 5, i.e., Mexico ap-
pears 5 times more in positive than in neutral mes-
sages and never in negative messages.

This skewed distribution biased more
CNN+Max as the positive class gets 0.57
while the negative one only 0.06. CNN+BiGRU is
able, instead, to recover the correct neutral class.
We believe that CNN+Max is more influenced by



Cnn+Max Cnn+BiGRU
Mexico | (.06, .35,.57) | (.18,.51,.30)
Italy (.06, .54, .38) | (.18, .54, .26)
nice (.007, .009, .98) | (.05, .07, .87)

Table 5: Word classification scores obtained with
the two neural architectures on English language.
The scores refer to the negative, neutral and posi-
tive classes, respectively.

the distribution bias as the max pooling operation
seems to capture very local phenomena. In con-
trast, BiIGRU exploits the entire word sequence
and thus can better capture larger informative
context.

A similar analysis in Italian shows the same
trends. For example, the word panda is classified
as, 0.05, 0.28, 0.66, by CNN+Max and 0.07, 0.56,
0.35 by CNN+BiGRU, for negative, neutral and
positive classes, respectively. Again, the distribu-
tion in the Italian training set of this word is very
skewed towards the positive class: it confirms that
CNN+Max is more influenced by the distribution
bias, while our architecture can better deal with it.

6 Conclusions

In this paper, we have studied state-of-the-art neu-
ral networks for the Sentiment Analysis of Twit-
ter text associated with a real application scenario.
We modified the network architecture by apply-
ing a recurrent pooling layer enabling the learning
of longer dependencies between words in tweets.
The recurrent pooling layer makes the network
more robust to unbalanced data distribution. We
have tested our models on the academic bench-
mark and most importantly on our data derived
from a real-world commercial application. The
results show that our approach works well for
both English and Italian languages. Finally, we
observed that our network suffers less from the
dataset distribution bias.

References

Giuseppe Attardi, Daniele Sartiano, Chiara Alzetta,
and Federica Semplici. 2016. Convolutional neural
networks for sentiment analysis on italian tweets. In
Proceedings of Third Italian Conference on Compu-
tational Linguistics (CLiC-it 2016) & Fifth Evalua-
tion Campaign of Natural Language Processing and
Speech Tools for Italian. Final Workshop (EVALITA
2016), Napoli, Italy, December 5-7, 2016. CEUR-
WS.org.

54

Francesco Barbieri, Valerio Basile, Danilo Croce,
Malvina Nissim, Nicole Novielli, and Viviana Patti.
2016. Overview of the evalita 2016 sentiment po-
larity classification task. In Proceedings of Third
Italian Conference on Computational Linguistics
(CLiC-it 2016) & Fifth Evaluation Campaign of
Natural Language Processing and Speech Tools for
Italian. Final Workshop (EVALITA 2016).

Giuseppe Castellucci, Danilo Croce, and Roberto
Basili. 2016. Context-aware convolutional neural
networks for twitter sentiment analysis in italian. In
Proceedings of Third Italian Conference on Compu-
tational Linguistics (CLiC-it 2016) & Fifth Evalua-
tion Campaign of Natural Language Processing and
Speech Tools for Italian. Final Workshop (EVALITA
2016), Napoli, Italy, December 5-7, 2016. CEUR-
WS.org.

Junyoung Chung, Caglar Gulcehre, KyungHyun Cho,
and Yoshua Bengio. 2014. Empirical evaluation of
gated recurrent neural networks on sequence model-
ing. arXiv preprint arXiv:1412.3555.

Jan Deriu, Maurice Gonzenbach, Fatih Uzdilli, Au-
relien Lucchi, Valeria De Luca, and Martin Jaggi.
2016. Swisscheese at semeval-2016 task 4: Senti-
ment classification using an ensemble of convolu-
tional neural networks with distant supervision. In
SemEval@ NAACL-HLT, pages 1124-1128.

Alec Go, Richa Bhayani, and Lei Huang. 2009. Twit-
ter sentiment classification using distant supervision.

Yoon Kim. 2014. Convolutional neural networks for
sentence classification. In Alessandro Moschitti,
Bo Pang, and Walter Daelemans, editors, Proceed-
ings of the 2014 Conference on Empirical Methods
in Natural Language Processing, EMNLP 2014, Oc-
tober 25-29, 2014, Doha, Qatar, A meeting of SIG-
DAT, a Special Interest Group of the ACL, pages
1746-1751. ACL.

Diederik Kingma and Jimmy Ba. 2014. Adam: A
method for stochastic optimization. arXiv preprint
arXiv:1412.6980.

Svetlana Kiritchenko, Xiaodan Zhu, and Saif M. Mo-
hammad. 2014. Sentiment analysis of short in-
formal texts. Journal of Artificial Intelligence Re-
search, 50(1):723-762, May.

Shoushan Li, Sophia Yat Mei Lee, Ying Chen, Chu-
Ren Huang, and Guodong Zhou. 2010. Sentiment
classification and polarity shifting. In Proceedings
of the 23rd International Conference on Computa-
tional Linguistics, pages 635-643. Association for
Computational Linguistics.

Tomas Mikolov, Ilya Sutskever, Kai Chen, Greg S Cor-
rado, and Jeff Dean. 2013. Distributed representa-
tions of words and phrases and their compositional-
ity. In Advances in neural information processing
systems, pages 3111-3119.



Preslav Nakov, Alan Ritter, Sara Rosenthal, Fabrizio
Sebastiani, and Veselin Stoyanov. 2016. Semeval-
2016 task 4: Sentiment analysis in twitter. In Se-
mEval@ NAACL-HLT, pages 1-18.

Lutz Prechelt. 1998. Early stopping-but when? In
Neural Networks: Tricks of the Trade, This Book is
an Outgrowth of a 1996 NIPS Workshop, pages 55—
69, London, UK, UK. Springer-Verlag.

Sara Rosenthal, Preslav Nakov, Svetlana Kiritchenko,
Saif Mohammad, Alan Ritter, and Veselin Stoyanov.
2015. Semeval-2015 task 10: Sentiment analysis
in twitter. In Proceedings of the 9th International
Workshop on Semantic Evaluation (SemEval 2015),
pages 451463, Denver, Colorado, June. Associa-
tion for Computational Linguistics.

Mike Schuster and Kuldip K Paliwal. 1997. Bidirec-
tional recurrent neural networks. IEEE Transactions
on Signal Processing, 45(11):2673-2681.

Aliaksei Severyn and Alessandro Moschitti. 2015.
Twitter sentiment analysis with deep convolutional
neural networks. In Proceedings of the 38th Inter-
national ACM SIGIR Conference on Research and
Development in Information Retrieval, pages 959—
962. ACM.

Nitish Srivastava, Geoffrey E Hinton, Alex Krizhevsky,
Ilya Sutskever, and Ruslan Salakhutdinov. 2014.
Dropout: a simple way to prevent neural networks
from overfitting. Journal of Machine Learning Re-
search, 15(1):1929-1958.

55



Emo2Val: Inferring Valence Scores from fine-grained Emotion Values

Alessandro Bondielli, Lucia C. Passaro and Alessandro Lenci
CoLing Lab, Dipartimento di Filologia, Letteratura e Linguistica
University of Pisa (Italy)
alessandro.bondielli@gmail.com
lucia.passaro@for.unipi.it
alessandro.lenci@unipi.it

Abstract

English. This paper studies the relation-
ship between the valence, one of the psy-
cholinguistic variables in the Italian ver-
sion of ANEW (Montefinese et al., 2014),
and emotive scores calculated by exploit-
ing distributional methods (Passaro et al.,
2015). We show two methods to infer va-
lence from fine grained emotions and dis-
cuss their evaluation.

Italiano. Questo lavoro studia la re-
lazione tra la valenza, una delle vari-
abili psicolinguistiche presenti nella ver-
sione italiana di ANEW (Montefinese et
al., 2014) e degli score emotivi calco-
lati distribuzionalmente (Passaro et al.,
2015). Mostriamo due metodi per inferire
la valenza a partire da tali valori e ne dis-
cutiamo la valutazione.

1 Introduction

Recent years have seen a surge in studies con-
cerning emotional ratings, both in psycholinguis-
tics and in affective computing. Traditionally, the
three main behavioral dimensions to measure the
emotional value of a word are valence, arousal and
dominance. Warriner et al. (2013) define valence
as the “pleasantness of the stimulus”, usually rang-
ing from 1 (very unpleasant) to 9 (very pleasant).
The word dead has a low valence rating, whereas
holiday has a higher one. Arousal is the intensity
of the feeling evoked on a scale from “stimulated”
to “unaroused”. A highly stimulating word is pas-
sion. On the contrary, sleep is not arousing. Fi-
nally, dominance is identified with the degree to
which the stimulus makes the reader feel “in con-
trol” (Louwerse and Recchia, 2014). Victory is a
word with high dominance.
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In the domain of Affective Computing, the goal
moves from the identification of such variables to
the annotation of the texts with the emotions they
express and - for Sentiment Analysis - with their
degree of positivity and/or negativity.

The aim of this work is to study the relationship
between the most important psycholinguistic vari-
ables and emotive scores calculated by exploiting
distributional methods. In particular, we will fo-
cus on valence ratings, assuming that, within these
three dimensions, valence is the most highly re-
lated with a positive, negative or neutral emotional
content. In fact, it can be defined as the “the polar-
ity of emotional activation” (Lang et al., 1999).

A possible approach to infer the valence of
the words from co-occurrence statistics is the one
adopted by Louwerse and Recchia (2014), who
followed a bootstrapping method to extend the
ANEW lexicon (Bradley and Lang, 1999). An-
other approach would be to exploit a resource such
as SenticNet (Cambria et al., 2016) to infer va-
lence based on values of polarity for words or
conceptual primitives. An alternative strategy is
to infer the valence from an emotive lexicon such
as ItEM (Passaro et al., 2015; Passaro and Lenci,
2016), a distributional lexicon for Italian, in which
words are associated with an emotive score for 8
different emotions. In our opinion, this solution
has several advantages: first of all, tEM has been
proven to be quite robust, and guarantees high cov-
erage over Italian words; secondly, it is not only a
static resource, but it can be easily expanded with
new words, allowing for a quick adaptation to dif-
ferent contexts. Finally, associating words with
fine-grained emotional values allows for a wide
range of analyses, such as for instance hate and
violence detection in texts.

Experimental results showed, in an indirect
way, that distributional emotive ratings can be
very useful in the implementation of systems for
polarity classification (Passaro and Lenci, 2016;



Bondielli, 2016). However, what is the real re-
lation between emotive scores and valence? Our
hypothesis is that emotions can be seen as a rep-
resentation of valence on a more granular scale.
The Plutchik’s emotion taxonomy (Plutchik, 1994;
Plutchik, 2001) is partitioned into positive or nega-
tive emotions. However, borderline emotions such
as SURPRISE are harder to be included into a posi-
tive or negative class, and therefore to be attributed
with a direct valence rating. Words like party
and gun will have widely differing valence rat-
ings, but both strongly elicit the emotion of SUR-
PRISE. Hence it is interesting to ask the follow-
ing question: given ItEM, are we able to predict
the valence (i.e., positivity and/or negativity) of its
words? In order to address this latter point, we
performed a simple regression model to predict the
valence ratings of words in ANEW (Montefinese
et al., 2014) given the respective emotive values
in ItEM (Passaro et al., 2015; Passaro and Lenci,
2016).

This paper is organized as follow: in Section 2
we describe the resources used for the creation of
the model. Section 3 shows our method and the
results obtained. Finally, in Section 4 we evaluate
the results and discuss our findings.

2 Resources

The main resources we used for our experiments
are the Italian version of the Affective Norms for
English Words (Montefinese et al., 2014) and the
Italian EMotive lexicon (Passaro et al., 2015).

2.1 Italian ANEW

ANEW (Affective Norms for English Words)
(Bradley and Lang, 1999) is a database created
from a rating of 1034 English words with val-
ues for valence, arousal and dominance. Mon-
tefinese et al. (2014) provided an Italian version
of ANEW, developed by translating the English
ANEW words, and by adding the words taken
from the Italian semantic norms (Montefinese et
al.,, 2012), for a total of 1121 words. Ratings
have been obtained via an experiment where par-
ticipants had to rate words for the target variables.
The reported ratings are the average of the ratings
for all participants.

2.2 ItEM

ItEM (Passaro et al., 2015; Passaro and Lenci,
2016) is an emotive lexicon for Italian, in which
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each target term is associated with a score quan-
tifying its association with each emotion in the
Plutchik’s taxonomy (Plutchik, 1994): Joy, SAD-
NESS, ANGER, FEAR, TRUST, DISGUST, SUR-
PRISE and ANTICIPATION. The resource has been
created as follows: in a first phase, feature elicita-
tion was used to create a small set of seed lemmas
highly associated to one or more of the emotions
in the taxonomy. Then, these lemmas have been
distributionally expanded with the most frequent
words in two Italian corpora (Baroni et al., 2004;
Baroni et al., 2009). Finally, the emotive scores for
each word were calculated by measuring the co-
sine similarity between the lemma and eight emo-
tive centroids built from the collected seeds.

3 From fine-grained Emotion Values to
Polarity

We used 2 main regression models to predict the
valence from the distributional emotive scores.
The first experiment, described in section 3.1
shows a polynomial regression model, and the sec-
ond one (section 3.2) shows a logistic model in
which the valence scores in ANEW have been dis-
cretized into two classes representing the positive-
ness and negativeness of the word.

A simple preprocessing phase has been applied
to align the two resources. ANEW has 1121
words, but 65 of them have multiple POS (e.g.
aereo (plane) can be both a noun and an adjective).
We duplicated each word, extending the dataset
to 1189 elements, and extracted distinct emotive
scores for each <lemma,PoS> pair. In addition,
we replaced word forms like “scorie” (waste), with
their most frequent word type (scoria) in ItaWaC
(Baroni et al., 2004) and La Repubblica (Baroni et
al., 2004). Eventually, 57 ANEW words were left
out of the analysis because they were not in ItEM.
Overall, the resulting size of the aligned dataset is
1129 elements. Finally, to cope with the different
distribution of data among the various emotions in
ItEM, we normalized the scores with their z-score.

3.1 Polynomial regression

Due to the bimodal distribution of the data in
ANEW, we decided to use a polynomial regres-
sion model to predict the valence of the words
in ANEW by exploiting their emotive normalized
scores in ItEM. Preliminary tests had in fact shown
that a simple multiple linear regression model was
not able to properly fit the data. The histogram
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in Figure 1 shows such data distribution, in which
most of the ANEW words have a valence score in
the ranges 2-3 and 6-8, with a slight bias towards
higher values.

To define the most performing degree (Deg) of
the polynomial function, we performed 10-fold
cross validation for degrees in the range {1...5}.
The results, presented in Table 1, clearly show
overfitting for degrees equal or higher than 3. This
is due to the fact that, given the number of param-
eters (#P), the estimated minimum number of ob-
servations (Min. Obs.), computed as #P x 15,
must be at most around the total number of obser-
vations. This is true only for polynomial of de-
gree 1 and 2. This finding is in line with Schmidt
(1971) and Harrell (2001) who demonstrated that
to guarantee the reliability of the prediction, each
parameter in the regression model should have a
minimum number of observations between 10 and
20.

Deg #P  Min. Obs. R? MSE
I 9 ~ 135 0.46 2.24
2 45 ~ 675 0.53 1.82
3 165 ~ 2475 0.31 1.50
4 495 ~ 7425  —81.29 0.96
5 1287 ~19305 —11B 0.0

Table 1: Experiments performed to define the most
performing Deg for the polynomial

Given this result, we performed a polynomial
interpolation over our parameters with a polyno-
mial of degree 2. Then, we applied a simple mul-
tiple linear regression over the new data for pre-
dicting the valence. Figure 2 shows the result of
the regression fitting. For this model, we obtained
a R-Squared (R?) of 0.58, a mean absolute error
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(MeanAE) of 1.08, a mean squared error (MSE)
of 1.81, and a Median absolute error (MedianAE)
of 0.95.

Actual Valence

Predicted Valence

Figure 2: Fitting of predictions

For this experiment, we also provide two ad-
ditional evaluations (the corresponding results are
shown in Table 2):

A) the results of prediction by means of a 10-
fold cross validation;

B) the results of prediction by means of split
of the data between training (66%) and test
(33%).

Method R? MeanAE MSE MedianAE
A 0.53 1.13 1.99 0.98
B 0.54 1.13 2.00 0.93

Table 2: Results of the evaluations

We would like to notice that our prediction per-
forms better for words with a very high arousal. In
fact, emotionally arousing words were more likely
to be produced as an emotive prototypical word in
the elicitation phase of ItEM. As a consequence,
since ItEM’s emotive centroids have been con-
structed using the vectors of these words (namely
the seeds), also their nearest neighbors (i.e., the
most emotive words) are assumed to have a high
level of arousal. Moreover, the distribution of the
data in Figure 3, clearly shows how, in ANEW,
high arousal corresponds to very high (or very
low) valence ratings, suggesting that highly arous-
ing words tend to be very positive or very negative
(i.e. polarized). Building on this evidence, we per-
formed an additional experiment in which we used
the portion of the data (573 words) with an arousal



Arousal

10
Valence

Figure 3: Valence-Arousal distribution

rating higher than its median (5.64) for prediction.
In such model, in fact, R? is attested to ~ 0.64.

Given the distribution of the data showed in Fig-
ure 2, it is clear that a polynomial regression might
not be a perfect fit for valence ratings. Neverthe-
less, it is very important to focus on MeanAE and
MSE values. These errors are relatively low with
respect to the scale of the human-rated valences.

This means that, on average, the difference be-
tween human-rated valence and predicted valence
is between 1 and 2. To prove this point, we also
compared the obtained scores with the original hu-
man annotations, by exploiting the standard devia-
tion for each valence rating. We found that 73, 5%
of our predictions fall into the correct range around
the average valence. If we consider a word having
(in ANEW) a valence score of around 8 (e.g. pace
(peace)) the system will predict a score between
6 and 9, leaving the word around the same (posi-
tive) area of the distribution. The same (and oppo-
site) goes for low-valenced words, such as drogato
(drug addicted) and feccia (scum). Problems arise
in the case of the words with a medium valence.
Examples can be corridoio (corridor) and insipido
(bland). In this case, the word will have the same
chance to be attributed with a high valence score
(5-6) or with a low one (3-4). Supposing to dis-
cretize valence ratings in two classes, a positive
and a negative one, with a cut on the median, pre-
dictions will fall in the right class for most of the
high (or low) valenced words, and (possibly) in
the wrong one for the words of medium valence.
In fact, by constructing a shallow mapping of the
valence into positive (with valence >= 5.5) and
negative class, we found a correlation of 0.73 be-
tween predicted and actual data.
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3.2 Logistic regression

Building on the last experiment, and supposing a
discretization of the valence into the positive and
negative class, we also used a logistic regression
model to predict this binary valence. The results
of this experiment are very promising. We per-
formed 10-fold cross validation to evaluate the
effectiveness of the logistic regression over the
transformed valence ratings, and obtained an av-
erage mean accuracy of 0.80. Detailed results for
this evaluation are shown in Table 3.

Precision  Recall F1
MicroAVG 0.806 0.803  0.802
MacroAVG 0.803 0.803  0.803

Table 3: Logistic regression (Cross Validation)

4 Results and discussion

The results provided in previous experiments
showed both pros and cons of this approach.

The main advantage of exploiting distributional
emotive scores to predict the word’s valence is that
such scores can be easily obtained in an unsuper-
vised way by means of co-occurrence statistics.

Moreover, predicted data showed a rather good
accuracy with respect to the actual distribution, es-
pecially considering the logistic regression experi-
ment. In fact, our models reach peak performances
by focusing the analysis on the sign of the valence
with logistic regression instead of working with
continuous values.

On the other hand, the main drawback of our ap-
proach derives from the dimension of the ANEW
dataset, and in particular from the lack of exam-
ples around the medium valence score ratings. It
is clear that the ratings distribution in this resource
prevented us from obtaining reliable results for
continuous values. This might also provide an ex-
planation for the errors concerning the logistic re-
gression experiment. We are confident that having
access to a new resource covering the full spec-
trum of the valence more evenly would have a pos-
itive impact on our model.

5 Conclusions and ongoing research

In this work we studied the relationship between
valence and distributional emotive scores. We
modeled our data with regression in order to pre-
dict both a continuous score for valence and its
corresponding binarized version (i.e., polarity).



Despite the difficulties of modeling an accu-
rate representation of a continuous valence rating
from a small and unbalanced dataset like the Ital-
ian ANEW, we can identify a clear relationship
between distributional emotional scores and a dis-
crete valence obtained by categorizing the ratings
into a positive and a negative class.

In the near future, we plan to improve our re-
gression models, with the aim of reducing the im-
pact of the distribution of the data in ANEW, pos-
sibly implementing new strategies able to cope
with non linear data. ANEW is a highly renown
psycholinguistic dataset, but we plan to extend the
present work to predict sentiment polarity scores
taken from SentiWordNet (Esuli and Sebastiani,
2006a; Esuli and Sebastiani, 2006b), thereby ex-
ploiting the larger coverage of this resource.

Moreover, we plan to follow the approach em-
ployed in ItEM to create a polarity lexicon for Ital-
ian, using ANEW words as seed to build posi-
tive and negative polarity centroids. This would
also be beneficial for evaluating performances on a
emotion-based approach and a polarity-based one.

Finally, we aim at testing the effectiveness of
our system for Sentiment Polarity Classification.

References

Marco Baroni, Silvia Bernardini, Federica Comastri,
Lorenzo Piccioni, Alessandra Volpi, Guy Aston, and
Marco Mazzoleni. 2004. Introducing the la repub-
blica corpus: A large, annotated, tei (xml)-compliant
corpus of newspaper italian. issues, 2:5-163.

Marco Baroni, Silvia Bernardini, Adriano Ferraresi,
and Eros Zanchetta. 2009. The wacky wide
web: a collection of very large linguistically pro-
cessed web-crawled corpora. Language resources
and evaluation, 43(3):209-226.

Alessandro Bondielli. 2016. Da facebook a twitter:
Creazione e utilizzo di una risorsa lessicale emotiva
per la sentiment analysis di tweet. Master’s thesis,
University of Pisa, Italy.

Margaret M Bradley and Peter J Lang. 1999. Affective
norms for english words (anew): Instruction manual
and affective ratings. Technical report, Technical re-
port C-1, the center for research in psychophysiol-
ogy, University of Florida.

Erik Cambria, Soujanya Poria, Rajiv Bajpai, and
Bjorn W Schuller. 2016. Senticnet 4: A semantic
resource for sentiment analysis based on conceptual
primitives. In COLING, pages 2666-2677.

A. Esuli and F. Sebastiani. 2006a. Determining term
subjectivity and term orientation for opinion min-
ing. In Proceedings of the 11th Conference of the

60

European Chapter of the Association for Computa-
tional Linguistics (EACL06), Trento (Italy). Associ-
ation for Computational Linguistics.

A. Esuli and F. Sebastiani. 2006b. Sentiwordnet: A
publicly available lexical resource for opinion min-
ing. In Proceedings of the 5th International Confer-
ence on Language Resources and Evaluation, pages
417-422, Genoa (Italy). European Language Re-
source Association (ELRA).

FE. Harrell. 2001. Regression Modeling Strategies:
With Applications to Linear Models, Logistic Re-
gression, and Survival Analysis. Graduate Texts in
Mathematics. Springer.

Peter J Lang, Margaret M Bradley, and Bruce N Cuth-
bert. 1999. International affective picture sys-
tem (iaps): Technical manual and affective ratings.
Gainesville, FL: The Center for Research in Psy-
chophysiology, University of Florida, 2.

MM Louwerse and G Recchia. 2014. Reproducing
affective norms with lexical co-occurrence statis-
tics: Predicting valence, arousal, and dominance.
The Quarterly Journal of Experimental Psychology,
68(12):1-15.

Maria Montefinese, Ettore Ambrosini, Beth Fairfield,
and Nicola Mammarella. 2012. Semantic memory:
A feature-based analysis and new norms for Italian.
Behavior Research Methods, pages 1-22, oct.

Maria Montefinese, Ettore Ambrosini, Beth Fairfield,
and Nicola Mammarella. 2014. The adaptation of
the affective norms for english words (anew) for ital-
ian. Behavior research methods, 46(3):887-903.

Lucia C. Passaro and Alessandro Lenci. 2016. Eval-
uating context selection strategies to build emotive
vector space models. In Proceedings of the Tenth In-
ternational Conference on Language Resources and
Evaluation (LREC 2016), Portoro (Slovenia).

Lucia C Passaro, Laura Pollacci, and Alessandro Lenci.
2015. Item: A vector space model to bootstrap an
italian emotive lexicon. CLiC it, 60(15):215.

Robert Plutchik. 1994. The psychology and biology of
emotion. HarperCollins College Publishers.

R. Plutchik. 2001. The nature of emotions. American
Scientist, 89:344-350.

Frank L Schmidt. 1971. The relative efficiency of re-
gression and simple unit predictor weights in applied
differential psychology. Educational and Psycho-
logical Measurement, 31(3):699-714.

Amy Beth Warriner, Victor Kuperman, and Marc Brys-
baert. 2013. Norms of valence, arousal, and dom-
inance for 13,915 english lemmas. Behavior re-
search methods, 45(4):1191-1207.



Toward a bilingual lexical database on connectives:
Exploiting a German/Italian parallel corpus

Peter Bourgonje, Yulia Grishina, Manfred Stede
Applied Computational Linguistics
University of Potsdam / Germany
{bourgonje,grishina, stede}@uni-potsdam.de

Abstract

English. We report on experiments to
validate and extend two language-specific
connective databases (German and Italian)
using a word-aligned corpus. This is a first
step toward constructing a bilingual lexi-
con on connectives that are connected via
their discourse senses.

Italiano. Presentiamo una serie di es-
perimenti per validare ed estendere due
database dei connettivi, che sonospecifici
per la lingua italiana e per quella tedesca.
Abbiamo utilizzato un corpus parallelo
allineato a livello della parola. Si tratta
di un primo passo verso la costruzione di
un lessico bilingue dei connettivi che sono
collegati attraverso i loro sensi del dis-
COrSso.

1 Introduction

An important part of discourse processing deals
with uncovering coherence relations that hold be-
tween individual, “elementary” units of a text. The
lexical items that can signal such a relation are
referred to as discourse connectives, and exam-
ples of these relations, also called the connectives’
senses, are contrast (e.g., ‘but’), elaboration (e.g.,
‘in particular’), or cause (e.g., ‘therefore’). No-
tice, however, that relations need not always be
signalled in text, if the context or world knowl-
edge is sufficient for the reader to infer it, as (1)-
(4) demonstrate:

(1) We should hurry, because it’s late.
(2) We should hurry. It’s late.

(3) The red pen costs $2, while the blue one is
$2.50.
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(4) The red pen costs $2; the blue one is $2.50.

On the other hand, example (6) is a perfectly gram-
matical sentence but the meaning is different from
(5), so for this case of a Concession relation, the
connective is in fact indispensable.

(5) Although it is late, we don’t need to hurry.

(6) Itis late; we don’t need to hurry.

Recognizing these relations, which can hold
within a sentence, between two sentences, or be-
tween larger spans of text, is a central task for
uncovering the structure of a text, as it has been
studied in theories like Rhetorical Structure The-
ory (Mann and Thompson, 1988) or Segmented
Discourse Representation Theory (Asher and Las-
carides, 2003). While the usage of connectives can
sometimes be optional, the set of connectives that
a language offers is generally taken as important
(if not exhaustive) evidence for the set of coher-
ence relations that should be assumed.

1.1 Background: Connectives

From a syntactic viewpoint, ‘connective’ is not a
homogeneous class, as it contains conjunctions,
different kinds of adverbials, as well as certain
prepositions. Our underlying definition of dis-
course connectives is based on (Pasch et al., 2003,
p.- 331):

(7) Def.: A discourse connective is a lexical
item x that exhibits each of the following
five properties:

(M1) x cannot be inflected.

(M2) x does not assign case features to its
syntactic environment.

(M3) The meaning of x is a two-place
relation.

(M4) The arguments of the relation (the
meaning of x) are propositional structures.
(M5) The expressions of the arguments of
the relation can be sentential structures.



Following (Stede, 2002), we drop M2 because our
lexicon deliberately includes several prepositions
that can be used as connectives (in the sense of
M1, M3-M5), e.g., trotz (‘despite’) or wegen (‘due
to’).

1.2 Motivation and contribution

Connectives can pose interesting challenges to
translation and for language learners, as the dif-
ferences in meaning between similar connectives
can be quite subtle. For these reasons, we are
interested here specifically in a bilingual Italian—
German lexical resource, to be built on top of
two existing single-language lexicons. As a
case study, we focus on the subgroup of con-
trastive/concessive connectives, which we deter-
mined to comprise (in the existing lexicons) 31
German connectives and 12 Italian connectives;
see Tables 3.2.2 and 3.2.2.

The main contributions of this paper are (1)
suggestions for improving the existing language-
specific resources used in this study through the
technique of cross-lingual projection in a parallel
corpus, which reveals correspondences between
connectives and can point to gaps in either of the
resources; and (2) an overview of the distribution
of connectives and their senses, to be used in a
bilingual database. Section 2 explains the two
monolingual lexicons we work with, and Section
3 describes the corpus. Section 4 reviews related
work in this area. Section 5 elaborates the idea
of bilingual connective databases, and Section 6
summarises our findings.

2 Lexicons: DiMLex and LICo

We extracted the German contrastive connectives
from DiMLex (Scheffler and Stede, 2016), a con-
nective lexicon with several different fields de-
scribing orthographical variants, syntactic type,
discourse sense, and usage examples. It con-
tains 275 entries. The sense annotations are based
on the Penn Discourse Treebank (PDTB) senses
(Miltsakaki et al., 2008) in its latest version 3. The
lexicon is publicly available! and aims to exhaus-
tively describe the set of connectives for German,
thus providing a basis for our case study.

The set of Italian contrastive connectives comes
from LICo (Feltracco et al., 2016), a similar lex-
icon for Italian containing 170 entries.> LICo

Uhttps://github.com/discourse-lab/dimlex
Zhttps://hlt-nlp.fbk.eu/technologies/lico
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<entry id="c13" word="al contrario">
<orths>
<orth type="cont" canonical="1" onr="c1301">
<part type="phrasal">al contrario</part>
</orth>
<orth type="cont" canonical="@" onr="c1302">
<part type="phrasal">Al contrario</part>
</orth>
</orths>
<ambiguity>
<non_conn/>
<sem_ambiguity/>
</ambiguity>
<focuspart/>
<non_conn_reading/>
<stts/>
<syn>
<cat>coodinating</cat>
<integr/>
<ordering/>
<sem>
<pdtb3_relation sense="COMPARISON:Contrast"/>
</sem>
<sem>
<pdtb3_relation sense="COMPARISON:Concession:Arg2-as-denier"/>
</sem>
</syn>
</entry>

Figure 1: al contrario entry in LICo

was inspired by DiMLex and contains annotations
on the same attributes and uses essentially the
same structure (i.e., the same PDTB senses, ortho-
graphic variants, usage examples, etc.). An exam-
ple entry of LICo is shown in Figure 1. We refer
the reader to Feltracco et al. (2016) for details.

3 Exploiting a parallel corpus

For the parallel German/Italian corpus we used
Europarl (Koehn, 2005), as it still appears to be
the biggest resource of this kind, and it is, con-
veniently, already sentence-aligned. From the
1,832,053 sentences in the German-Italian part of
the corpus we extracted the word alignments us-
ing MGIZA++ (Gao and Vogel, 2008). In the fol-
lowing, we sketch our method for obtaining the
correspondence information on connectives based
on these word alignments, and then present the re-
sults.

3.1

We approach the problem from two sides: First
we look up every German connective (31 in total)
to get Italian alignments. 30 of them appeared in
our Europarl corpus (with dementgegen missing).
Then we look up every Italian connective to get
German alignments (all 12 connectives present in

Method: Iterative lookup



the corpus). We end up with a list of target lan-
guage words or phrases (or empty elements, since
a source language connective can also be covert in
the target language) that are candidate contrastive
connectives. Note that the lookup procedure does
not differ structurally between words and phrases.
In both cases, single words (stand-alone or in a
phrase) can correspond to zero, one or more target
words. The target representation is collected in a
key-value structure, where the key is the position
in the sentence and the value the word. This list is
then sorted by position to return the target word or
phrase (which is potentially discontinuous). Be-
cause the word alignment is not guaranteed to be
correct, to filter for unlikely translations we focus
on only the 3 most frequent alignments for every
connective. We expect to find at least a subset of
the already known (contrastive) connectives (from
DiMLex or LICo), potentially complemented by a
set of words or phrases that can help filling gaps in
either of the lexicons.

This procedure produces at least some incorrect
results for the following two reasons: 1) discourse
connectives often can appear in a text with a con-
nective reading or with a non-connective reading;
and 2) connectives can have multiple senses, so
that a connective may not have the contrastive
reading in the particular sentence. The candidates
produced hence have to be evaluated manually.
Resulting candidates that have a connective read-
ing are added to the seed list, in order to repeat the
step back from the target language to the source
language?.

3.2 Results

3.2.1 German-Italian

The results of the first step of the iteration us-
ing the 31 German seed connectives are displayed
in Table 3.2.2, where an underscore indicates an
empty string (meaning that the connective was not
aligned to a particular word or phrase in the tar-
get language) and the number after the underscore
represents the (normalised) frequency of the align-
ment.

For the evaluation, we asked a native speaker
of Italian with expert knowledge in linguistics to
validate the resulting top 3 bilingual mappings.
Firstly, we identified several possible connec-

31deally going back and forth until a stable and exhaustive
set of candidates is found. For this study, we only did the first
step, and then projected the found Italian connectives back to
German.
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31%: tuttavia (concession)
27%: -

jedoch (contrast, concession) 22%: ma (contrast, concession)
12%: per (contrast, concession)

8%: <other >

Figure 2: Most frequent alignments of jedoch

tive candidates that were aligned to German con-
trastive connectives, but were not present in LICo,
such as al contempo, solo che, doppo tutto. Sec-
ondly, we observed several possible orthographic
variants of the already existing Italian connectives:
contro or contrario (as possible variants of al con-
trario), and d’altro canto (as a variant of a discon-
tinious connective da un canto...dall’altro). Fi-
nally, we found that several Italian connectives
only had the concession sense, while the corre-
sponding German connectives also had the Con-
trast sense, such as comunque, for which we found
the German alignments aber, allerdings and doch,
for example.

As an example of a visualisation (for a single
connective) the above analysis is based on, con-
sider Figure 2, showing the most frequent align-
ments of jedoch, which always has a connective
reading, thus nullifying the first problem men-
tioned in 3.1.

3.2.2 Italian-German

The results of the first step of the iteration using
the 12 Italian seed connectives are displayed in Ta-
ble 3.2.2. For 11 of the 12 contrastive connectives
from LICo, the top 3 alignments yielded an exist-
ing DiMLex entry. The only connective without
a DiMLex entry in the top 3 was al contrario, for
which a possible new German connective candi-
date im Gegenteil was found through alignment.
Upon further investigation of the lower-ranked
alignments (not included in Table 3.2.2), we were
able to identify several other gaps in the Ger-
man lexicon. Firstly, we observed that the Ital-
ian connective invece is frequently aligned to the
German word anstelle, which is not in DiMLex
(but anstelle dessen is). After examining the cor-
responding examples, we conclude that anstelle
should be added to DimLex as a separate entry
(similarly to the already existing aufgrund vs. auf-
grund dessen). Also, we found that DiMLex lacks



48%: _
7%: anstatt (substitution)
4%: stattdessen (substitution)

invece (contrast, concession) 4%: jedoch (contrast,

concession)
4%: statt (substitution)

33%: <other >

Figure 3: Most frequent alignments of invece

conjunction;asynchronous-precedence;contrast

COMPARISON:Conirast;COMPARISON: Concession: Arg2-as-denier

contrast

CCOMPARISON:Contrast

German connective (frequency)

Top 3 Italian

aber (105413)

ma//_(0.24)//tuttavia

alldieweil (3)

finché//perché

allein (6973)

_(0.30)//solo//soltanto

allerdings (16232)

tuttavia//_(0.22)//ma

andererseits (6354)

_(0.30)//dall’ altro//d’ altro canto

blof dass (117)

_(0.10)//solo che//che solo

dafiir (36895) _(0.70)/Iper//per aver

dafiir // dass (42) che//(0.19)//per

dagegen (5423) _(0.34)/[contro//contrario
dahingegen (24) _(0.17)//invece//al contrario
dementgegen (0)

demgegeniiber (121) _(0.25)//invece//contro

doch (37423)

_(0.47)//ma//tuttavia

einerseits (4221)

da un lato//_(0.31)//da una parte

freilich (159)

_(0.30)//naturalmente//certo

gleichzeitig (13293)

_(0.35)//al contempo//allo stesso tempo

hingegen (1909)

invece//_(0.26)//tuttavia

immerhin (1360)

_(0.44)//comunque//dopo tutto

indessen (280)

invece//_(0.19)//tuttavia

jedoch (47667) tuttavia//_(0.27)//ma
nur dass (21617) che//solo che
sosehr (14) malgrado tutto

unterdessen (193)

nel frattempo//_(0.21)//intanto

wiederum (2450)

_(0.55)//a sua volta//ancora una volta

contrast,conjunction

1-a5-subst

concession-arg2-as-denier wogegen (111) mentre//_(0.19)//contro cosa
wohingegen (218) mentre//_(0.14)//ma
wihrend (20388) _(0.28)//mentre//durante

wihrenddessen (78)

nel frattempo//_(0.17)//mentre

zugleich (3576)

~(0.41)//al contempo//allo stesso tempo

COMPARISON:Concsssion:Arg2-as-denier:COMPARISON: Contrast

substitution-arg2-as-subst

TEMPORAL Syncrony,EXPANSION Conjunction COMPARISON. Contrast ‘substitution-arg2-as-subst conjunction

synchrenous;contrast

Figure 4: Mapping of connective senses from Ital-
ian to German

statt dessen as an orthographic variant of the more
canonical stattdessen.

Finally, we identified two interesting cases that
are DiMLex candidates: umgekehrt and (ganz) im
Gegenteil, which we found aligned to the Italian
viceversa and al contrario, respectively, but more
corpus evidence is required to decide whether they
can indeed serve as connective in the German lan-
guage.

As an example visualisation, consider Figure 3,
showing the most frequent alignments of invece,
which always has a connective reading.

For Italian—-German, we repeated the steps
above with the candidates found using the Ger-
man seed list (projecting the resulting Italian list
back to German) to see if any additional connec-
tives or orthographic variants would be found. We
again found im Gegenteil through alignment of al
contrario and a few alternative lexicalisations for
DiMLex connectives®, but no new candidates.

“Not listed here for reasons of space.
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zum anderen (4299)

_(0.09)//altri//altre

zum einen (8848)

un//_(0.10)//una

Table 1:
alignments

German connectives and their Italian

Italian connective (frequency)

Top 3 German alignments

al contrario (3641)

im gegenteil//_(0.10)//im gegenteil

bensi (7107)

sondern//_(0.12)//sondern vielmehr

contrariamente a (661)

~(0.08)//entgegen//im gegensatz zu

da un canto (352)

einerseits//_(0.11)//andererseits

da un lato (4612) einerseits//_(0.08)//einerseits die
da una parte (10194) _(0.07)//und//eine

invece (18778) _(0.48)//anstatt//stattdessen

ma (135218) aber//sondern//_(0.15)

mentre (15773) wihrend//_(0.19)//und

per contro (13468) gegen//und//_(0.06)

pero (22687) aber//jedoch//_(0.24)

viceversa (522) umgekehrt//_(0.19)//hingegen

Table 2: Italian connectives and their German
alignments

4 Related work

Parallel corpora have been successfully exploited
before in order to automatically generate or induce
connective lexicons in different languages. In par-
ticular, Versley (2010) projected discourse con-
nectives across an English—-German parallel cor-
pus to train a discourse parser capable of dis-
ambiguating connective and non-connective read-
ings.  Similarly, Zhou et al. (2012) used an
English—Chinese parallel corpus in order to build a
Chinese connective lexicon via cross-lingual pro-



jection, and Hajlaoui and Popescu-Belis (2013) re-
lied on parallel data to automatically retrieve Ara-
bic counterparts for a subset of English connec-
tives.

Since our goal was not to build a connective
lexicon from scratch, but to extend the connec-
tive lists and refine the inventory of senses for
the already existing lexicons, the closest approach
to ours is the one adopted by Laali and Kos-
seim (2014), who aimed at automatically inducing
a French connective lexicon via English—French
parallel corpora using additional filtering rules.
Similar to ours, their results have shown that us-
ing parallel translations can improve the coverage
of the connective lists in both languages; however,
since their lexicons used different sets of discourse
relations, they were not able to extend their con-
nective database in respect to senses, as opposed
to our work.

5 Toward a bilingual connective database

Our study is meant as a step toward moving from
single-language connective lexicons to a bilingual
one that provides information about the relation-
ships between the language-specific entries. Both
monolingual lexicons are already publicly avail-
able on GitHub and in addition an interface allow-
ing bilingual search has been made public in a re-
lated project’. Below we sketch additional plans
for providing this information on the levels of con-
nective tokens, and senses (coherence relations).

5.1 Connective mappings

One central purpose of a bilingual database is to
assist translators (human or machine) or (human)
language learners. For most connectives, there is
a complicated m:n mapping between languages,
which standard dictionaries do not cover, and the
relevant features for making choices are not sys-
tematically known yet. A corpus-based inventory
of mappings — ideally supplemented by pointers
to the corpus instances and their context — can be
a very useful resource for undertaking contrastive
lexical investigations.

5.2 From connectives to phrases

The PDTB (Prasad et al., 2008) makes a distinc-
tion between connectives (a closed set) and “al-
ternative lexicalizations” (AltLex), which are a
non-demarcated set of phrases used to express a

‘http://connective-lex.info/

65

coherence relation. Such phrases are so far not
part of DiMLex nor LICo. Obviously, they are
much harder to detect: Corpus annotation (as done
in PDTB) is one way, and we regard our cross-
lingual projection method as another promising
way. Quite often, connectives in language A have
been translated to an AltLex in language B. We
plan to study this more systematically by a closer
inspection of the alignments and their contexts, in
order to extract AltLex candidates as a supplement
to the connective lexicons.

5.3 Senses and their distributions

A bilingual connective database can shed light on
the distribution of senses over different languages
and the degree of ambiguity that individual con-
nectives exhibit. While we consider such con-
clusions premature for the current stage of the
language-specific resources, we include Figure 4,
which shows groups of connectives that share the
same sense (or group of senses for ambiguous con-
nectives) and their alignment to similar groups on
the target side. The 12 Italian connectives (on
the left), when grouped together based on their
sense(s), form 4 sets, whereas for German (right
side), fewer connectives (11 that were found in
DiMLex among the top 3 alignments of the 12
source connectives) group into more sets (10).
This suggests more ambiguity in Italian connec-
tives, with less different senses represented by a
larger set of connectives.

In addition, we observed that Italian connec-
tives with a sense Contrast or Concession are fre-
quently aligned to their German counterparts with
a sense Substitution, such as anstelle-invece. Hav-
ing examined the parallel examples more closely,
we conclude that assigning both senses would be
valid for both German and Italian, although they
are placed distantly in the PDTB hierarchy of
senses. These findings are confirmed by Feltracco
et al. (2016), who acknowledge that the distinction
between the two senses was one of the main cases
of the inter-annotator disagreement. We conclude
that both lexicons could benefit from adding addi-
tional senses gained via comparing parallel trans-
lations.

6 Summary

We present, to the best of our knowledge, the first
Italian—German investigation of discourse connec-
tive lexicons. For the subclass of Contrast (in



a wide sense), we were able to identify several
missing entries in both lexicons, and provided a
start on identifying AltLex items for the two lan-
guages (future work). Once the information is or-
ganized in a complete bilingual database, it can
assist translation and conclusions can be drawn re-
garding connective distribution, sense distribution
and ambiguity in the different languages.

As prominent steps for future work, we note the
disambiguation of connective- and non-connective
readings, the implementation of more sophisti-
cated filtering strategies to retrieve more reliable
connective candidates and repeating this study for
different languages pairs.
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Developing a large scale FrameNet for Italian:
the IFrameNet experience
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Abstract

English. This paper presents work in pro-
gress for the development of IFrameNet, a
large-scale, computationally oriented, lexi-
cal resource based on Fillmore’s frame se-
mantics for Italian. For the development of
IFrameNet linguistic analysis, corpus-
processing and machine learning techniques
are combined in order to support the semi-
automatic development and annotation of
the resource.

Italiano. Questo articolo presenta un work
in progress per lo sviluppo di IFrameNet,
una risorsa lessicale ad ampia copertura,
computazionalmente orientata, basata sulle
teorie di Semantica dei Frame proposte da
Fillmore. Per lo sviluppo di IFrameNet so-
no combinate analisi linguistica, corpus-
processing e tecniche di machine learning al/
fine di semi-automatizzare lo sviluppo della
risorsa e il processo di annotazione.

1 Introduction

Firstly developed at the University of Berkeley
(California) in 1997, FrameNet adopts theories
from Frame Semantics (Fillmore 1976, 1982,
1985) to NLP and explains words’ meanings ac-
cording to the semantic frames they evoke. It illus-
trates semantic frames (i.e. schematizations of pro-
totypical events, relations or entities in the reality),
through the involved participants (called frame el-
ements, FEs) and the evoking words (or, better, the
lexical units, LUs). Moreover, FrameNet aims to
give a valence representation of the lexical units
and underline the relations between frames and
between frame elements (Baker et al. 1998).

The initial American project has since been ex-
tended to other languages: French, Chinese, Brazil-
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ian Portuguese, German, Spanish, Japanese, Swe-
dish and Korean.

All these projects are based on the idea that
most of the Frames are the same among languages
and that, thanks to this, it is possible to adopt
Berkeley’s Frames and FEs and their relations,
with few changes, once all the language-specific
information has been cut away (Tonelli ef al. 2009,
Tonelli 2010).

With regard to Italian, over the past ten years
several research projects have been carried out at
different universities and Research Centres. In par-
ticular, the ILC-CNR in Pisa (e.g. Lenci et al. 2008;
Johnson and Lenci 2011), FBK in Trento (e.g.
Tonelli et al. 2009, Tonelli 2010) and the Universi-
ty of Rome, Tor Vergata (e.g. Pennacchiotti et al.
2008, Basili et al. 2009) proposed automatic or
semiautomatic methods to develop an Italian
FrameNet. However, as of today, a resource even
remotely equivalent to Berkeley’s FrameNet (BFN)
is still missing.

As a lexical resource of this kind is useful in
many computational applications (such as Human-
Robot interaction), a new effort is currently being
jointly made at the universities of Bologna and
Roma, Tor Vergata. The [FrameNet project aims to
develop a large-coverage FrameNet-like resource
for Italian, relying on robust and scalable methods,
in which the automatic corpus processing is con-
sistently integrated with manual lexical analysis. It
builds upon the achievements of previous projects
that automatically harvested FrameNet LUs ex-
ploiting both distributional and WordNet based
models (Pennacchiotti et al. 2008). Since the LUs
induction is a noisy process, the data thus obtained
need to be manually refined and validated.

The aim is also to provide Sample Sentences for
LUs with the highest corpus frequency. On the one
side, they will be derived from already existing
resources such as the HuRIC corpus (Bastianelli
2014) or the Evallta2011 FLalT task data: FBK set
(Tonelli, Pianta 2008) and ILC set (Lenci et al.
2012). On the other side, candidate sentences will



also be extracted through semi-automatic distribu-
tional analysis of a large corpus - i.e. CORIS (Ros-
sini Favretti et al. 2002) - and refined through lin-
guistic analysis and manual validation of data thus
obtained.

2 The development of the large scale

IFrameNet resource

The need for a large-scale resource cannot be satis-
fied without resorting to a semi-automatic process
for the gathering of linguistic evidence, selection of
lexical examples as well as the annotation of the
targeted texts. This work is thus at the cross roads
of linguistic theoretical investigation, corpus analy-
sis and natural language processing.

On the one hand, the matching between LUs
and frames is always granted through manual lin-
guistic validation applied to the data in the devel-
opment stage. For every Frame the correctness of
the inducted LUs is analysed and the ‘missing’
LUs, that is the BFN LUs’ translations, which are
absent in the inducted LU’s list, are detected.

On the other hand, most choices rely on large
sets of corpus examples, as made available by CO-
RIS. Finally, the scaling to large sets of textual ex-
amples is supported by automatically searching
candidate items through semantic pre-filtering over
the corpus: frame phenomena are here used as que-
ries while intelligent retrieval and ranking methods
are applied to the corpus material to minimize the
manual effort involved.

In the following section, we will sketch the
main stages of the process that integrate the above
paradigms.

2.1 Integrating corpus processing and lexical

analysis for populating IFrameNet

The beneficial contribution of the interaction be-
tween corpus processing techniques and lexical
analysis for the semi-automatic expansion of the
FrameNet resource has been discussed since (Pen-
nacchiotti et al. 2008), where LU induction is pre-
sented as the task of assigning a generic lexical unit
not yet present in the FrameNet database (the so-
called unknown LU) to the correct frame(s). The
number of possible classes (i.e. frames) and the
problem of multiple assignment make it a challeng-
ing task. This task is discussed in (Pennacchiotti et
al. 2008, De Cao et al. 2008, Croce and Previtali
2010), where different models combine distribu-

68

tional and paradigmatic lexical information (i.e.
derived from WordNet) to assign unknown LUs to
frames. In particular, distributional models are used
to select a list of frames suggested by the corpus’
evidence and then the plausible lexical senses of
the unknown LU are used to re-rank proposed
frames.

In order to rely on comparable representations
for LUs and sentences for transferring semantic
information from the former to the latter, we ex-
ploit Distributional Models (DM) of Lexical Se-
mantics, in line with (Pennacchiotti et al. 2008) and
(De Cao et al. 2008). DMs are intended to acquire
semantic relationships between words, mainly by
looking at the word usage. The foundation for these
models is the Distributional Hypothesis (Harris
1954), i.e. words that are used and occur in the
same “contexts” tend to be semantically similar. A
context is a set of words appearing in the neighbor-
hood of a target predicate word (e.g. a LU). In this
sense, if two predicates share many contexts then
they can be considered similar in some way. Alt-
hough different ways for modeling word semantics
exist (Sahlgren 2006; Pado and Lapata 2007;
Mikolov et al. 2013; Pennington et al. 2014), they
all derive vector representations for words from
more or less complex processing stages of large-
scale text collections. This kind of approach is ad-
vantageous in that it enables the estimation of se-
mantic relationships in terms of vector similarity.
From a linguistic perspective, such vectors allow
for some aspects of lexical semantics to be geo-
metrically modelled, and to provide a useful way
to represent this information in a machine-readable
format. Distributional methods can model different
semantic relationships, e.g. topical similarities (if
vectors are built considering the occurrence of a
word in documents) or paradigmatic similarities (if
vectors are built considering the occurrence of a
word in the (short) contexts of another word
(Sahlgren 2006)). In such models, words like run
and walk are close in the space, while run and read
are likely to be projected in different subspaces.
Here, we concentrate on DMs mainly devoted to
modelling paradigmatic relationships, as we are
more interested in capturing phenomena of quasi
synonymy, i.e. semantic similarity that tends to
preserve meaning.

2.2  The development cycle

In the following paragraphs, we outline the different
stages in the development process. Each stage cor-
responds to specific computational processes.
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Figure 1: Three lexical clusters for the frames triggered by the verb abandon.v: pairs closed in the
map correspond to (paradigmatic) semantic similar words and frames

Validation of existing resources. At this stage,
the existing resources, dating back to previous
work, are analysed and manually pruned of errors
such as lexical units wrongly assigned to frames
(e.g. ‘asta’ or ‘colmo’ to the Frame
‘BODY_PARTS’), or words never assigned to their
correct frame, for instances the LU ‘piede’ or
‘mano’ for the Frame ‘BODY PARTS’.

All the acquired Italian LUs have been com-
pared, frame by frame, to BFN’s ones, using bilin-
gual dictionaries (e.g. Oxford bilingual dictionary)
and WordNet in order to verify the correctness of
matching between lexical and frames. Over the
15,134 automatically acquired (LU, frame) pairs
(6,670 nouns and 8,464 verbs and adjectives),
7,377 LUs have been considered correctly assigned
(2,506 verb and adjective and 4,871 noun pairs).

In addition, bilingual dictionaries, ItalWordNet
and MultiWordNet have been used to manually
insert a list of missing lexical entries for each
frame. At the end of the process, the resulting vali-
dated and refined (LU frame) amount to 7,902
(5,128 nouns and 2,774 verbs and adjectives).

Corpus processing and lexical modeling. At
this stage, the LUs made available from manual
validation are used to model distributionally the
individual frames. Firstly, distributional corpus
analysis is applied to map individual LUs into dis-
tributional vectors. A distributional model will be
acquired from the CORIS corpus by applying the
neural method presented in (Mikolov et al. 2013).
It will enable the acquisition of geometrical repre-
sentations for words in a high dimensional space
where distance reflects the paradigmatic relation
among words. This model can also be adopted to
build a representation for sentences, as traditional-
ly carried out by Distributional Semantic models,
e.g. (Landauer and Dumais 1997) or (Mitchell and
Lapata, 2010).
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Lexical clustering is important here as specific
space regions enclosing the instance vectors of
some considered LUs correspond to semantically
coherent lexical subsets. This is a priming function
for mapping unseen word vectors to frames, as ap-
plied in (De Cao et al. 2008): the centroids of the
possibly multiple clusters generated by the known
LUs of a given frame fare used to detect all regions
expressing f and thus predict the predicate f over
previously unseen words and sentences. Examples
of semantically coherent regions evoked by the
verb abandon for the English Framenet are report-
ed in Fig. 1. Here different lexical clusters for a
given frame (i.e. DEPARTING) are depicted while
different frames (e.g. DEPARTING, QUIT-
TING A PLACE, COLLABORATION) are also evoked
by the verb. It should be noted that in the figure
distances in the two-dimensional plot correspond to
distances between the word embedding vectors,
while each lexical cluster is expressed as the cen-
troid of its member vectors.

The distributional information has been acquired
for the considered 7,902 LUs from CORIS and
used to support the LU mapping and the sentence
validation. In fact, given a sentence s containing a
target LU /, a specific geometrical representation
for s can be derived by linearly combining all vec-
tors representing words w surrounding / in sentence
s. This duality property allows the embedding
space to represent sentences s, lexical units / as well
as generic words w. This enables to model the rele-
vance of a frame f for an incoming sentence s
through the distance d(f,s) between vectors f related
to a centroid for a frame f and the vector s of the
sentence s. It corresponds to a confidence measure
computed for a rule such as:

“s is a valid example of the usage of frame /™

The open aspects of the above semi-automatic
process are the following:



I. How to design a suitable representation
(centroid or model) for a frame f°
II. How to define the vector for a sentence s
III. How to compute the distance function d(f;s)

The current research activity is focusing on the
best solution for these issues and part of our exper-
imental activity is devoted to assess these design
choices, as discussed in Section 3.

First Lexical Analysis and Validation. A further
stage for the resource development focuses on the
selection of a significant sample of LUs, chosen on
the basis of their high semantic salience and for
their high number of occurrences in the corpus
(primary LUs). By relying on the method described
above, we use the distributional representation of
words, lexical units and sentences, to gather CO-
RIS sentences s where a LU occurs and evaluate its
suitability as an example for the evoked f. This de-
cision function is based on the geometric distance
d(f;s) that can be computed over a large number of
sentences s. When this step is carried out in CO-
RIS, the validation of the acquired candidate sen-
tences allows for positive examples of a frame f
to develop quickly: this is used to trigger super-
vised learning of f.

The manually validation in fact confirms the
proper correspondence between automatically se-
lected sentences and LUs that evoke a targeted
frame f. It produces novel seed examples for f: the-
se will serve as a training set for a semi-automatic
stage of resource expansion.

Semi-automatic resource expansion. The ac-
quired distributional model will support the semi-
automatic expansion of the seed set, by selecting
the most semantically similar word to the seed set
and assigning them to frames by applying the
methodologies suggested in (Pennacchiotti et al.
2008, De Cao et al. 2008, Croce and Previtali
2010). Moreover, the same distributional model
will support the assignment process of sentences to
frames. We will in fact investigate semi-supervised
models based on clustering techniques (Pennac-
chiotti ef al. 2008) or other supervised approaches
such as Support Vector Machines as in (Croce and
Previtali 2010).

Final Validation and Release. The extracted sen-
tences will be ordered by decreasing probability,
according to their distributional collocation, and a
list of 15 to 20 candidates per LU will be provided.
This list will be manually validated. The aim is to
provide at least 4 sample sentences for each of the
primary LUs.
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3 Status of the Project and Perspective

Views

Although the general software architecture for the
project progress is available, the overall process
described above has not been fully accomplished.

Current material covers a set of 554 frames and
7,902 lexical units, of which 2,604 verbs, 5,128
nouns and 170 adjectives. The average number of
occurrences for each of these selected words is
higher than 9,400, although there are still 508
words not present in CORIS.

All these occurrences correspond to a number
of about 70 millions non validated and unsorted
sentences. In the rest of the paper, we describe the
outcome of the First Lexical Analysis and Valida-
tion stage: its aim is to trigger the semi-automatic
learning and tagging of the whole corpus, accord-
ing to the methods suggested in section 2.2.

3.1 Empirical Investigation: First Lexical

Analysis and Validation

The stage First Lexical Analysis and Validation has
been currently accomplished. The three research
questions posed above: (I) the modelling of a frame
£, (ID) the sentence representation and (III) the defi-
nition of a distance function able to model similari-
ty between sentences.

About the problem (I) two approaches are pos-
sible. We can model a frame via clustering its lexi-
cal units and applying the method described in
(Pennacchiotti et al. 2008, De Cao et al. 2008). On
the contrary, we can adopt a supervised technique.
A frame f'is represented as the target class of in-
stances corresponding to (s,/) pairs, where s is an
input sentence and / is a lexical unit: a statistical
classifier is trained to map (s,/) into a confidence
value and its output /(s,/,f) corresponds to the sys-
tem’s confidence that the sentence

“f1is the frame evoked by / in s”

is true. Notice that the pair (s,/) can be expressed
as an instance by combining the embedding vector
[ of its lexical unit / with a vector s for s.

As a solution for the problem (II) we define s as
the linear combination of vectors w, for each word

wins, i.e. s= zww .

The above formulation allows to define the
classification task as follows:

Given a sentence s including a word / as a po-
tential frame evoking LU, Find the frame f that
characterizes / in s.

The solution of the above problem over a (s,/)
pair would also be a useful solution for the problem
(IIl), as the confidence A(s,/f) in the classification



of a sentence s in a frame ffor / can be retained as
the inverse of the target distance function d(f/) lo-
cal to the sentence.

The major problem with the above formulation
is that the training of the statistical classifier is not
possible without the availability of useful examples
of different frame f. The idea is thus to develop
ways to derive from CORIS the proper candidates s
for f through the knowledge of some of its LUs. In
the bootstrapping stage, we define as virtual exam-
ples the pairs (/,{/}) that are retained as positive
examples for the frame f, for every / that is a known
lexical unit for f. In our approach, an example is
thus obtained by modelling the sentence s as a sin-
gleton {/}, i.e. the lexical unit /.

A statistical classifier considers every known
LU as an individual (positive) example and can be
applied to every LU in our initial resource (i.e.
7,902 for the 554 frames).

In synthesis, the method works as follows. First,
for every lemma w in the corpus, an n-dimensional
embedding vector w is derived, according to
(Mikolov et al. 2013). As a side effect, for every
LU / of each known frame f; the lexical embedding
vector / is used to build the example (/, /) for the
LU sentence pair: (/, {I}).

A multiclass-statistical categorizer is trained for
every frame f for which at least 5 examples (i.e. 5
different LUs) where available.

When applied to an incoming sentence s includ-
ing a LU /, the classifier outcome A(/s, f) is said to
accept the frame f if:

* f belongs to the set of frames evoked by /

S = argmaxy { h(ls.f) }

For every sentence s including a frame evoking
lexical unit /, the above function suggests one can-
didate frame among the possibly multiple ones.
When the scoring function / is negative every-
where (e.g. with the SVM formulation of a classifi-
cation task), the sentence is rejected and is not con-
sidered a valid example for future iterations.

The application of this method to the CORIS
corpus has been carried out applying a multi-
classifier SVM with linear kernel to the 2n-
dimensional vectors of each pair (/, {/}). Starting
from the lexicon validated in the first stages, the
SVM has been able to label over 2 million sentenc-
es.

3.2 Empirical Investigation: Current Results

In order to evaluate the proposed supervised classi-
fication method for the stage “First Lexical Analy-
sis and Validation” we run and experimental eval-
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uation over a set of 326' frames, the ones with
more than 5 lexical units in the initial lexicon. In
this way, we selected 1,095 different LUs, repre-
sented as an embedding vector in the wordspace.
On average, we have 12 LU per frame, and every
individual lexical entry / appears in about 1.88
frames. The baseline of a classification task that
maps a sentence s including a lexical unit into its
own frame is about 35%, as for the ambiguity char-
acterizing most frequent entries.

We asked three annotators to evaluate individual
triples (7, s, f) validating the system proposal. Four
main cases where possible:

* MISSING FRAME. The sentence s is not mani-
festing any of the frames f* evoked by the lexi-
cal unit /, but corresponds to a frame not yet
present in the lexicon for /. In this case the algo-
rithm cannot provide the suitable frame, as it
cannot generate a novel frame.

NOT APPLICABLE. The sentence s does not con-
tain an occurrence of the lexical unit / in one of
its proper senses: this case is typical for phrase-
ological uses of a verb such as morire di freddo,
andare di fretta, ... that do not directly corre-
spond to lexical predicates and thus cannot be
treated through the lexical embedding vectors.

CORRECT/INCORRECT, when the outcome
argmaxy { h(lsf’) } is correct (or incorrect) as
the frame evoked by / in s is exactly (or not) f.

According to the above method annotators validat-
ed 667 sentences for 113 frames and 212 different
verbal lexical units. The analysis resulted into a
precision (i.e. the number of correct candidate
frames emitted by the algorithm w.r.t. the number
of valid cases, that is all but the MISSING FRAME or
NOT APPLICABLE cases) is 75,2%, well beyond the
35% baseline. The method could be applied onto
the 74,5% of the sentences, including CORRECT
cases and MISSING FRAME cases. We neglected in
this coverage score the NOT APPLICABLE cases that
amount to 44 sentences, i.e. about 6,4%.

Examples of the correct assignment of the algo-
rithm on quite ambiguous verbs, such as finire (i.e.
to end, n frames ACTIVITY_FINISH,
CAUSE_TO _END and KILLING) or rivelare (i.e. to
reveal, in frames REVEAL SECRET, OMEN, EVI-
DENCE) are the following:

La vicenda avrebbe potuto [finire]acrviry Fasu I, ma il prefetto
di Nuoro fece presentare ...

In prova si é [rivelatolgyipence @d altissimo livello sia sull'
asciutto sia sul ...

! By keeping the frames that include at least 4 lexical units the
number of targeted frames grows to 371.



An example of Missing Frame is BEAT OPPONENT
for the verb battere in

... impegnato a fornire quante piu informazioni possibili, anche
per [batterelpear opronent /@ concorrenza dei siti Ipsoa e il ...

as the lexicon of the verb battere only includes the
frames CAUSE_HARM, CORPORAL_PUNISHMENT
and EXPERIENCE_BODI-LY HARM.

The experiments only run over verbal lexical
units will be extended soon to nouns and adjec-
tives. However, the encouraging precision reached
by the method allows for direct use it in an iterative
active learning schema, where the more ambiguous
sentences found and annotated within a specific
training stage are used to train the system at the
next stage. We expect this to speed up the lexicon
development process and to allow bootstrapping
with fewer resources. The lexicon will be made
available for crowdsourcing further annotations and
delivered incrementally in the next few months.
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Abstract

English. This paper aims at examining
the diachronic distribution of one of the
richest classes of nouns in Latin, namely
those ending in -io. The work is performed
through the combined use of a morpho-
logical analyser for Latin (Lemlat), and a
database collecting all word forms occur-
ring through different periods of Latin lan-
guage (TF-CILF).

Italiano. Questo articolo presenta
un’analisi della distribuzione diacronica
di una delle pint ricche classi di nomi
in latino, ossia quelli che terminano in
-io. Metodologicamente, il lavoro viene
condotto attraverso [l'uso incrociato di
un analizzatore morfologico per il latino
(Lemlat) e di una risorsa lessicale conte-
nente tutte le forme di parole latine che oc-
corrono in testi che vanno dall’ antichita al
neo-latino (TF-CILF).

1 Introduction

The investigation of lexical data of Classical lan-
guages through the use of linguistic resources and
Natural Language Processing (NLP) tools has wit-
nessed a surge of interest in the past decade. As
far as Latin is concerned, today several textual
and lexical resources, as well as NLP tools, are
being used in lexicographic research.! One of
the bedrocks of this type of research is the use
of morphological analysers, that is, tools that,
given an input word form, output its correspond-
ing lemma(s) and morphological features.

First released at the beginning of the 1990s and
recently made freely available in its version 3.0

'See (Bamman and Crane, 2008), (McGillivray and Pas-

sarotti, 2009), (McGillivray, 2013) and (Passarotti et al.,
2016).
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(Passarotti et al., 2017), Lemlat is one of the best
performing morphological analysers and lemma-
tisers for Latin.? Lemlat is currently in the process
of being enriched with all lemmas contained in the
glossary of Medieval Latin Glossarium mediae et
infimae latinitatis compiled by Charles Du Cange
et alii in 1883-1887 (Glorieux, 2010).

One of the first groups of lemmas from Du
Cange which was included into the lexical basis
of Lemlat was that collecting all 3" declension
nouns ending in -io, one of the most productive
affixes in all periods of Latin, up to Romance lan-
guages (Fruyt, 2011). The aim of this study is to
perform a diachronic quantitative evaluation of 3™
declension nouns ending in -io. To do so, first we
use Lemlat to lemmatise all word forms of such
nouns contained in Thesaurus formarum totius la-
tinitatis a Plauto usque ad saeculum XXum (TF-
CILF) (Tombeur, 1998). Then we evaluate the re-
sults of the lemmatisation in both quantitative and
qualitative terms.

2 Lemlat and Du Cange

Lemlat relies on a lexical basis resulting from the
collation of three Classical Latin dictionaries,? for
a total of 40,014 lexical entries and 43,432 lemmas
(as more than one lemma can be included in one
lexical entry). In the context of the development
of Lemlat version 3.0, its lexical basis was further
enlarged by adding semi-automatically most of the
Onomasticon (26,415 lemmas out of 28,178) pro-
vided by the 5™ edition of the Forcellini dictio-
nary for Latin (Budassi and Passarotti, 2016).
Furthermore, the inflectional information provided
by Lemlat has been enhanced with information on
derivational morphology taken from the Word For-

Zwww.lemlat3.eu. See (Springmann et al., 2016) for

a comparative evaluation of the morphological analysers cur-
rently available for Latin.

3(Georges and Georges, 1913-1918), (Glare, 1982) and
(Gradenwitz, 1904).



mation Latin (WFL) lexicon (Litta et al., 2016).*
However, being based on dictionaries for Clas-
sical Latin, one of the current limitations of Lemlat
is the fact that its lexical basis is not large enough
yet to provide a wide coverage of the word forms
occurring in Late and Medieval Latin texts. For
this reason an upgrade of Lemlat 3.0 with the Me-
dieval Latin lemmas contained in the Du Cange
glossary (Glorieux, 2010), made available online
by the Ecole National des Chartes,’ is underway.

3 Nouns Ending in -io

In the Lemlat lexical basis, nouns of the 3™ de-
clension ending in -io (with genitive in -ionis) are
mostly feminine. Only 294 out of 3,065 -io nouns
in Lemlat are masculine, more than half of which
are proper names.® Most frequently, nouns in -io
derive from verbs. WFL contains 2,510 deverbal
nouns in -io, 87 denominal, and 36 deadjectival.
There are also not derived -io nouns, like for in-
stance bacrio ‘trowel’.

Resulting from one of the main mechanisms
for Latin nominalisation (Rosén, 1983), deverbal
nouns in -io are generally called processes or ver-
bal nouns. Semantically, they can be either “nom-
ina actionis”, referring to the process of the action
expressed by the input verb (e.g. aberro ‘to wan-
der from the way’ > aberratio ‘diversion’, as the
process of wandering from the way), or “nomina
rei actae”, referring to the result of such process
(e.g. aberratio as the result of wandering from the
way).’

An investigation on productivity in affixal
derivation performed on the data extracted from
WEL has proved that deverbal nouns in -io are
the most numerous formations in Classical Latin
(Litta et al., 2017). Such a high presence of nouns
in -io in Latin lexicon motivates the choice of them
as the object of this work.

“Funded by the European Union’s Horizon 2020 research
and innovation programme under the Marie Sklodowska-
Curie grant agreement No 658332-WFL, Word Formation
Latin is a derivational morphology resource for Latin that
links lemmas on the basis of word formation processes
(http://wfl.marginalia.it).

Shttp://ducange.enc.sorbonne.fr/doc/
sources.

Because at the moment of writing there is no imple-
mented distinction between onomastic and non-onomastic
lemmas for what lemmas in Du Cange are concerned, we
have taken into consideration onomastic data also in the Lem-
lat lexical basis.

7 An ample bibliography on -io nouns in Latin is available.
See for example (Fruyt, 1995) and (Fruyt, 2011).
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For this study, we have grouped the nouns in -io
as follows:

1. Group D: nouns that are only contained in Du
Cange (tot. no. 1,416);

2. Group L: nouns that are only contained in
Lemlat (tot. no. 2,246);

3. Group L&D: nouns that are contained in both
Du Cange and Lemlat (tot. no. 1,494).

Du Cange contains a total of 2,910 nouns end-
ing in -io. One of the characteristics of the Du
Cange glossary is indeed that no Classical Latin
lemma is included in its lexical basis, and if the
same lemma is contained in both lexical bases,
it means that it has undergone a major semantic
or morphological change. 1,416 -io nouns out
of 2,910 are listed only in Du Cange (Group D),
which means that they were absent in the Classi-
cal Latin dictionaries used for compiling Lemlat.

Group L contains all those -io nouns whose
meaning (or morphology) did not change from
Classical Latin throughout time, or that were not
used anymore in Medieval Latin. Such words are
then exclusive only of the Lemlat lexical basis.
Even if they were used in Medieval times, they did
not undergo a semantic or morphological change,
hence they were not included in Du Cange.

Group L&D contains all those -io nouns that are
recorded both in Lemlat and Du Cange. These
are mostly words that have undergone a semantic
change, but there are also cases of words that are
spelled differently in Medieval sources (e.g. Med.
adsumtio or assumtio for Cl. assumptio ‘acquisi-
tion’), or that in Medieval times acquired a differ-
ent inflection (e.g. Cl. beneficium ‘kindness’, 2"
declension > Med. beneficio, 3" declension). Be-
cause Du Cange treats different meanings in dif-
ferent entries, there is also a number of words ap-
pearing more than once (e.g. defensio ‘defense’
x4, invocatio ‘invocation’ x2).

4 Methodology

In order to perform a diachronic evaluation of the
frequency of distribution of these three groups,
we have used data extracted from the TF-CILF
database (Tombeur, 1998). TF-CILF is a database
collecting the vocabulary of the entire Latin world
drawn from (a) the ancient Latin literature, (b) the
literature of the patristic period, (c) a vast body



of Medieval material and (d) collections of Neo-
Latin works. Word forms are assigned their num-
ber of occurrences in each of these four periods.

Lemlat has been already proven to perform very
efficiently on the TF-CILF dataset, as it is able to
analyse 98.345% of the approximately 63 millions
textual occurrences of the word forms it contains
(Budassi and Passarotti, 2017).

We extracted from TF-CILF a list including
those word forms that feature one of the possi-
ble inflectional endings of -io nouns (-io, -ionis,
-ionem, -ioni etc.), together with data on their fre-
quency of occurrence in the four periods of Latin
mentioned above. In total we extracted 25,510
candidate word forms.

Then we processed these word forms with both
Lemlat 3.0 and an enhanced version of it contain-
ing nouns ending in -io taken from Du Cange. This
version of Lemlat was able to analyse 17,775 word
forms out of the 25,510 extracted from TF-CILFE.
Such a low word coverage (69.79%) is consistent
with the overall coverage of TF-CILF word forms
provided by Lemlat 3.0 (72.25%) (Budassi and
Passarotti, 2017). However, if we look at the
number of textual occurrences of these unknown
forms, they are extremely rare, which makes the
textual coverage of Lemlat 3.0 largely reliable.
The automatic processing allows not only to match
each word form with a lemma, but also to exclude
homographs like capio ‘to seize’ (verb). The re-
sulting output (lemmas + frequency) can be graph-
ically mapped on a temporal axis in order to have
a complete view on the distribution of -io nouns
through the ages.

5 Distribution of -io Nouns in Latin

Table 1 offers an overview of the total number of
occurrences by period.® The vast majority of -io
nouns are attested in the Middle Ages.

However, any evaluation of these results is go-
ing to be biased by the fact that the datasets for
each period are not balanced. The size of the
subsets covering respectively the Patristic and the
Medieval period is bigger than that for Classical
Latin. The subset for Neo-Latin is considerably
smaller than those for the other periods. To give

8L stands for Lemlat only, L&D stands for Lemlat and Du
Cange, D stands for Du Cange only. ‘Antiquity’ (i.e. up to
the end of 2" century AD), ‘Patres’ (i.e. 3™ century - 735
AD), ‘Medieval’ (i.e. 736 - 1499 AD) and ‘Neo-Latin’ (i.e.
1499 AD henceforth) are chronological parameters adopted
by TF-CILF.
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L L&D D
Antiquity | 30,282 | 36,570 | 1,638
Patres 133,042 | 255,235 | 5,740
Medieval | 216,220 | 541,049 | 14,299
Neo-Latin | 19,551 | 45,145 | 1,812

Table 1: Absolute frequencies by period.

an idea of the difference in size between the four
chronological subsets, Table 2 reports the total
number of word forms and lemmas in TF-CILF
by period.

Word Forms | Lemmas
Antiquity 5,726,051 229,587
Patres 21,982,097 310,348
Medieval 33,285,740 359,262
Neo-Latin 2,184,025 105,857
Total 63,177,913 554,828

Table 2: Number of word forms and lemmas in
TF-CILF by period.

In order to flatten the difference in size between
the subsets, relative values need to be used instead
of absolute. Table 3 displays the distribution of -io
nouns in Latin texts in terms of relative frequen-
cies of occurrence by period.

L L&D D
Antiquity | 0.528% | 0.638% | 0.028%
Patres 0.605% | 1.161% | 0.026%
Medieval | 0.649% | 1.625% | 0.042%
Neo-Latin | 0.895% | 2.067% | 0.082%

Table 3: Relative frequencies by period.

For instance, looking at Table 3, it turns out
that -io nouns that are only contained in Lemlat
are 0.649% of the total number of occurrences in
Medieval texts. Those contained in both Lemlat
and Du Cange are 1.625%, and those contained in
Du Cange (hence exclusively Medieval) are only
0.042%. An overview of the diachronic distribu-
tion of relative frequencies of occurrence of -io
nouns is provided in Figure 1.

Figure 1 clarifies the variation of the presence
of -io nouns in different chronological phases of
Latin. The distribution of the occurrences of those
-io nouns that were in the lexicon of Classical
Latin (Lemlat line) remains fairly constant across
all the diachronic phases of the language. In Neo-
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Figure 1: Distribution of relative frequencies of
occurrence of -io nouns.

Latin times, however, a sharp increase is regis-
tered (from 0.649% to 0.895% in terms of rela-
tive frequencies). This peak is observable also as
far as Medieval Latin -io nouns are concerned (Du
Cange line). From a value of 0.042% in the Me-
dieval period, the relative frequency raises until
0.082% in Neo-Latin. Nevertheless, the major-
ity of -io nouns stored in both Lemlat’s and Du
Cange’s lexical bases (which mostly underwent
some semantic change across centuries) are the
ones that live the best fate (Lemlat and Du Cange
line): they constantly keep growing from the rel-
ative frequency value of 0.638% in the Antiquity
to the relative frequency value of 2.067% in Neo-
Latin.

The odd presence of words from Du Cange in
Classical times is due to non-disambiguated ho-
mography. For instance, this is the case of the
word dubio, which is analysed by Lemlat both as a
form of the first class adjective dubius ‘uncertain’
(recorded in the original lexical basis of Lemlat,
hence here left out) and as the nominative/vocative
singular of the -io noun dubio (a type of hooked
tool) from the Du Cange lexical basis.

6 General Discussion

The distribution of -io nouns reflects Zipf’s law
(Zipf, 1949), stating that the frequency of any
word in a corpus is inversely proportional to its
rank in the frequency table. To put it another way,
there are a few -io nouns that are massively used,
and a lot of -io nouns that are used only a few
times.

The top most used nouns in -io throughout all
periods are ratio ‘reckoning’, passio ‘passion (of
Christ)’,” oratio ‘speech’ and actio ‘action’. The

? Passio is absent in Antiquity texts.
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most used words in Antiquity are ratio, oratio, le-
gio ‘legion’ and regio ‘region’. The top most fre-
quent -io nouns in Patristic and Medieval times
can all be found both in Lemlat and Du Cange. In
Patristic literature, the most frequent words (from
now on, after ratio) are oratio, actio, passio and
resurrectio ‘resurrection’. In Medieval times, they
are passio, oratio, operatio ‘activity’ and perfectio
‘perfection/completion’.

On another note, the high peak in the relative
frequency of -io nouns in Neo-Latin texts sug-
gests that these were used more often than others
in more recent times. This can be explained by
looking at the kind of texts included in the cor-
pus. The texts contained in the Neo-Latin sub-
set are mainly scientific and philosophical trea-
tises, judicial texts, and the text of the Second
Vatican Council. When these texts were written,
Latin was not the spoken language anymore, as
its place was mainly taken by Italian and French,
two languages that inherited the suffix -io straight
from Latin, especially for what learned vocabulary
was concerned.!? The assumption is that learned
texts contained a large number of words resem-
bling those used in Italian and French learned lan-
guage, at least for what -io nouns are concerned. A
look at the most used -io nouns in Neo-Latin texts
confirms that once again ratio was the most used,
followed by propositio ‘statement of facts’, actio,
notio ‘judicial enquiry’, definitio ‘definition’ and
cognitio ‘examination’. These are also all con-
tained in the Lemlat + Du Cange group.

7 Conclusions and Future Work

In this paper, we presented a study of the di-
achronic distribution of Latin nouns ending in -io
by processing word forms from the TF-CILF cor-
pus with the morphological analyser Lemlat. We
demonstrated that the -io suffix is very productive
across all periods of Latin language, showing a
particularly high frequency in both Medieval and
Neo-Latin texts. Ratio remains always the most
used -io noun across the entire diachronic span
covered by the corpus used in our work.

One step further in the study of -io nouns would
be to establish derivational relationships for each
lemma and to verify which of the two lexical
groups (Lemlat or Du Cange) the input lemma be-
longs to. Also, an evaluation of the unknown word

10See (Thornton, 1990), (Thornton, 1991) and (Stichauer,
2015).



forms after the lemmatisation process should be
performed.

Given the wide lexical coverage provided by
Lemlat, our work represents a positive example of
how much NLP tools can help to investigate di-
achronic aspects of language. The wide diachronic
as well as diatopic span over which Latin texts are
spread opens an appealing challenge for research
in NLP, which has to address the problem of porta-
bility of NLP tools across time, place and genre. In
this sense, Latin texts represent a perfect dataset
both for developing and for evaluating techniques
of domain-adaptation of NLP tools.

References

David Bamman and Gregory Crane. 2008. Build-
ing a Dynamic Lexicon from a Digital Library, In
Proceedings of the 8th ACM/IEEE-CS Joint Confer-
ence on Digital Libraries (JCDL 2008, Pittsburgh)
ACM: New York.

Marco Budassi and Marco Passarotti. 2016. Nomen
Omen. Enhancing the Latin Morphological Analyser
Lemlat with an Onomasticon. In Proceedings of the
10th SIGHUM Workshop on Language Technology
for Cultural Heritage, Social Sciences, and Human-
ities (LaTeCH), 90-94, Association for Computa-
tional Linguistics: Berlin.

Marco Budassi and Marco Passarotti. 2017. The
Impact of Unassimilated Loanwords on the Latin
Lexicon. A Qualitative and Quantitative Analy-
sis.  In Proceedings of DATeCH2017, Gottin-
gen, Germany, June 01-02, 2017, 85-90. DOI:
http://dx.doi.org/10.1145/3078081.3078083.

Charles du Fresne Du Cange 1678-1887. Glossarium
Mediae et Infimae Latinitatis, éd. augm., Niort, L.
Favre http://ducange.enc.sorbonne.fr/.

Michele Fruyt. 2011 Word-Formation in Classi-
cal Latin. In A Companion to the Latin Language,
ed. James Clackson, 157-175, Wiley-Blackwell:
Malden, Mass.

Michele Fruyt. L’accusatif et les noms en-tio chez
Plaute. De usu, Etudes de syntaxe latine offertes en
hommage a Marius Lavency, 131-141.

Karl Ernst Georges and Heinrich Georges. 1913-
1918. Ausfiihrliches Lateinisch-Deutsches Hand-
worterbuch. Hahn: Hannover.

Peter G.W. Glare. 1982. Oxford Latin Dictionary.
Oxford University Press: Oxford.

Thuillier Glorieux. 2010. Pourquoi informatiser un
vieux glossaire? Présentation du Du Cange en ligne.
ELA n°156, octobre-décembre 2009, Klincksieck.

77

Otto Gradenwitz. 1904. Laterali Vocum Latinarum.

Hirzel: Leipzig.

Eleonora Litta, Marco Passarotti, and Chris Culy.

2016. Formatio formosa est. Building a Word
Formation Lexicon for Latin. Proceedings of the
Third Italian Conference on Computational Linguis-
tics (CLiC—it 2016). Napoli, aAccademia University
Press, 185-189.

Eleonora Litta, Marco Passarotti and Paolo Ruffolo.

2017. Node Formation. Using Networks to In-
spect Productivity in Affixal Derivation in Classi-
cal Latin. In Proceedings of DATeCH2017, Gottin-
gen, Germany, June 01-02, 2017, 103-108. DOI:
http://dx.doi.org/10.1145/3078081.3078092.

Barbara McGillivray. 2013. Methods in Latin Compu-

tational Linguistics Brill: Leiden.

Barbara McGillivray and Marco Passarotti. 2009.
The Development of the Index Thomisticus Tree-
bank Valency Lexicon. In Proceedings of LaTeCH-
SHELT&R Workshop 2009, Athens, Greece, 43-50,
ACL.

Marco Passarotti, Berta Gonzédlez Saveedra and
Christophe Onambele. 2016. Latin vallex. A
treebank-based semantic valency lexicon for latin.
In Proceedings of the Tenth International Confer-
ence on Language Resources and Evaluation (LREC
2016) Portoroz, Slovenia, 2599-2606.

Marco Passarotti, Marco Budassi, Eleonora Litta and

Paolo Ruffolo 2017. The Lemlat 3.0 Package for
Morphological Analysis of Latin. Proceedings of
the NoDaLiDa 2017 Workshop on Processing His-
torical Language, 24-31.

Hannah Rosén. 1993. The mechanisms of Latin nom-

inalization and conceptualization in historical view.
In ANRW 11129. 1, 178-211. De Gruyter: Berlin.

Uwe Springmann, Helmut Schmid and Dietmar Na-

jock. 2016. LatMor: A Latin Finite-State Mor-
phology Encoding Vowel Quantity. In Giuseppe
Celano and Gregory Crane (eds.), Treebanking
and Ancient Languages: Current and Prospective

Re-search (Topical Issue), Open Linguistics vol. 2,
386-392.

Pavel Stichauer. 2015. From emergent availability to

full profitability: The diachronic development of the
Italian suffix -zione from the 16th to the 20th cen-
tury. In Augendre S., Couasnon-Torlois G., Lebon
D., Michard C., et al. Proceedings of the Décem-
brettes Sth International conference on morphology,
319-326, Université de Toulouse: Toulouse.

Anna Maria Thornton. 1990. Sui deverbali italiani in

-mento e -zione (I). Archivio glottologico italiano,
LXXV/II, 169-207. Le Monnier: Torino.

Anna Maria Thornton. 1991. Sui deverbali italiani in

-mento e -zione (I). Archivio glottologico italiano,
LXXVI/I, 79-102. Le Monnier: Torino.



Paul Tombeur. 1998. Thesaurus formarum totius la-
tinitatis a Plauto usque ad saeculum XXum Brepols:
Turnhout.

George K. Zipf. 1949. Human Behavior and the Prin-
ciple of Least Effort. Addison-Wesley Press: Cam-
bridge, Mass.

78



Gender Stereotypes in Film Language: A Corpus-Assisted Analysis

Lucia Busso 8
CoLingLab-Universita di Pisa*
1.bussoO@fileli.unipi.it

Gianmarco Vignozzi
Universita di Pisa**

gianmarco.vignozzi@fileli.unipi.it

§ The research and the writing were carried out by both authors equally. G. V. is responsible for sections 1, 2, 3.1 and

3.2., L.B. for sections 3.3., 4 and 5.

* on leave at the Department of English and Applied Linguistics, University of Birmingham
** on leave at the Department of Linguistics, University of Sydney

Abstract

English: The present study concentrates
on the representation and the reception of
gender stereotypes. The analysis was first
carried out on an ad hoc corpus of cult ro-
mantic comedies and dramedies of Anglo-
American pop contemporary culture and
secondly with a perception test. Both the
corpus-driven analysis and the test results
provide useful insights into the represen-
tation, recognition and entrenchment of
gender stereotypes in language and in
western culture. The preliminary findings
generally confirm and validate the scien-
tific literature, although showing some no-
table new elements.

Italiano: 1l lavoro si incentra sulla rap-
presentazione e la percezione degli ste-
reotipi di genere. La ricerca ¢ stata prima
condotta su un corpus costruito ad hoc di
film cult della cultura pop contemporanea
anglo-americana appartenenti ai generi
romantic comedy e dramedy, ed in seguito
con un test di percezione. Il duplice ap-
proccio utilizzato fa luce sulla rappresen-
tazione, il riconoscimento e il radica-
mento degli stereotipi di genere nella lin-
gua e nella cultura occidentale. | risultati
si trovano in linea con la letteratura, seb-
bene mostrino alcuni nuovi elementi.

1 Introduction

In the era of digital revolution and screen prolif-
eration, movies have undoubtedly acquired,
thanks to their significance, a pivotal role in shap-
ing our worldviews. In fact, popular films have the
power to sway our collective imagination and in-
fluence our attitudes on crucial issues related to
race, class, gender, etc. Characters in films reflect
and perpetuate the status and options of them in
today’s society and culture, and thus play an
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active part in creating symbolic role models (Kord
2005, Bednarek 2015). Accordingly, it is interest-
ing to examine the ways in which both females
and males are represented on celluloid to better
understand the ideologies they bear, and how gen-
der identities are idealized. There seems to be
wide agreement on the fact that characterization
in filmic discourse heavily relies on archetypes
and simplification (Culpeper 2001; Bednarek
2010). This is especially true in gender represen-
tation, as stereotypical roles simplify characteri-
zation in a way that it is easier to be received by
the viewing audience. This, however, often results
in an extreme polarization of gender roles. Film
dialogues are therefore an ideal ground on which
to study gender stereotypes and their linguistic
representation and reception. Hence, this paper
aims to fathom the discursive representation and
the perception of well-established gender stereo-
types in the dialogues of a sample of cult British
and American romantic comedies, by integrating
the tools of discourse analysis, corpus linguistics
and perception analysis.

2 Films, language and gender

The nature of film language is still an object of
debate. Movie scripts can be classified as texts
that are “written-to-be-spoken-as-if-not-written”
(Gregory & Carroll 1978: 42). Dialogues, in fact,
portray a sort of “prefabricated orality” in that
they are carefully written to be performed and
sound natural to the audience, who longs for au-
thenticity (Chaume 2012: 81). Corpus-based stud-
ies have proved that spontaneous conversation
and scripted dialogues are very similar in nature,
sharing almost the same array of lexico-grammat-
ical features (Quaglio 2009, Bednarek 2010,
Forchini 2012, Baker 2014, amongst others), but
due to the evident need for clarity and speed in
audio-visual texts, there may be changes in terms
of their frequency. In fact, film scripts, sometimes
tend to over-use features of spontaneous conver-
sation (e.g.: greetings and leave-takings, Bruti &
Vignozzi (2016)) both for dramatic reasons and to



render the speech of characters as natural-sound-
ing as possible.

Starting from the premises that gender is socially
constructed (Cameron 2010) and that a large part
of its perception relies on the observation of pre-
established models, television and films provide
the perfect field for examining generalized west-
ern social representation of accepted human be-
haviour (Shrum 2008). In this vein, verbal lan-
guage becomes one of the pivotal means to create,
reinforce and most importantly perpetuate stereo-
typical representations. Canonical research on
language and gender has shown that traits such as
hedges, empty adjectives, excessively polite
forms, intensifiers, troubles talk etc. are more typ-
ical of women (Lakoff, 1975; Tannen 1994;
Coates 1993), whereas males are associated with
substandard and diatopically marked registers
(Trudgill 1972; Tannen 1991) and a use of lan-
guage that is aimed at retaining status and atten-
tion. However, nowadays many of these ideas
have been partially rejected and framed as stereo-
typical norms around feminity and masculinity,
which do not leave space for diversity (Cameron
2010, Mullany 2007; Bednarek, 2015). In recent
times, corpus linguistics and computational lin-
guistics have shown interest in analysing differ-
ences in language between genders (Argamom et
al, 2003, Baker 2006, Herring & Paolillo 2006,
McEnery 2006, Monroe et al. 2008, amongst oth-
ers). This body of literature represents the back-
bone structure of our work, which aims to put to-
gether “corpus linguistics and gender analysis:
two strands of linguistic research that do not go
together frequently ” (Kreyer 2014: 570).

3 Data and corpus driven analysis

The corpus. We compiled a corpus out of the or-
thographic transcriptions of eight English and
American romantic comedies, using the web soft-
ware SketchEngine (Kilgarriff et al. 2004, 2014).
The films were chosen not only for their themes,
but also for chronological coherence, as they
cover approximately the first decade of the 21
century (table 1).

Title Year Nation
Sliding Doors 1998 UK

Billy Elliot 2000 UK
Bridget Jones’ Diary 2001 UK/USA

1The fact that F is bigger than M should not come as a sur-
prise. The film genre of romantic comedy is generally

Bend It Like Beckham 2002 UK

The Devil Wears Prada 2006 USA
Juno 2007 USA
Eat, Pray, Love 2010 USA
Letters to Juliet 2010 USA

Table 1: corpus rationale

The resulting corpus is therefore a synchronic ad
hoc corpus of 95,036 tokens. We further subdi-
vided it into two subcorpora consisting of the
turns of female and male characters — respectively
55,766 (58.7%) and 39,270 (41.3%) tokens
(henceforth: M and F). We chose to gather a new
corpus — instead of relying on existing ones — to
obtain a higher control on the data. Moreover,
popular romantic comedies are the perfect humus
for a polarized representation of gender roles, be-
cause of their content and intrinsic structure. As
will be seen, however, our results are comparable
with the ones extracted from much the larger film
corpus Cornell Movie-Dialogs Corpus.
Keywords and semantic domains clouds analy-
sis. We used the online text analysis software
WMatrix (Rayson 2003, 2004) to compare M and
F both against each other and a reference corpus
— the BNC-spoken. WMatrix performs automatic
semantic analysis (of English) texts. This seman-
tic analysis is carried out by a first POS tagging
phase; the output is then semantically tagged from
a set of 21 predefined semantic fields, further sub-
divided into 232 category labels for more fine-
grained classification. Thus, from the comparative
analyses starting from males and females’ sub-
corpora, keywords and semantic domains clouds
(calculated with log-likelihood statistic). Statisti-
cally significant items are the ones with LL values
near or over 7, since 6.63 is the cut-off for 99%
confidence of significance. The automatically ob-
tained clouds were manually analysed to filter
possible errors and select the more significant se-
mantic domains associated with our sub-corpora.
From the comparisons of the two sub-corpora
against each other and against the BNC Spoken,
we selected the most relevant semantic domains
and keywords (i.e. with the higher LL values) for
more qualitative-like evaluation. Tables 2 and 3
report the domains and the keywords that we se-
lected.

addressed to women and has therefore more female leading
characters.



Sem. domains F

Sem. domains M

Business: Selling
Evaluation: Authentic
Clothes and Personal

Belongings
Time: New and Young
Judgments of Appearance
People: Female
Kin
Informal/Friendly
Anatomy and Physiology

Intimacy and Sex

Industry
Evaluation_Inaccurate
Sports

Money_Generally
Greedy
People: Male
Foolish
Able:Intelligent

Anatomy and
Physiology
Intimacy and Sex

Keywords F Keywords M
Feelings (in_love, love) Friendship (lads, man,
mate)
God, oh God, my God Swearing (fuck, fuck off,
fucking)
Swearing and Euphemisms Right, all_right
(Shit, Shagging)
Mom Dad
Politeness (Thank You, sorry
Sorry)
People (Me, My, You)

Table 2 and 3: WMatrix semantic domains and keywords
used in the test

As it can be seen, in our corpus women tend to
speak about shopping, cleaning, personal care,
and family, whereas men appear to discuss
money, sports, work and male friendship. In table
2 are also present semantic domains which were
relevant for both M and F speech, i.e. “Anatomy
and Physiology” and “Intimacy and Sex” (in
bold). These last two domains may emerge as
strongly relevant due to corpus-specific reasons.
Romantic comedies, in fact, are most often cen-
tred around romantic and quite physical relation-
ships. However, what we think is of interest when
analysing the overlapping between semantic do-
mains between females and males is the different
wording. Women and men refer to their bodies
and their relationships in different ways, which
are consistent with a polarization of gender roles
(E.g.: breasts vs. boobs). Keywords are also worth
mentioning. Their evaluation showed that women
make larger use of politeness forms, while men
resort to more swearwords and interjections, such
as “right, all right”.

2 The stimuli-sentences were chosen to be as representative
as possible of the entire corpus: they are evenly distributed
among all the films of the corpus, with two or three instances
from each film for each subcorpus.
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Interestingly, the tendencies that emerged from
our small corpus are in line with Schofield and
Mehr (2016)’s analysis of the Cornell Movie-Di-
alogs Corpus (Danescu-Niculescu-Mizil et al.
2012a), a vast corpus of more than 600 films of
different genres. The similarity of the results gave
us confidence in using the stereotypical represen-
tations of genders’ speech to investigate its recep-
tion by means of a test.

The test. With the aim of testing the reception
and entrenchment of gender stereotypes in speak-
ers, we developed a perception test based on the
results of our corpus-driven analysis. We manu-
ally extracted 18 lines per subcorpus?, each con-
taining one or more of the stereotypical semantic
domains and keywords that emerged from the pre-
vious WMatrix analysis. The resulting 36 ex-
tracted lines were used as stimuli in the perception
test®. The choice of such limited number of sen-
tences was determined by two reasons. The first,
theoretically motivated, was not to repeat the
same keywords and stereotypes too many times.
Such repetition, in our opinion, could have influ-
enced or biased the participants. The second rea-
son, of a more practical nature, was to construct a
reasonably-sized test to maintain participants’ at-
tention and avoid fatigue, which could have influ-
enced the responses. We extracted film lines con-
taining a variable concentration of stereotypes,
ranging from sentences referring to only one to
several stereotypical domains. The selection was
done manually, based on the rather obvious hy-
pothesis that sentences more “stereotypically
dense” would be recognised more easily. The
stimuli-sentences were also chosen as deprived of
context as possible, in order not to give any clue
about the film of origin. Proper names were omit-
ted, and when this was not possible, substituted
with the string [XXX]. For example, in (1) the
name of the male romantic partner was obscured
so that the only clue to the gender of the speaker
would be the linguistic stereotypes (shopping,
mitigated swearwords, weaving).

1) When [XXX] and | broke up for two
weeks, | bought a loom, a frigging loom

The test was presented to 22 native, bilingual or
highly proficient speakers of English, 15 women
and 7 men (mean age: 39.5). The task was to de-
cide whether a given sentence had been uttered by

3 For reasons of space we do not include the complete list of
the sentences extracted and used for the test. Several exam-
ples are reported in the text and in following footnotes.



a man or a woman. In order not to force partici-
pants to a necessarily binary choice, the option “I
don’t know” was also included. We additionally
asked speakers to specify words, expressions or
general concepts that influenced their answers.
This provided us with interesting insights into par-
ticipants’ process of thinking and categorizing.

4 Results

Several interesting considerations arise from the
analysis of the data. Firstly, it appears that overall
the stereotypes were correctly spotted and catego-
rized.

Recognised sterotypes, percentage

values M F DK M F DK
Female Male
Percent is calculated within all data.

Chart. 1: Percentage of recognised stereotypes (in red)

However, it also emerges that female stereotypes
were more unambiguously recognisable, with
fewer answers assigned to the other gender or to
the “I don’t know” category (chart.1).

By examining more closely the results, a subdivi-
sion of the data can be made to account for the
differences in it: recognised (more than 50% cor-
rect), ambiguous (between 25-50% correct) and
completely misunderstood (less than 25% correct)
stereotypes. Table 4 illustrates the distribution of
answers in the three frequency slots.

>50%  25-50% <25%
FLINES | 61,1% 27,8% 11,1%
M LINES | 33,3% 389%  27,8%

Table 4: distribution of participants’ answers

As was firstly hypothesized, sentences with a
higher “density” of stereotypical keywords or se-
mantic domains were usually the ones that speak-
ers better recognised. Stimuli in the first group,
therefore, consist of clear-cut and well

4 E.g.: “Give me the bag! I've got to get some proper shoes
for the wedding now” (71%) (f); “What are you doing, eh?
You're me best mate!” (82%) (m).

5E.g.: “God! My mum had a fit when she saw the boots!”
(47%) (f); “He's a kid. He's just a fucking little kid.” (47%)
(m).

6 The reverse stereotypes utterances are the following.

recognisable clusters of linguistic and conceptual
stereotypes®. The second group is instead formed
by stereotypes that were recognised by a substan-
tial part of the informants, but not by the majority.
This, in our opinion, may be due to several fac-
tors: some concepts, for example, could be per-
ceived as less prototypical than others. In addi-
tion, some linguistic features (e.g. discourse
markers) were not fully recognised as stereotypi-
cal due to our limitation to the written dimension.
Prosody, contextual information and multimodal-
ity are in fact fundamental aspects of la