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Day 2

« Part 1
* Ontologies and NLP
- Research developed in these areas

 Part 2

» Hands on
- Task: Named entity recognition




Vector Math
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BANCO WE



banco 0.181041 0.107700 -0.104667 0.243361 0.060638 0.392829 -0.333944 -0.381778 0.142200
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Ambiguidade



O que é um
‘“banco”’?



Depende



Pesquisa

e Estudar polissemia em word embeddings
e Amenizar o efeito de polissemia em vetores de palavras

« Voltamos aos métodos stmbolicos



Ontologies for NLP
NLP for Ontologies




Overview

Introduction

NLP for Ontologies

Ontologies for NLP

Related research (6 PhD Thesis)




Introduction

We think, talk, write, store and share
A lot more to think about (and much to read)

We think about the way we think and talk to build machines
to help us communicating




From the same
fundamental principles




NLP x Ontologies
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NLP x Ontologies

 How do they converge, need/influence each other?
* NLP for building ontologies from textual knowledge
* Ontologies to make more semantically oriented NLP




NLP for Ontologies

Ontology extraction/learning from texts




Ontologies

Spectrum
* Terms
Glossary
Thesaurus (narrower term)

Is-a hierarchies

Ve
St s

Properties > Timebdoney

wiki.opensemanticframework.org

Instances

Logical constraints

SEMANTICS

Axioms




Ontology learning from text

* Ontology components - NLP
» Concepts — term extraction
 Hierarchy — is-a relation
* Properties — other relations

» Instances — named entities

* Basic NLP needed for ontology learning
- POS tagging (word classes: verbs, nouns, adjectives, etc.)
 Parsing (word groups: noun phrases, verb phrases, etc.)
» PLUS - statistical processing and machine learning




Basic NLP: POS and Parsing

Ronaldo Lemos, diretor do Creative Commons aprovou ontem ....

—

Ronaldo Lemos PROP
diretor N

de PRP /~  Noun Phrase
0 DET
Creative Commons PROP

—




NLP for Ontologies

Related research at PUCRS




NLP for Ontologies

* Ontology learning layer by layer
* Concepts (Lucelene Lopes)
- Hierarchy
- Properties
* Instances




Concept Extraction

Input: Parsed Corpora T ’Mﬁ —
N\ S |

Term Extraction s
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Term Concept
Concordancer Clouds




ExXATOIp — Portuguese term extraction
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Extraction Heuristics

Nosso petroleo ¢ uma riqueza mineral e
abundante, considerando depdsitos marinhos.

SN tagged by PALAVRAS SN extracted by EXATOIp

nosso petréleo pronoun removal petréleo

article removal riqueza mineral
uma riqueza mineral adjective removal riqueza
adjective conjunction riqueza abundante

lemma depésito marinho

CepoSitos malinno adjective removal depésito




Extracted Term Lists

Statistically chosen relevant terms according to tf-dcf index

(using contrastive corpora)
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Evaluation of the new
proposed relevance index

Pediatric corpus and reference lists - 15% of the extracted terms

PALAVRAS SN
Detection

ExATOIp
Linguistic
Heuristics

ExATOIlp
Relevance

Index - tf-dcf




Proposed Index — tf-dcf

Top ranked bigrams for Pediatrics corpus

m according to t-dof

aleitamento materno aleitamento materno
recém nascido recém nascido
faixa etaria leite materno
presente estudo idade gestacional
leite materno ventilagdo mecanica
idade gestacional via aérea
ventilagado mecéanica pressao arterial
via aérea leite humano
pressao arterial hipertensao arterial
sexo masculino terapia intensiva

(N[O |H|WIN

-
o




Concordancer

Terms occurrences with context information
EXATOP v. 2.0 - comcondanciador
Termo arenitd encontrado 516 vezes nas frases abaixo
Clique em um termo para ver detalhes da sua ocorréncia na frase

hmmumw&ammam . coastituidas predomémantementse
por rochas textural ¢ composicionalmente mataras , formadas por quartzo arenitos |
arenitos
subliticos ¢ argilitos depositados em ambicnte de plataforma marinha a ltordnca ¢ fluvial entrelagado ,
ocoerem arenitos com baixa mataridade composicional ¢ textural .
fonglo gramasicel. CJT - nddied. D - stigquets sintitcs: n - olguets somdntica mat
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2eorrdnais § d{ranki: 3] TesiTads 4o argwiveo
fUseza/lccelene /Docusants /PCS DOC/sorpoza/oed/TxtafS . txt . xnl (Cfzase: T5)




Concept Clouds
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Hierarchies

* Some hierarchical relations are also given by the tool
* Semantic classes (parser)

* Noun phrase structure
« Arenito

* Arenito macico




Concept Hierarchies

Based on NP structure: head modifiers
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NLP for Ontologies

* Ontology learning
» Concepts
- Hierarchy (Roger Granada)
- Properties
* Instances




Hierarchy

PhD Student Roger Granada

* Comparison of several methods of hierarchy
extraction from texts

- 2 Rule-based methods

- 2 Statistical-based methods




Hierarchy extraction

Lexico-syntactic patterns

“...0S varios ambientes que compdem
os rios, tais como planicies de
inundacdo, canais, macroformas e
depdsitos de transbordamento.”

Hierarchical clustering

ABCDE Clusters are
generated
based on the
contexts of
each word

Head modifier

Arenito
arenito aeolico
arenito macico

Co-occurrence analysis

A term X subsumes vy if the documents in
which y occurs are a subset of the
documents in which x occurs.

P(x|y) > P(y|x) and P(x]|y) > threshold




Hierarchy extraction

Lexico-syntactic patterns

Only extracts relations inside the same
phrase.

High precision, low recall

Hierarchical clustering

Uses contexts to extract relations.
May generate other semantic relations,
like synonymy, meronymy, etc.

Low precision, high recall

Head modifier

Only extracts relations inside a noun
phrase.

High precision, low recall

Co-occurrence analysis

Uses the co-occurrence of terms in
documents, generates relations even if
the terms are not semantic related.

Low precision, high recall




Hierarchy extraction

Parallel corpus

Europarl
(English)

Europarl
(Portuguese)

Comparable corpus

Geology
(English)

Geology
(Portuguese)

tl_|
tl_|

Extraction Method

Patterns
Head-modifier
Hierarchical
Clustering

Co-occurrence

|
5;»

|
b‘;‘f:’

;

|
S

|
5

|
é,b:’

;

;

it

Domain
experts

Results
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NLP for Ontologies

* Ontology learning
» Concepts
- Hierarchy
* Properties/Relations (Sandra Collovini)
* Instances




Relation Extraction

Explicit relations between entities:

restricted by relation type; by entity type; open

Person

Founder-of
Employee-of €

Located at
Headquarters

Organization

Location




Relation Extraction

ORG-PES

Relation Instances

Relation
Descriptor

Fernando Gomes, presidente da Camara Municipal do
Porto

Fernando Gomes, president of the Camara Municipal do Porto

presidente da

(president of the)

A Legiao da Boa Vontade, instituicao educacional, cultural
e beneficiente, foi fundada pelo jornalista Alziro Zarur

Legido da Boa Vontade, an educational, cultural and beneficent
institution, was founded by jornalist Alziro Zarur

foi fundada pelo

(was founded by)




Relation Extraction

ORG-LOCAL

Relation Instances

Relation
Descriptor

Hospital de Sao Joao, no Porto

Hospital de Sdo Jodo, at Porto

no

(at)

Departamento Municipal de Limpeza Urbana de Porto Alegre

Departamento Municipal de Limpeza Urbana of Porto Alegre

de

(of)




Relation Extraction

Input: text

v

Pre-processing (parsing)

!

Entities Recognition

v

Relation Extraction based
on Machine Learning

v

Output:
(entity1,relation,entity2)

Ronaldo Lemos, diretor do Creative Commons

Ronaldo Lemos <hum> PROP @SUBJ>
diretor <Hprof> N @N<PRED

de PRP @N<

o ART @>N

Creative Commons <org> PROP @P<

Ronaldo_Lemos <PROP, PER>
Creative_Commons<PROP, ORG>

Annotated corpus with Features

(Ronaldo_Lemos, diretor-de, Creative_Common)
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NLP for Ontologies

* Ontology learning
» Concepts
- Hierarchy
- Properties

- Instances (Named entities/Daniela Amaral, Evandro
Fonseca)




Named Entity Recognition

A opinido é do agrénomo MIEUENGUEHE, da UFSC (Universidade Federal de Santa
Catarina). GUEHA participou do debate "Biotecnologia para uma Agricultura Sustentavel”,
realizado ontem durante a 522 Reunido Anual da SBPC (Sociedade Brasileira para o Progresso
da Ciéncia), sobre as biotecnologias apropriadas ao desenvolvimento do pais. GUEHE citou a
micropropagacao de vegetais (producdo de mudas em laboratério, feita para evitar doengas e
selecionar vegetais saudaveis) como exemplo de biotecnologia de baixo custo. Com ela,
aumentou-se a produ¢do de moranguinho, no sul do pais, de 3,2 kg para 60 kg por hectare.
Para o agronomo...

The input/output vector
A opinido ¢ do agronomo Miguel Guerra da UFSC...”
O, O, O, O, O, PESS PESS, O, LOCAL...




Named Entity Recognition

Features

the word itself

POS tag

the word begins contains lowercase or uppercase

the previous/next word contains lowercase or uppercase




Geology domain
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ROCHA SEDINENTAR CUIWMICA
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CONTEXTO GEOLOGRCD DE BACIA

RO Ssocimeca

Rocra Cabondics

Rocna Cumed

Rotma Crpdrea
Bacis Sedimettw
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Portuguese geo entities corpus

Eon

Era

Periodo

Epoca

Idade

Rocha Sedimentar Siliciclasitica
Rocha Sedimentar Carbonatica
Rocha Sedimentar Quimica
Rocha Sedimentar Organica
Bacia Sedimentar

Contexto Geoldgico de Bacia
Unidade Litoestratigrafica
Outro
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Co-reterence resolution

A opinido é do agronomo Miguel Guerra, da UFSC (Universidade Federal de Santa
Catarina). Guerra participou do debate "Biotecnologia para uma Agricultura Sustentdvel”,
realizado ontem durante a 52? Reunido Anual da SBPC (Sociedade Brasileira para o Progresso
da Ciéncia), sobre as biotecnologias apropriadas ao desenvolvimento do pais. Guérra citou I

micropropagagio de vegetais producio de mudas em laboratrio, feita para evitar doencas e
selecionar vegetais saudavels) como exemplo de biotecnologia de baixo custo. Com Eld,

aumentou-se a produ¢do de moranguinho, no sul do pais, de 3,2 kg para 60 kg por hectare.
Para 0 agrénomo...




Correferece

« Corpus annotation
» Linguistic information
© Summe-it
* Pos, syntax, correference chains, text summaries




Co-reference resolution

Same entity:

NP: Guerra |
NP: 0 agrobnomo |
NP: Miguel_Guerra |

'NP: 0 agrébnomo |




Correference and Semantics

« Semantic bases for matching entities
* o0 dinossauro
* 0 animal

* pessoas plugadas
* vizinhos conectados




Correference tool

Bem comum de a hu. A ministra de a J... a sequéncia de um...

gelles a Unido Européia o genoma o sequenciamento @

Franga patenteamento de ... diretiva favordvel a

determinacio eu.. 0 CCNE Todas as Cadelas

A UE

|a Franga [5]) [Umico pass de UE

[A Franga [5]] - [o tnico pais (S]]
(o pais [5]]




References

Fonseca E. B., Resolucao de correferéncia nominal usando semantica em
Lingua Portuguesa. Tese de Doutorado. Porto Alegre: PUCRS, 2018.

Fonseca, E. B ; Sesti, V. ; Antonitisch, A. ; Vanim, A. ; Vieira, R. CORP:
Uma Abordagem Baseada em Regras e Conhecimento Semantico para a
Resolucao de Correferéncias. Linguamatica, v. 9, p. 3-18, 2017.




Ontologies for NLP

Improving NLP with richer semantics




Ontologies for NLP

 Semantics

* A play is a type of book, has an author, has a language

citizenOf
en2:Author type-of

William Shakespeare®"zPlaywight\yag an English poet and

playwright, widely regarded as the greatest writer in the

English language and the world's pre-errinent dramatist. In
1876, he wrote Hamleten2:Flay¢&

type-of\

en2:Book L2000 5 en2:Date en2:Language

writes

written-in

https://www.ibm.com/developerworks/community/blogs/nlp/entry/ontology_driven_nlp?lang=en




Lexicon x Ontologies

NLP: 1s based on lexicons
Lexicon: conventional inventory of words

Ontology formalizes concepts and their logical
relations

Computational linguistics used to accurately map
the relations between words and the concepts that
they can be linked to

Integration between lexical and semantic resources




Lexicon x Ontologies

* WordNet

* Semantic lexical database widely used in NLP

* Projects for linking upper level ontologies and
WordNet

- SUMO
- DOLCE

e Current project in linking domain ontologies to top
ontologies via WordNet




Ontologies for NLP

Related research




Ontology based Sentiment Analysis in
Aspect Level (Larissa Freitas)

- Sentiment Analysis to infer people's

- opinions,

- sentiments
- evaluations
- emotions

towards entities or their aspects (parts and attributes)




HOntology

« HOntology! is a multilingual (English, Portuguese, Spanish and French)
ontology for the hotel domain e

¥  Thing

@ Aparéncia

© Atendimento

@ ‘Categorias de hotéls’
@ "Custo beneficio”

@ Estabelecimento

@ Funclonarios

@ Horario

@ Instalacoes

@ Localizacao

v

| A o ut A G Au AN N AN A

o l‘po o héspede’

Thttp://ontolp.inf.pucrs.br/Recursos/downloads-Hontology.php




Ontology based Sentiment Analysis in
Aspect Level

« Explict and Implicit Aspect Rating summary
Location

Explicity - Rooms Sleep Quality
Rooms

“Os quartos e banheiros sao bons” Service
Value
Cleanliness

Implicit - Value

“Apesar da taxa de estacionamento ser salgada”
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Conclusion




Language industry

« Chat bots




Dandelion API
Semantic Text Analytics

The entire analytical process takes just a few minutes
and:

- It identifies mentions of banks in official company
documents;

+ Effectively disambiguates these mentions to link them
to the correct bank (banks may have similar-sounding
names and the same bank may have more than one
name);




Dandelion API
Semantic Text Analytics

* The entire analytical process takes just a few minutes and:

- Identifies which kind of relationship a company has with a
bank (1s 1t some kind of shareholding? A current account? A
loan? Which of the many different kind of loans?);




Machine communication




NLP and Ontologies are the
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Technological evolution 1s also
human evolution




Challenges

Considering Portuguese is relevant/strategic

Multidisciplinary approach is required
» Linguistic knowledge

- Mathematical models

* Humanities




Such 1s the complexity of
human communication
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metaphor

cultural
background

intonation
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previous
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Pensamos e falamos
Colocamos os pensamentos no mundo
Escrevemos, armazenamos e compartilhamos
Criamos mais sobre o que pensar
E ha muito para ler
Pensamos sobre a maneira como pensamos e falamos

E assim construimos maquinas para nos ajudar a comunicar

E mudamos nossa forma de pensar, de falar e de comunicar




