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Materials from the A Coruña training

sessions on English linguistics and NLP

Universidade da Coruña

This document collects training materials on the subject of syntactic, morphological and
semantic knowledge of the English language, as well as NLP tools, from the training sessions
held in A Coruña, from 18th June to 3rd July 2018. Note that, since the sessions themselves
were held using a blended learning environment (Moodle) and included interactive activities
and materials, it is not always possible to capture the full interactive content of the event in a
PDF document. This document includes dumps and printouts of the material that is original
from the project (i.e. not referenced documents online, etc.) and can reasonably be presented
in a static manner.
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English Morphology for Computational Linguistics1 
Isabel Moskowich – University of A Coruña 

imoskowich@udc.es 

www.udc.es/grupos/muste 

Course outline 

UNIT 1. Language taxonomy 

• Language diversity 
• Criteria for classification  
• The typological classification 

UNIT 2. Morphology basic concepts 

• What is Morphology? 
• The branches of morphology  

Derivational Morphology 

o derivational morphology 
o inflectional morphology 

• Other key concepts 
o Affixes (prefixes, infixes, suffixes) 
o Vowel change 

• What is a grammatical category? 
• Inflectional Morphology 

o Lexeme 
o Grammatical category 
o Morpheme 
o Morph 
o Allomorph 

UNIT 3. Types of languages 

• Inflectional languages 
• Agglutinative langugages 
• Isolating languages 

•  
                                                             
1 This module on Morphology will be taught in two sessions. Each sesión consists of a four-hour contact 
sesión with the teacher in class plus three hours of self-study. 
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UNIT 4. Inflection and derivation 

• English inflectional morphology 
o Affixation 
o Vowel change 
o Paradigms 

• English derivational morphology 
o affixation 
o Word classes 

• Complex words 
• Morphology and other levels of analysis 

UNIT 5. Computers and grammar 

• A definition of Computational morphology 
• Encoding 
• Mark-up 
• Annotation 
• Types of annotation 
• Formats  
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Supplementaru (web) materials 
 

Glossary of linguistic terms 
 

 

On language typology 

• The classification of languages (very basic): 
http://lingvo.info/en/babylon/typology 

• What is Morphology? https://www.youtube.com/watch?v=b-
1PT4ZwwsM&feature=youtu.be 

 

 

Some useful definitions 

• Britannica's definition of inflection: 
https://www.britannica.com/topic/inflection 

• .Britannica's definition of agglutinating language: 
https://www.britannica.com/topic/agglutination-grammar 

• Turkic languages: https://www.britannica.com/topic/Turkic-
languages 

• Britannica's definition of isolating languages: 
https://www.britannica.com/topic/isolating-language 

 
Supplementary material 

• Difference between inflection and derivation: 
https://www.youtube.com/watch?v=GdrgdVgmX28&feature=youtu.
be 

• Some notes on inflectional morphology: 
https://www.thoughtco.com/inflectional-morphology-words-
1691065 

• English Inflectional Morphology: https://www.thoughtco.com/what-
is-an-inflectional-morpheme-1691064 

• On infixation: http://www.viviancook.uk/Words/infixes.htm 

 Some notes on derivational morphology: 
https://www.thoughtco.com/derivational-morpheme-words-1690381 

Some exercises 

• https://www.calpoly.edu/~jrubba/Morph.html 
• https://benjamins.com/sites/z.156/exercise/c4q4 

 

For computers and Morphology 
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• Leech's maxims of annotation: 
https://www.lancaster.ac.uk/fss/courses/ling/corpus/Corpus2/2MAXIMS.HTM 

Geoffrey Leech was a pioneer corpus linguist who developed a set of 
rules for "good practice" in text annotation. 

Annotation has changed very much since he first published this (as it is 
now often automatic rather than manual), but his guidelines are still 
applicable. 

Read this maxims and think how to apply them to your own languages. 

• Techniques in computational morphology: 
http://ccl.pku.edu.cn/doubtfire/nlp/Lexical_Analysis/Word_Lemmatization/Introd
uction/Computational%20Morphology.htm 

Computational morphology deals with the processing of word forms, in 
both their graphemic (written) and phonemic (spoken) form. It is around 
us as it has many different applications (such as Spell-checkers or 
automatic hyphenation in word processors). 

These tasks imply hard problems for a computer programme. This 
reading  provides some insights into why this is so and what techniques 
are available to tackle these tasks. 

Links to corpora 

A corpus is a colletion of texts that has been compiled based on some 
principles and encoded to become machine-readable. Corpora are used 
for many different aims nowadays and with many immediate applications 
(for instance, oral corpora are used to produce voice recognition devices). 

• Applications of oral corpora: 
http://www.oddcast.com/home/demos/tts/tts_example.php 

• BNC: The British National Corpus: http://www.natcorp.ox.ac.uk/ 
One of the first and most important corpus of the English language 

• Archivo de textos hispánicos de la Universidad de Santiago (ARTHUS): 
http://adesse.uvigo.es/data/corpus.php 

The Archivo de textos hispánicos de la Universidad de Santiago 
(ARTHUS) contains texts in Spanish both from Spain and America 
(1,450,000 tokens). All the texts have nbeen syntactically analysed and 
the corresponding data are recorded in the databeses Base de datos 
sintácticos del español actual (BDS) andBase de verbos, alternancias 
de diátesis y esquemas sintáctico-semánticos del español (ADESSE). 

• The Coruña Corpus of English Scientific Writing: 
http://www.udc.es/grupos/muste/corunacorpus/index.html 

The Coruña Corpus of English Scientific Writing is being compiledat the 
Universidade da Coruña by the Research Group for Multidimensional 
Corpus-based Studies in English (MUStE). The corpus is a tool for the 
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study of the history of English during the late Modern English period 
(18th and 19th c.).  

• The Helsinki Corpus of English Texts: 
http://www.helsinki.fi/varieng/CoRD/corpora/HelsinkiCorpus/ 

First diachronic (historical) corpus ever compiled. It contains raw text 
marked-up in COCOA format. It gatjhers texts from 850 to 1710  with 
more than 1500000 words.Directed by Matti Rissanen and published in 
1991. 

• The Brown Corpus 
One of the first corpora ever compiled (1960s) 

• Cambridge English Corpus 
A corpus designed for teaching English 

• The Corpus of the Tatar Language: http://www.corpus.tatar/en 
One of the first tries to compile and annotate a corpus in Tatar 

 
 
 
Web-based software for annotation 
 
• CLAWS: http://ucrel.lancs.ac.uk/claws/ 

This is a part of speech (POS) automatic tagger 

• USAS: http://ucrel.lancs.ac.uk/usas/ 
A tool for semantic annotation 

• ELAN: http://tla.mpi.nl/tools/tla-tools/elan/ 
Tool for audio and video corpora annotation 

 
Web-based corpus software  
 
Sometimes, the computerised collections of texts (corpora) are not 
independently released but built-in into some kind of web that includes the 
software required for analysis. You have a couple of cases here. 

• CQPWeb: https://cqpweb.lancs.ac.uk/ 
This web-based sortware may give you access to different corpora. 
There are different servers around the world hosting CQPWeb. The 
one here is set at Lancaster University. 

• The Sketch Engine: http://www.sketchengine.co.uk/ 
This web-based software offers you the opportunity to upload and 
analyse yoir own corpus. 

•  
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FOR SELF-STUDY (Morphology Module) 

In this section you will find different resources that you can use on your own for non-
contact hours with the teacher. 

• Exercises and quizes: https://www.cs.bham.ac.uk/~pxc/nlp/InteractiveNLP/ 
• To know more (English Language and Linguistics)… 

http://www.ello.uos.de/field.php 
As we have seen Uzbekh and Kazakh are languages belonging to the Tukic 
group inisde the Altaic family. As such, they are agglutinative language, very 
different from Englis (in the Germanic group ofthe Indo-European family)  

• More on agglutinative languages: 
https://en.wikipedia.org/wiki/Agglutination 

 

This may be useful as a starting point for annotating word structure in 
Kazakh nad Uzbekh 

• University Centre for Computer Corpus Research on Language (Lancaster 
U.): http://ucrel.lancs.ac.uk/ 

• Another perspective 
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UDC training for Central Asia academic staff 

Before starting 
In Linguistics the term grammar refers to two 

disciplines: 
 
• Morphology (focusing on words - form) 
• Syntax (focusing on larger units such as 

phrases and sentences - function) 
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Two important related terms in Computational 
and Corpus Linguistcs 
 
• Tagging (morphology) 
• Parsing (syntax) 
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Languages behave diferently 
 
• Different form 
• Differetn ways to express functions 

 
 

Need for linguistic taxonomy 
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Language Taxonomy 

I 
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Outline 
 

• Language diversity 
• Criteria for classification  
• The typological classification 
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1. Language diversity 
• Obvious ideas: 

– There are many different languages in the 
world 

– Some of them seem to have certain 
characteristics in common 

• Human tendency to classify different things  
grouping of languages 
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Diverse parameters for language classification: 
1. Origin and evolution 
2. Internal structure 
3. Whether they are still changing and evolving 
4. Territories where they are spoken  

 
 

2. Criteria for classification 
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Origin (Genealogical classification) 
 

• Model based on the biological sciences 
• Languages behave like living beings  

languages are mothers, daughters and sisters 
to ther languages 

• Taking into account their origin and evolution, 
we can establish certain language families 
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• The family where English belongs is not the 
same as the language where Mandarin 
Chinese belongs 

• Where does your own language fit according 
to this criterion? 
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A language family is a group 
of languages related through descent from a 

common ancestral language or parental 
language, called the proto-language of that 

family  
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Change 
 

• Dead languages (languages that do not 
change, i.e: Latin, Sanskrit) 

• Living languages (languages that change 
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Territory (geographical classification): 
 

• Languages may be taken to different places 
with migrations 

Native languages and English in Australia 
Can you think of an example in your own 

territory? 
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Structure (typological classification): 
 

• Languages may be classified depending on 
how they structure their units 

• This is much related to Morphology 
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Different types of languages based on structure: 
 
• Inflectional languages 
• Agglutinative languages 
• Isolating languages 

3. The typological classification 
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But we need some basic concepts 
again before proceeding … 
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Morphology basic concepts 

II 
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Outline 
 

• What is Morphology? Its branches 
• Some concepts: lexeme, morpheme, morph, 

allomorph, etc. 
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Term from Greek morph = “form” applied in 
several fields: 
• In biology  study of the form and structure of 

living organisms 
• In geology  study of the configuration and 

evolution of the land  

1. What is Morphology? 
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• In Linguistics  subfield of Grammar (inside 

Linguistics) that studies the forms of the 
smallest linguistic elements 

 
Grammar = Morphology + Syntax 
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1. Derivational morphology 
2. Inflectional morphology (only for inflective 

languages, i.e.: English, Spanish and other IE 
languages)  

 

2. Branches of Morphology? 
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Derivational morphology 
 
Study of how new words are formed from an 
existing word, often by adding an affix 
 

happiness and unhappy derive from happy 
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Inflecttional morphology 
 
• Study of the processes that distinguish the 

forms of  words in certain grammatical 
categories (complementary distribution) 

• English has a fairly limited  inflectional system 
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English Spanish 

I sing Yo canto  

You sing Tú cantas 

He/she sings El/ella canta 

We sing Nosotros cantamos 

You sing Vosotros cantáis 

They sing Ellos cantan 

 
 

39

 



 
UDC training for Central Asia academic staff 

English Spanish 

I sing Yo canto  

You sing Tú cantas 

He/she sings El/ella canta 

We sing Nosotros cantamos 

You sing Vosotros cantáis 

They sing Ellos cantan 
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Compare sing vs sings 
And… 

All this shows that language forms (words) 
are made of smaller units with different 

sorts of meanings 
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3. Other key concepts 
• Lexeme 
• Grammatical category 
• Morpheme 
• Morph 
• Allomorph 
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Lexeme: 
 
• A lexeme is the minimal unit of language which 

has a semantic interpretation and embodies a 
distinct cultural concept 

• A lexeme is the form conventionally listed in a 
dictionary as a separate entry 
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Identify the leceme in  
• Sing 
• Sings 
• Lap-top 
• Morphological 
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Grammatical category/meaning: 
 
set of syntactic features that: 
• express meanings from the same conceptual 

domain 
• occur in contrast to each other 
• are typically expressed in the same fashion 
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• Aspect 
• Case 
• Definiteness 
• Mood and Modality 
• Noun Class 

 
 

 
 

• Number 
• Polarity 
• Tense 
• Transitivity 
• Voice 

 

 
Kinds of grammatical categories 
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Identify the grammatical categories expressed in 

 
I have eaten two eggs 
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Morpheme: 
 
• Smallest meaningful unit in the grammar of a 

language  it does not express lexical 
meaning, but grammatical meaning 
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Examples 

Boys 
• boy- (lexeme = young mele human eing) 
• -s (morpheme = more than one, plural)  
He stopped 
• stop- (lexeme = cease movement) 
• -(p)ed (morpheme = past tense)  
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Morph: 
 
• Term sometimes used to refer to the phonological (the 

physical audible) realisation of a morpheme 
 

climbed, stopped 
 

English past tense morpheme is -ed  
It has 2 different morphs as this is phonologically realised 
(pronounced) as [t] in stopped and as [d] in climbed 
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Allomorph: 
 
• Each of the realisations of a morpheme 
• They are complementary (the presence of one 

excludes the other) 
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Warning 
 Not all morphemes are easily identifiable 

+ 
correspondence between morpheme and 

pronunciation not always found 
 

 
difficult for machine analysis and training 

 
 

52

 



 
UDC training for Central Asia academic staff 

Let’s remember 

The typological classification is based on word 
structure   
 
 
how all these lexical and grammatical items are 
linked to convey meanings  
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Back to the Typological Classification 
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Languages Typological 
Classification 

III 
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Different types of languages based on structure: 
 
• Inflectional languages 
• Agglutinative languages 
• Isolating languages 
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Inflectional/inflective/fusional/synthetic 
languages:  
 
• Inseparable inflections are fused with lexical 

stems  
• One single morpheme may carry much 

morphological information   
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Example 

 
 Sings  3rd p. subject (she or he) 
   Sg. 
   Present tense 
   Indicative mood 

 
Latin, Classical Greek 
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Agglutinative languages:  
 
• They combine grammatical morphemes with 

lexical stems 
• Morphemes are discrete (separate) and stuck 

to the lexical stem one after another 
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Example 

 
  

Ni-ta-ku-penda = I - future tense - you object – 
like 

 
Turkish or Swahili 
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Isolating/analytic languages:  
 
• Every morpheme forms a separate word  
• Individual particles such as prepositions, 

articles and conjunctions are used to convey 
grammatical information 
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Examples 

Chinese ai “love” (both noun and verb) 
(A separate pronoun indicates if it is a verb and 

person, number, etc.)  
  Wo ai “I love” 
  Ni ai “you love” 
  Mingtian wo ai “tomorrow” 
 

Vietnamese or Chinese 
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Inflection and derivation 

IV 

 
 

66

 



 
UDC training for Central Asia academic staff 

Outline 
• Derivational Morphology 

– Affixes (prefixes, infixes, suffixes) 
– Vowel change 

• What is a grammatical category? 
• Inflectional Morphology 

– Affixes (prefixes, infixes, suffixes) 
– Vowel change 
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1. English inflectional morphology 
 

• Studies the processes that distinguish the 
forms of words within certain word-classes (POS 
= parts of speech) 

• Compared to other languages, English 
inflectional system is very limited 
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English Spanish 

I sing Yo canto  

You sing Tú cantas 

He/she sings El/ella canta 

We sing Nosotros cantamos 

You sing Vosotros cantáis 

They sing Ellos cantan 
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English Spanish 

I sing Yo canto  

You sing Tú cantas 

He/she sings El/ella canta 

We sing Nosotros cantamos 

You sing Vosotros cantáis 

They sing Ellos cantan 
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Processes: 
• Affixation (addition of affixes) 
• Vowel change 

Walk – walked –walked 
Sing – sang – sung 

 
• Paradigms (set of linguistic items that form 

mutually exclusive choices in particular syntactic 
roles) 

a book / the book / *a the book  
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Affixes: morphemes classified according to their 
position relative to the stem/root 
• Prefixes 

unfriendly 
• Suffixes 

friendship 
• Infixes? 

Not in English 
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• Think of your own language.  
• Do you use infixes to change the meaning of a 

word or a sentence? 
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2. English derivational morphology 
 

• Word-formation 
• Process to create a new word with a new 

meaning 
• Use of affixes to change the word-class 

White –whiteness 
Child – childhood 
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• Inflectional devices create new forms within 
one word paradigm 

• Derivational devices create new forms in a 
different word class 
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3. Complex words 
• Obtained from derivation 

Wireless 
 

• Obtained from compounding 
Lawn mawer 
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4. Morphology and other levels of 
analysis 

  
Food for thought… 

 
• Relationship between morphology and syntax 
• Relationship between morphology and 

semantics  
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ENGLISH SYNTAX 

1. Word classes: their functions 

From words to phrases: functions 

 Word-classes and Phrase classes  

https://dictionary.cambridge.org/grammar/british-grammar/about-

words-clauses-and-sentences/word-classes-and-phrase-classes 

 Ways of Shaping Words Into Sentences in English 

https://www.thoughtco.com/sentence-parts-and-sentence-

structures-1689671 
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Exercises on word classes 

URLhttps://benjamins.com/sites/z.156/exercise/c5q5 

Please read Units 1 to 3 for Tuesday morning from the text below. 

 

 

 Reading for Tuesday morning  

https://moodle.udc.es/pluginfile.php/1103859/mod_resource/content

/1/engsyntax_an%20introduction.pdf 

Please read Units 1, 2 and 3. 

 

 

2. What is Syntax? Syntactic roles of linguistic structures 

• Constituency 
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• Embedding 

• Recursivity 

• Syntactic ambiguity 

• Tree diagramms 

• Phrase-structure rules 

 Exercises: The Structure of VPs 

http://www.ello.uos.de/field.php/Syntax/StructureOfVPs 

 Noun Phrases  

http://aeo.sllf.qmul.ac.uk/Files/NounPhrases/Noun%20Phrases.html 

 Sentence Structure  

https://www.thoughtco.com/sentence-structure-english-grammar-

1691891 

 Exercises: Syntax for Natural Language Processing 

https://www.cs.bham.ac.uk/~pxc/nlp/InteractiveNLP/NLP_syn1.html  
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 Clause type identification   

http://esl.fis.edu/grammar/multi/clauses.htm 

 Identify types of sentences  

http://esl.fis.edu/grammar/multi/satzType.htm 

 Syntactic ambiguity  

https://languagelink.let.uu.nl/~lion/index.php?s=Grammar_exercises

/grammar_4&lang=en 

 

3. Syntactic representation of functions 
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 Subject-predicate identification quiz 

http://esl.fis.edu/grammar/multi/subpred.htm 

 Phrase Structure and function 

https://benjamins.com/sites/z.156/exercise/c7q5 

 Clauses and clause elements  

http://folk.uio.no/hhasselg/grammar/Week2_syntactic.htm 

 

4. Syntax and Computers 

•Parser 

•Parsing trees 

•Parsing algorithms 

 Syntactic processing 

https://moodle.udc.es/pluginfile.php/1103837/mod_resource/content

/1/Syntactic%20processing.pdf 

 Lexical and semantic influences on semantic processing 

https://moodle.udc.es/pluginfile.php/1103839/mod_resource/content

/1/lexical%20and%20semantic%20inf%20on%20synt%20proc.pdf 
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 Introduction to programming languages  

https://en.wikibooks.org/wiki/Introduction_to_Programming_Languag

es/Parsing 

 Syntactic parsing  

https://moodle.udc.es/pluginfile.php/1103841/mod_resource/content

/1/syntactic%20parsing.pdf 

 A Guide to Parsing  

https://tomassetti.me/guide-parsing-algorithms-terminology/ 

For Kazakh and Uzbekh languages 

 Representation of Uzbekh morphology 

https://books.google.es/books?id=nLs2vEXwIhYC&pg=PA83&lpg=PA

83&dq=parsers+for+uzbekh&source=bl&ots=czfrzSfo6D&sig=nDlHM

k-YFTvD15vRGmHtC6cm8j4&hl=en&sa=X&ved=0ahUKEwjZqbfQt-

rbAhVOlxQKHfXOCzQQ6AEIfTAI#v=onepage&q=parsers%20for%20u

zbekh&f=false 

 

 Identification of Basic Phrases for Kazakh Language 

https://moodle.udc.es/pluginfile.php/1103845/mod_resource/content
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/1/Identification%20of%20Basic%20Phrases%20for%20Kazakh%20L

anguage.pdf 

 Improved chart parsing applied Kazakh graph analysis 

 https://ieeexplore.ieee.org/document/7175777/ 

  Multilingual Parsing from Raw Text to Universal Dependencies 

https://moodle.udc.es/pluginfile.php/1103847/mod_resource/content

/1/Multilingual%20Parsing.pdf 

Web based software for syntactic parsing 

 Definition of parser and parsing 

https://moodle.udc.es/mod/page/view.php?id=601897 

 

FOR SELF-STUDY 

(Syntax module) 

More on 

Syntax http://pandora.cii.wwu.edu/vajda/ling201/test1materials/synta

x.htm 

A video on syntactic constituency I 

https://www.youtube.com/watch?v=n9168PgGHBc&feature=youtu.be 
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A video on syntactic constituency II 

https://www.youtube.com/watch?v=MPWuI9whbEY&feature=youtu.b

e 

These two videos will help you further understand what constituency 

refers to.  

Context Free Grammar Developer 

https://web.stanford.edu/class/archive/cs/cs103/cs103.1156/tools/cf

g/ 

Web-based software. 

Try it on! 

The Context Free Grammar Checker 

 http://smlweb.cpsc.ucalgary.ca/ 
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ENGLISH SEMANTICS 

 

1. What is Semantics? Different approaches to the discipline 

 Structural Semantics 

 Formal Semantics 

 Cognitive semantics 

 The study of meaning: 

https://moodle.udc.es/pluginfile.php/1103641/mod_resource/content/4/R1_English_Semanti

cs_Kreidler.pdf 

 The study of meaning: doc file 

TITLE of section  
Main ideas Key terms Definitions 
   

   

 

 Semantics and meaning: https://youtu.be/GcBvGToIxgA 

 Summarising the study of meaning: doc file 

TITLE of section The systematic study of meaning 

Main ideas Key terms Definitions 
Finding the right 

meaning 

Meaning of word 

Complex meaning 

Antecedent-

presupposition 

 

Semantics 

Psychology: how 

humans learn 

Philosophers of lg: 

understanding the 

meaning 

Linguistics: how lg 
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Lgc semantics 

 

 

works 

Systematic study of 

meaning 

How languages 

recognise and express 

meanings 

TITLE of section The nature of 
language 

 

Animal 

communication is 

different human 

communication 

 

 Human lg: stimulus-

free/creative  

 Human lg New utterances 

produced to 

understand each other 

Language is restricted 

to phenomenon 

world 

 What can be observed 

through the senses 

Predictivity of 

language 

 

 From existing 

structures new ones 

can be generated 

Human language: 

accumulated 

knowledge, 

imagination and 

memory 

  

Human language is 

natural but language 

skills are not 

 

 

 

 Because they are 

acquired and 

socialised (meaning in 

society/context) 
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TITLE of section Language and the individual 
Main ideas Key terms Definitions 
There are categories 

in language 

  

Language is learned 

by imitation and in 

the corresponding 

social environment 

  

TITLE of section Demonstrating 
Semantic 
knowledge 

 

How speakers 

demonstrate 

semantic knowledge 

  

 paraphrasing Same idea, different 

ways 

 synonymy  

 antonyms  

 Semantic feature  

 ambiguity  

 Adjancency pair Utterances together 

 Entailment Previous sentence is 

true—next also true 

 presupposition Message conveyed 

presupposes other 

pieces of knowledge 
Types of meaning 

 Denotational/referential 
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 Connotational 

 Idiomatic 

 

2. Basic concepts in Semantics 

 Words and lexemes 

 Denotation, connotation 

 Ambiguity 

 Semantic fields 

 Lexical relations 

 Paradigmatic (semantic fields, gramatical meaning) 

 Syntagmatic (sentence semantics) 

 Hyponym 

 Hyperonym 

 Synonymy 

 Antonymy 

 Homonymy 

 Polysemy 

 What does semantics study?  http://all-about-

linguistics.group.shef.ac.uk/branches-of-linguistics/semantics/what-does-

semantics-study/ 

 Lexical semanticshttps://benjamins.com/sites/z.156/list/exercises 

Exercises (I): Sense, types of meaning 

http://www.ello.uos.de/field.php/Semantics/Exercises 

 Exercises (II):Lexical semantics https://benjamins.com/sites/z.156/exercise/c6q4 

 Afternoon 

activiyhttps://moodle.udc.es/pluginfile.php/1103649/mod_resource/content/1/Intro_sem_ho

mework.pdf 

 Task 1. Homework  

 

 

 

 

 

 

 

You still 
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Words can be analyzed as construed from basic semantic primitives (features or markers) 

 

 Componential analysis: https://www.slideshare.net/ratnazun/componential-analysis-and-

semantic-decomposition 

 

 

 

 Let's play KAHOOT and check your knowledge! 

https://create.kahoot.it/login?next=%2Fcreate%23%2Fnew%2Fquiz%2Fdone 

 

 

3. Lexical relations and word sense disambiguation 
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Lecture on lexical relations: Wordnet 

https://moodle.udc.es/mod/resource/view.php?id=601801 

 

 The Oxford Handbook of the Word  

http://www.oxfordhandbooks.com/view/10.1093/oxfordhb/9780199641604.001.0001/oxford

hb-9780199641604-e-028#oxfordhb-9780199641604-e- 

 

 An explanation on lexical relations with examples  

https://www.slideshare.net/ANIISTIANA/group-2-round-1 

 

 Lexical Semantics: Word senses, relations, and semantic roles 

https://moodle.udc.es/pluginfile.php/1103734/mod_resource/content/1/lexical%20semantics

.pdf 

 

 Some exercises on lexical relations  

http://www.ello.uos.de/field.php/Semantics/Semanticsidentifyhomonymsandpol

ysemes 

 Relations and other 'nyms 

https://moodle.udc.es/pluginfile.php/1103736/mod_resource/content/1/nyms.pdf 

 

 More on lexical relations https://moodle.udc.es/mod/resource/view.php?id=601802 

 

 More exercises https://moodle.udc.es/mod/page/view.php?id=601803 

 

 

 

 

 

 

 

 

4. Semantic analysis 
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 Steps in the analysis https://moodle.udc.es/mod/resource/view.php?id=601805 

 

 

5. Computers and Semantics 

 

Semantic Link Network 

https://web.archive.org/web/20091218102540/http://www.knowledgegrid.net/~h.zhuge/SLN

.htm 

 

 The Semantic Software Lab  

http://www.semanticsoftware.info/home 

 

 What is semantic technology?  

https://ontotext.com/knowledgehub/fundamentals/semantic-web-technology/ 
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 Semantic Web and Semantic Technology Trends in 2018  

http://www.dataversity.net/semantic-technology-semantic-web-trends-2018/ 

 

 OXFORD SEMANTIC TECHNOLOGIES  

https://www.oxfordsemantic.tech/ 

 

Mindmapping 

https://www.lucidchart.com/users/login 

 

 Class activity: Create your own mindmap of lexical relations for the 'computational linguistics'. 

 

FOR SELF-STUDY 

Basic Semantics 

https://moodle.udc.es/pluginfile.php/1103727/mod_resourc

e/content/1/33.pdf 
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Margarita Alonso Ramos
LYS Group

CLASS

Universidade da Coruña

28th June  2018

 
 

95

 



Schedule of the NLP module

Day 1

• Introduction to NLP

• Computational Lexicography
• Text corpora and linguistic annotation

Day 2

• Tokenization, lemmatization and tagging

• Syntactic parsing

• Semantic Analysis

Day 3

• Text Mining

• Other applications
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Aims of the NLP module

1.  Show why natural languages are difficult for computers

2.  Introduce how linguistic information should be treated in  

Natural Language Processing (NLP) systems

3.  Present some current linguistic technologies

4.  Examine different formalisms to process automatically 

natural language
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1. Information and knowledge society 

2. Linguistic technologies: concept and some applications 

3.  Natural Language Processing (NLP): concept and 
overview of different phases

Outline of this lecture

 
 

98

 



1. Information society

We live in the information age

• everybody produces and consumes information: radio,

TV, email, internet, phone, printed paper, etc.

• it is necessary to develop technologies to handle the

huge quantity of information that surrounds us

To develop the technologies, specialists in NLP are 

required
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Language and Information Society

In 1984, a politician of the European Union wrote:

“Language is a primary element of industrial production: a 

nuclear power plant represents 100,000 pages of technical 

documentation. A car, a telephone exchange, a computer are 

products whose production, repair, export require a significant 

effort of writing and technical translation that is very expensive”

Sociolinguistic aspect:

In 1985, the secretary of the Council of Europe declared: 
“Languages that are not industrialized will cease to be vehicular, to 

be languages of civilization".

Currently, those languages which are not digitalized and without presence 

in the web will not survive
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Languages and Information society

Bill Gates: language, especially spoken language, is not only the 

future of Windows, but the future of the computation in general

Carol Bartz: The revolution remains the same: the content, on any 

screen. People use multiple screens: the TV, the tablet, the mobile 

phones ... Our life goes from one screen to another. We have to make 

sure that Yahoo! transfers the correct information to any of these 

screens at the right time. My job is the content and to make it get to 

any place. The business is the content.
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From Information society to knowledge 
society

The passage from information to knowledge depends on 

linguistic systems in that the information is encoded.

Ideal search engine

Look for documents in any language that treat a given 

subject, select the most relevant ones, classify them 

according to such criteria and give me a summary of each 

one in my language

Linguistic technologies
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2. Linguistic Technologies

other terms: linguistic engineering, language industry (outdated)

 LT : consist of the application of the linguistic knowledge to the

development of computer systems which are able to recognize, analyze,

interpret and generate texts

 the result are machines that behave as if they understood the human

languages

 main goals

– to interact in a natural way with machines

– to find, select, summarize and present the information in the way 

the user wishes
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Linguistic Technologies

 different applications

– systems that allow the user to communicate with the computer

information retrieval, information extraction, question answering systems

– systems that allow the user to communicate  with other users in different 

languages:

machine translation, computer assisted language learning 

– systems of aid in linguistic tasks:

writing tools: spelling checkers, dictionaries, corpus, and everything merged in a single tool
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Main applications

i. Spell and grammar checkers 

ii. Voice recognition and speech synthesis

iii. Machine Translation

iv. Text generation 

v. Automatic Summarization

vi. Question answering systems

vii. Information Retrieval

viii. Information Extraction

ix. Computer assisted language learning (CALL)

x. Opinion Mining
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Quick look at  some applications

Spell and grammar checkers
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Quick look at  some applications

Speech synthesis
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Quick look at  some applications

Machine Translation (MT)
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Quick look at  some applications

rule-based Machine Translation (MT)
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Quick look at  some applications

rule-based Machine Translation (MT)

 

         Interlingua 
 

 

 

    Semantic            Semantic 

    Structure              Structure 

 

Semantic    Semantic Transfer           Semantic 

Analysis                                   Generation 
 

   Syntactic     Syntactic 

  Structure     Structure 
 

 

Syntactic    Syntactic Transfer   Syntactic 

Analysis                                   Generation 
 

     

                Word            Word  

   Structure         Structure 

       Direct 
 

Morphological           Morphological 

   Analysis         Generation 

 

 

 Source Text      Target Text 
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Quick look at  some applications

statistical Machine Translation (MT)

• Google 

https://www.youtube.com/watch?v=_GdSC1Z1Kzs

• Google translator

•https://translate.google.com/?hl=es
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Quick look at  some applications

Text Generation:

(t = 07; v = 0)

(t = 08; v = 2)

(t = 10; v = 54)

(t = 11; v = 94)

(t = 09; v = 11)

(t = 12; v = 103)

action: monitor

(unit: hour)

(time: 12)

(value: 103

(unit: mug/m3))

(substance: ozone)

(agent: SMC)

(location: V.Laietana)

measure

SMC

ozone

substance

1 2 1

2 mug/m3

1 103

…
…
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index

term 1

term 2

term 3

.....

term n

User’s query

Collection of 

documents

index

term1

term 2

term 3

.....

term n

Aplicaciones (10)
Extracción de Información

Information Retrieval
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Information Retrieval

USER

book

http://holmenpaper
.com

… sales of 

paperbacks have 

risen from 2 to 8 

million copies per 

annum since the 

1990s.

Index

sale

paperback
rise
copy

book
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Quick look at  some applications

Information extraction

Bagdad. (EP/AP).- At least six people were killed and 20 other 

injured in a suicide attack against an Iraqi Army recruiting center, 

according to the police brigadier Said Ahmed al-Jibori. He stated 

that the assailant, who carried the explosives under his clothes, 

detonated them while he was in the midst of job seekers in Tal 

Afar, 150 kilometers east of the Syrian border and 420 kilometers 

northwest of Baghdad.

 Search of keywords and partial parsing 

(event:  suicide attack

number of victims: 6 dead and 20 injured

place: Iraqi Army recruiting center in Tal Afar)
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Quick look at  some applications

Computer assisted language learning (CALL)
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Quick look at  some applications

Computer assisted language learning (CALL): dictionaries
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3. Natural language processing (NLP)

 natural languages: Spanish, Uzbek, Kajaz, English, …

 artificial languages: arithmetic

1)  23+45 = 68

2) *23 45 = 68 +

3)  *23+45 = 69

(1) is an expression syntactically correct and semantically true

(2) is syntactically wrong and has no truth value

(3) is syntactically correct, but semantically false 

 natural languages are “picky”:

 homework goes with the verb to do

 mistake goes with the verb to make

What is processed?  
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How is the processing?

Processing: acting on an object, handling it, 

transforming it or even creating it

PROCESSING

INPUT OUTPUTPROCESSING

TEXT
R(TEXT)

TEXT„

R(TEXT) PROCESSING TEXT
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How is the processing?

 texts are considered as objects that can be manipulated

 A text is described by a set of correspondence rules between meanings
and forms

language
{MEANINGi}=== {FORMj}| 0<i, j< ∞

 NLP requires

 linguistic knowledge formalized as rules or derived from huge quantity
of data

 program that operate on linguistic knowledge
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How is the processing?
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How is the processing?
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NLP, does it work?

Famous mistake in MT between English and Russian

The spirit is willing, but the flesh is weak (Mateo 26,41)

Russian Translation

Vodka deržitsja, no mjaso slabo

vodka is goodl but meat is spoiled
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NLP, does it work?
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Why does’nt it work? 
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Why? 

BECAUSE 

IT IS DIFFICULT
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3. Why is it so difficult? 

BECAUSE words have many 

meanings that depend on 

the context

The ball is in your court
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The ball is in your court
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BECAUSE words are 

combined in different ways 

and the meaning changes

Flying planes can be dangerous

I say an elephant with a telescope
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Flying planes can 

be dangerous
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I saw an elephant 

with a telescope
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BECAUSE words are translated 

differently depending on the 

context

hacer una 

llamada

make a phone 

call
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hacer una 

foto
take a 

picture
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Pervasive ambiguity

 Spelling:
Políticos Sudán. In Spanish “sudan”  is the third person in present of the verb “sudar” („sweat‟)

Los políticos no sudan – http://www.escolar.net/MT/archives/2005/08/los_politicos_n.html

 Tokenization:

[type_out]  vs. [type] [out]

 Part of speech:

[the] processNoun vs. [they] processV

 Sentence Structure:

I saw a man with a telescope

Word Meaning:

age = época | edad; by = cerca | por

 Pragmatics:

I would like a ticket to Barcelona
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M
O

R
P

H
O

L
O

G
Y

S
Y

N
T

A
X

Morphological 

analysis

Morfolo.

disambiguation

Partial syntactic

analysis 

Syntactic 

Analysis

Disambiguator

Chunker

Tagger

Definition of  Tagset

manually tagged Corpus 

Disambiguation rules

chunks grammar

Treebank

p
ro

c
e
ss

 c
h

a
in

Parser

Programs Linguistic Knowledge

Semantic

Interpretation
Semantic

Interpreter

Ontologies

Lexical Sources 
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A look at syntactic parsing
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Qui qui pt0cn000 qui pr0cn000

Summary

1. Natural languages can be the object of manipulation by 

computer programs

BUT

• Natural languages do not consist ONLY of a list of rules 

and a lexicon

• Natural languages are mechanisms of transmitting 

meanings and the meaning is slippery slope

2. Linguistic Technologies make our life easier

BUT

• if we want our languages are digitalized, we have to work 

hard to build tools and resources for them
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Text Corpora and Linguistic

Annotation

Marcos Garcia
marcos.garcia.gonzalez@udc.gal

grupolys.org/~marcos

LyS Group, UdC

grupolys.org
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Introduction Corpus Linguistics Some well known corpora Building a corpus Annotation Utilities References

Introduction

Objectives:

. Text corpora.

. Brief introduction to corpus linguistics.

. Types of corpora.

. Corpus design and annotation.

. Utilities: corpus linguistics and NLP.

1/30
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Introduction Corpus Linguistics Some well known corpora Building a corpus Annotation Utilities References

What is a corpus?

What is a corpus?

. Group of texts in a machine-readable format.

. For linguistic analysis.

. For natural language processing (NLP).

. For other purposes.

Text versus Speech corpora.

2/30

 
 

143
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What is a corpus?

What is a corpus?

. Group of texts in a machine-readable format.

. For linguistic analysis.

. For natural language processing (NLP).

. For other purposes.

Text versus Speech corpora.

2/30
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Introduction Corpus Linguistics Some well known corpora Building a corpus Annotation Utilities References

Corpus Linguistics: a brief introduction

Corpus linguistics (CL) as a methodology for language analysis.

. Allows linguists to observe real language data.

. Fast extraction of statistical information.

Early corpus linguistics:

. Many linguistic studies used corpora before the consolidation of CL.

. Käding, 1897: German corpus of 11 milion words.

. Studies in language acquisition and learning, pedadogy, etc.

3/30
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Corpus Linguistics: a brief introduction

Corpus linguistics (CL) as a methodology for language analysis.

. Allows linguists to observe real language data.

. Fast extraction of statistical information.

Early corpus linguistics:

. Many linguistic studies used corpora before the consolidation of CL.

. Käding, 1897: German corpus of 11 milion words.

. Studies in language acquisition and learning, pedadogy, etc.

3/30
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Introduction Corpus Linguistics Some well known corpora Building a corpus Annotation Utilities References

Generativism and Corpus Linguistics

Chomsky, 1957. Syntactic Structures.

Generative linguistics:

. Rationalism versus empiricism.

. Competence versus performance.

. Introspection versus data analysis.

Criticism agains corpus-based studies of language.

4/30
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Generativism and Corpus Linguistics

Chomsky, 1957. Syntactic Structures.

Generative linguistics:

. Rationalism versus empiricism.

. Competence versus performance.

. Introspection versus data analysis.

Criticism agains corpus-based studies of language.

4/30
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Introduction Corpus Linguistics Some well known corpora Building a corpus Annotation Utilities References

Generativism and Corpus Linguistics (II)

Corpus-driven studies started to reemerge after several years.

Generative linguists lowered their criticism against CL.

Growth of studies in CL both in UK and US (Quirk, Harris, Halliday,

Sinclair, etc.).

Emergence of personal computers allowed linguists to rapidly

obtain information from language data (corpora).

5/30
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Introduction Corpus Linguistics Some well known corpora Building a corpus Annotation Utilities References

Why?

Why using corpora for language analysis?

. Data tells us what is normal in real-life language use, tendencies of

change, etc.

. Corpora allows linguists to find rare cases (difficult to observe in

smaller texts).

. Computers count faster (and better) than humans.

6/30
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Introduction Corpus Linguistics Some well known corpora Building a corpus Annotation Utilities References

Types of corpora

Depending on the aims:

. General corpus: very large.

. Specialized:

- Geographical: only texts from Jamaica, etc.

- Chronological: e.g., 2000 to 2018.

- Genre: only fiction / only newspapers, technical, etc.

. Bilingual / Multilingual:

- Paralell versus comparable.

. Diachronic (historical) corpus.

. Learner corpus.

7/30
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Introduction Corpus Linguistics Some well known corpora Building a corpus Annotation Utilities References

Corpora (in English)

English:

. Brown corpus (American English): 1960. 500 samples, about 1

million words.

. LOB: Lancaster-Oslo/Bergen Corpus (British English): 1970s.

Designed to match the Brown corpus.

. PTB: Penn Treebank (1990s): Wall Street Journal (most), transcribed

speech. More than 4.5 million words.

. BNC: British National Corpus: 100 million words. Newspapers,

research, fiction books, etc. 10% transcribed speech.

8/30
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Introduction Corpus Linguistics Some well known corpora Building a corpus Annotation Utilities References

Corpora (in other languages)

Portuguese and Galician:

. CRPC (311M words), NILC (BP), CORGA (GAL, 36M words). . .

Spanish:

. CREA, CREA-oral, Corpus del Español de América. . .

Russian:

. Russian National Corpus (>600M words), GICR. . .

Kazakh:

. Kazakh-KTB (Universal Dependencies, 10k words).

9/30
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A few links

BNC: https://corpus.byu.edu/bnc/

Russian NC: http://www.ruscorpora.ru/en/

GICR: http://www.webcorpora.ru/en/

10/30
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Corpus design and construction

Criteria:

. Size: large body of text.

. Representativity: of a language / variety / epoch, etc.

(findings can be generalized to the variety)

. Balance: different text categories (to represent the selected variety).

. Sampling: select samples which reproduce the characteristics of the

population.

Format: machine-readable (e.g., .txt files).

Annotation: enriched with linguistic annotation.

11/30
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Example: raw text

One football pitch of forest lost every second in 2017, data reveals.

Global deforestation is on an upward trend, jeopardising efforts to tackle

climate change and the massive decline in wildlife.

The world lost more than one football pitch of forest every second in

2017, according to new data from a global satellite survey, adding up to

an area equivalent to the whole of Italy over the year.

12/30
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Example: headers and paragraphs

<head type=title>

One football pitch of forest lost every second in 2017, data reveals.

</head>

<head type=subtitle>

Global deforestation is on an upward trend, jeopardising efforts to tackle

climate change and the massive decline in wildlife.

</head>

<p>

The world lost more than one football pitch of forest every second in 2017,

according to new data from a global satellite survey, adding up to an area

equivalent to the whole of Italy over the year.

</p>

13/30
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Example: sentences

<head type=title>

<sent id=1>One football pitch of forest lost every second in 2017, data

reveals.</sent>

</head>

<head type=subtitle>

<sent id=2>Global deforestation is on an upward trend, jeopardising efforts to

tackle climate change and the massive decline in wildlife.</sent>

</head>

<p>

<sent id=3>The world lost more than one football pitch of forest every second

in 2017, according to new data from a global satellite survey, adding up to an

area equivalent to the whole of Italy over the year.</sent>

</p>

14/30
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Example: words and tokens

One football pitch of forest lost every second in 2017, data

reveals.

<head type=title>

<sent id=1><w>One</w> <w>football</w> <w>pitch</w>

<w>of</w> <w>forest</w> <w>lost</w> <w>every</w>

<w>second</w> <w>in</w> <w>2017</w> <pt>,</pt>

<w>data</w> <w>reveals</w> <pt>.</pt></sent>

</head>

15/30
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Example: words and tokens

One football pitch of forest lost every second in 2017, data

reveals.

<head type=title>

<sent id=1><w=DET>One</w> <w=NOUN>football</w>

<w=NOUN>pitch</w> <w=ADP>of</w> <w=NOUN>forest</w>

<w=VERB>lost</w> <w=DET>every</w> <w=NOUN>second</w>

<w=ADP>in</w> <w=NUM>2017</w> <pt>,</pt>

<w=NOUN>data</w> <w=VERB>reveals</w> <pt>.</pt></sent>

</head>

15/30
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Process

1. Design (aims, language/varieties, text typologies, size, etc.).

2. Compilation + permissions (important: legal issues!).

3. Sample selection + text capture.

4. Organization + markup.

5. Annotation (automatic? / manual?)

Internet corpus: BootCaT

(https://bootcat.dipintra.it/).

16/30
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Corpus annotation

Raw versus annotated corpora.

Layers:

. Metadata, headers, paragraphs.

. Tokens.

. Lemmas.

. Part-of-Speech tags.

. Morphological features.

. Syntactic analysis.

. . . .
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Format and annotation

Corpus format:

. SGML-XML format.

. CoNLL-like format.

Annotation guidelines and tagsets:

. EAGLES.

. Universal Dependencies.
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CoNLL

One football pitch of forest lost every second in 2017, data

reveals.

# text = One football pitch of forest lost every second in 2017, data reveals.

1 One

2 football

3 pitch

4 of

5 forest

6 lost

7 every

8 second

9 in

10 2017

11 ,

12 data

13 reveals

14 .
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CoNLL

One football pitch of forest lost every second in 2017, data

reveals.

# text = One football pitch of forest lost every second in 2017, data reveals.

1 One one NUM NumType=Card

2 football football NOUN Number=Sing

3 pitch pitch NOUN Number=Sing

4 of of ADP _

5 forest forest NOUN Number=Sing

6 lost lose VERB Tense=Past|VbForm=Part

7 every every DET _

8 second second NOUN Number=Sing

9 in in ADP _

10 2017 2017 NUM NumType=Card

11 , , PUNCT _

12 data data NOUN Number=Sing

13 reveals reveal VERB Tense=Pres

14 . . PUNCT _
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CoNLL

One football pitch of forest lost every second in 2017, data

reveals.

# text = One football pitch of forest lost every second in 2017, data reveals.

1 One one NUM NumType=Card 3 nummod

2 football football NOUN Number=Sing 3 compound

3 pitch pitch NOUN Number=Sing 6 nsubj

4 of of ADP _ 5 case

5 forest forest NOUN Number=Sing 3 nmod

6 lost lose VERB Tense=Past|VbForm=Part 0 root

7 every every DET _ 8 det

8 second second NOUN Number=Sing 6 nmod

9 in in ADP _ 10 case

10 2017 2017 NUM NumType=Card 6 obl

11 , , PUNCT _ 13 punct

12 data data NOUN Number=Sing 13 nsubj

13 reveals reveal VERB Tense=Pres 6 parataxis

14 . . PUNCT _ 13 punct
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Automatic/manual annotation and correction

Automatic annotation (NLP):

. Stanford CoreNLP.

. FreeLing.

. LinguaKit.

. UDPipe.

. NLTK.

. . . .

Correction (with/without automatic annotation):

. bart: http://brat.nlplab.org/

. WebAnno: https://webanno.github.io/webanno/

. atomic: http://corpus-tools.org/atomic/

. GATE: https://gate.ac.uk/

. . . and many others!
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Uses of language corpora

1. Linguistic analyses:

. Lexicon, syntax, phraseology, morphology, etc.

. Comparative studies.

2. Social / Cultural / Historical analyses.

3. Natural language processing:

. Evaluate the performance of NLP tools.

. Train NLP tools with annotated data.

23/30
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Corpus queries

Frequencies.

Concordances (KWIC).

Collocations.

Keyword extraction.

. . .

BNC: https://corpus.byu.edu/bnc/

LinguaKit: https://linguakit.com/en

24/30

 
 

174

 



Introduction Corpus Linguistics Some well known corpora Building a corpus Annotation Utilities References

Textbooks and dictionaries

Textbooks may include the most frequent (and useful) words (and

how to use them), instead of rare words which are less useful.

Learn how to use and combine already known words.

Dictionaries may include examples from real-life data as well as

collocational, phraseological, and other semantic information

extracted from corpora.

25/30
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Cultural and social analyses

Historical corpora can be useful to find cultural changes:

. Food (google ngrams).

. Technology (google ngrams).
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Annotated corpora for NLP: evaluation

Some NLP tasks:

. PoS-tagging.

. Lemmatization.

. Syntactic analysis.

NLP tools need to be evaluated in human-labeled corpus.

“The cat chases the mouses”.
1 The

the DET _ det

2 cat

cat NOUN Numb=Sing nsubj

3 chases

chase VERB Tense=Pres root

4 the

the DET _ det

5 mouses

mouse NOUN Numb=Plur obj
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Annotated corpora for NLP: evaluation

Some NLP tasks:

. PoS-tagging.

. Lemmatization.

. Syntactic analysis.

NLP tools need to be evaluated in human-labeled corpus.

“The cat chases the mouses”.
1 The

the DET _ det

2 cat

cat NOUN Numb=Sing nsubj

3 chases

chase VERB Tense=Pres root

4 the

the DET _ det

5 mouses

mouse NOUN Numb=Plur obj
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Annotated corpora for NLP: evaluation

Some NLP tasks:

. PoS-tagging.

. Lemmatization.

. Syntactic analysis.

NLP tools need to be evaluated in human-labeled corpus.

“The cat chases the mouses”.
1 The the

DET _ det

2 cat cat

NOUN Numb=Sing nsubj

3 chases chase

VERB Tense=Pres root

4 the the

DET _ det

5 mouses mouse

NOUN Numb=Plur obj
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Annotated corpora for NLP: evaluation

Some NLP tasks:

. PoS-tagging.

. Lemmatization.

. Syntactic analysis.

NLP tools need to be evaluated in human-labeled corpus.

“The cat chases the mouses”.
1 The the DET

_ det

2 cat cat NOUN

Numb=Sing nsubj

3 chases chase VERB

Tense=Pres root

4 the the DET

_ det

5 mouses mouse NOUN

Numb=Plur obj
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Annotated corpora for NLP: evaluation

Some NLP tasks:

. PoS-tagging.

. Lemmatization.

. Syntactic analysis.

NLP tools need to be evaluated in human-labeled corpus.

“The cat chases the mouses”.
1 The the DET _

det

2 cat cat NOUN Numb=Sing

nsubj

3 chases chase VERB Tense=Pres

root

4 the the DET _

det

5 mouses mouse NOUN Numb=Plur

obj
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Annotated corpora for NLP: evaluation

Some NLP tasks:

. PoS-tagging.

. Lemmatization.

. Syntactic analysis.

NLP tools need to be evaluated in human-labeled corpus.

“The cat chases the mouses”.
1 The the DET _ det

2 cat cat NOUN Numb=Sing nsubj

3 chases chase VERB Tense=Pres root

4 the the DET _ det

5 mouses mouse NOUN Numb=Plur obj
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Annotated corpora for NLP (II): learning

NLP tools:

. Symbolic (rule-based).

. Statistical (machine-learning).

. Hybrid.

Statistical and hybrid methods need corpora to learn linguistic

models.

Symbolic approaches can be designed after corpus analyses.
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Thanks! :-)

Questions?

 
 

186

 



Preprocessing and tokenization

Miguel A. Alonso

Departamento de Computación, Facultad de Informática, Universidade da Coruña
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Miguel A. Alonso (Departamento de Computación, Facultad de Informática, Universidade da Coruña )Preprocessing and tokenization 2 / 24

 
 

188

 



Introduction

Introduction

One of the most important previous tasks in a real NLP system NLP
is segmentation and preprocessing of texts

Frequently, this phase is ignored, which leads to errors that will affect
the performance of the entire system

The increasing application of NLP systems to real texts increses the
importance of these tasks. We must pay special attention to
robustness

Theses tasks are strongly dependent on:

Language
Application
Domain
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Introduction

General scheme

Input
Sentence

pretagging forms

Contracted

 Proper noun

Pronouns
Locutions

Proper noun
POS−tagger

splitting
Filtering Tokenization

Clitic
Numerals

training

Morphological

identification
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Filtering

Filtering

Conversion from other formats (HTML, PDF, MS Word, . . . ) to
plain text

Treatment of redundant separators existing in text (deleting multiple
spaces; spaces at the beginning of sentence; etc.)
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Tokenization

Tokenization

Identify and separate the tokens present in the text, so that each
individual word and each punctuation constitute a different token.

Consider:

abbreviations: etc.
acronyms: ACL, SIGIR
decimal numbers: 12.5
dates in numeric format: 12/10/1492

For this, a dictionary of abbreviations is used, as well as a series of
heuristic patterns and rules (regular expressions) for the detection
of these phenomena.
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Sentence splitting

Sentence splitting

Separate sentences at each period followed by a capital letter

Exceptions:

Abbreviations at the end of a sentence not followed by a period:
“I brought cheese, potatoes, etc. My friend brought chicken”
Question and admiration marks ending the sentence not followed by a
period: “When did you arrive? I did not see you comming in”
Use of ellipses as the end of the sentence:
“I hesitated... I was afraid”
Omitting the end of sentence after an acronym:
“She works at X.Y.Z. She earns a lot of money”

Exceptions to exceptions:

Special abbreviations such as those used in formal treatment, postal
addresses, etc., which are usually accompanied by a capital letter:
Mr. Alonso y Avda. Fernández Latorre
Abbreviations in proper names: Miguel A. Alonso
Ellipsis to introduce nuances of intrigue or hesitation:
“She gave me... a gift”
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Sentence splitting

Sentence splitting

Two lexicons: one of abbreviations and one of acronyms

Heuristic patterns and rules that allow each case to be identified and
solve it properly

The reliability of the rules is dependent on the style and domain of
documents

Miguel A. Alonso (Departamento de Computación, Facultad de Informática, Universidade da Coruña )Preprocessing and tokenization 8 / 24
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Morphological pre-tagging

Morphological pre-tagging

To tag those elements whose tag can be deduced from the
morphology of the word, without another more reliable way of doing it

Heuristic patterns and rules

Examples:

Numbers and percentages are labeled as Number
The label Date is assigned to dates in formats such as 7/4/82, 7 April
1982 or April 7, 1982
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Contracted forms

Contracted forms

Unfold a contraction into its components, tagging each of them

An external lexicon specifies how we should be break down those
contractions

Example: the output corresponding to the Spanish contraction del is:

de [X de]

+el [DAMS el]
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Clitic pronouns

Clitic pronouns

Separate the verb from its pronouns, tagging each of the parts

A major problem in languages such as Spanish and Galician

It is required:

A lexicon with as many verb forms as possible.
A lexicon with verbal roots that can carry enclitic pronouns
A list of valid clitic pronoun combinations
A list of all possible clitic pronouns, along with their corresponding tags
and lemmas
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Clitic pronouns

Clitic pronouns: an example in Spanish

The word cógeselo is decomposed into:

cóge [V2SRM coger]

+se [PY3P le] [PY3P se] [PY3S le] [PY3S se]

+lo [PY3S lo]

where:

coge: verbal form of the second person of the singular of the
imperative of coger (to take)

+se: personal pronoun of the third person, with four possible
tag/lemma pairs depending on whether it is from le or se, or in a
singular or plural form (it/them)

+lo: personal pronoun of the third person singular (to him)
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Locutions

Locutions (adverbial phrases, ...)

Concatenate the tokens that make up a locution and tag them as a
joint unit

Two lexicons of locutions:

one of locutions that are known for sure that they are always locutions:
en vez de (instead of)
a lexicon with dubious locutions: sin embargo (however) can be a single
adverb or the preposition sin (without) and the noun embargo (seizure)

A dubious locution leads to ambiguous segmentation
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Proper nouns

Proper nouns

One of the most complex preprocessing tasks

It is unfeasible to have a lexicon with all possible names of people,
places and entities

We must provide the system with the ability to learn proper names
that appear in documents:

1 Training phase: the system learns the unambiguous proper names
contained in the documents

2 Identification phase

Miguel A. Alonso (Departamento de Computación, Facultad de Informática, Universidade da Coruña )Preprocessing and tokenization 14 / 24
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Proper nouns Training proper nouns

Training proper nouns

Identification of new proper names located in unambiguous positions
of the text: words located in positions where the use of capital letters
unambiguously indicates that it is a proper name (in particular:
uppercase words located immediately after a period are NOT
considered unambiguous)

Words identified in this phase result in the learned lexicon of proper
names
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Proper nouns Training proper nouns

Training complex proper nouns

Uppercase word sequences interconnected with valid links (certain
prepositions and determinants)

Issue: it cannot be determined with certainty whether we are in the
presence of a unique proper name or in the presence of a sequence of
proper names, so all possibilities must be considered

Example: the sequence High Council of Chambers of Commerce
generates the following valid proper names:

High&Council&of&Chambers&of&Commerce

High&Council&de&Chambers

High&Council

Council&of&Chambers&of&Commerce

Council&of&Chambers

Chambers&of&Commerce

Alternative approach: identification and extraction of proper names
based on machine learning or rules automatically generated from
pre-existing labeled corpora (information extraction approach)
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Proper nouns Identification of proper nouns

Identification of proper nouns

Input:

learned lexicon of proper nouns
external lexicon of proper nouns

Output:
proper names of the text, both simple and complex, and both in
unambiguous and ambiguous positions.

Miguel A. Alonso (Departamento de Computación, Facultad de Informática, Universidade da Coruña )Preprocessing and tokenization 17 / 24

 
 

203

 



Proper nouns Identification of proper nouns

Process

Non-ambiguous positions:

Detects the scope of the proper name (valid sequences that start and
end with a capitalized word)
If such scope or a subsequence of it is found in the external lexicon, it
is tagged with the corresponding lexicon tag
If there is no subsequence in the external dictionary, it is tagged as its
own name without specifying the gender

Ambiguous positions:

Detects the scope of the proper name
If such a scope or a subsequence of it is in the external lexicon, it is
assigned the corresponding tag
If there is no such subsequence in the external lexicon, but it is found
in the learned lexicon of proper names, it is tagged as its own name
without specifying the gender
If there is no subsequence in any of the lexicons, no tag is assigned.
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Proper nouns Identification of proper nouns

Example in Spanish

The proper noun Javier Pérez del Ŕıo appears in the text (Note that
ŕıo (river) is also a common noun)

In the training phase, only Pérez del Ŕıo have appear in a
non-ambiguous position

Javier is found in the external lexicon as a proper noun, masculine
singular

Result: the whole name is tagged as a proper noun, masculine singular
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Numerals

Numerals

Identification of compound numeral using heuristic rules

Before the appearance of a compound numeral, its components are
concatenated in the same way as a phrase, producing a single token

For example, the numeral two hundred and fifty:

two&hundred&and&fifty [DCFP two&hundred&and&fifty]
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Examples

Example of segmenting clitic pronouns

The segmentation of Ténselo is ambiguous:

Verbal form tense (to pull) and the pronoun lo (it)

Verbal form ten (to have) and two pronouns se (it) and lo (to him)

<alternative>

<alternative1>

ténse [V2SRM tensar]

+lo [PY3S lo]

</alternative1>

<alternative2>

tén [V2SRM tener]

+se [PY3P le] [PY3P se] [PY3S le] [PY3S se]

+lo [PY3S lo]

</alternative2>

</alternative>
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Examples

Example of dubious locutions

In Galician, the expression polo tanto is highly ambiguous:

Noun+Adverb (chicken so much): Coméche-lo polo tanto, que non
quedaron nin os osos

Preposition+Determiner+Noun (by the goal): Gañaron o partido
polo tanto da estrela

Verb+Pronoun+Adverb (put it both): Pois agora polo tanto ti
coma el

Adverbial phrase (thus): Estou enfermo, polo tanto quédome na
casa
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Examples

<alternative>

<alternative1>

polo [Scms polo]

tanto

</alternative1>

<alternative2>

por [P por]

+o [Ddms o]

tanto

</alternative2>

<alternative3>

po [Vpi2s0 pór] [Vpi2s0 po~ner]

+o [Raa3ms o]

tanto

</alternative3>

<alternative4>

por&+o&tanto

</alternative4>

</alternative>
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Examples

End
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Internal architecture of Brill tagger

Brill tagger is based on error-driven, transformation-based learning

It consisst of:

Lexical tagger

Unknown-words tagger

Contextual tagger
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Lexical tagger

Outline

1 Lexical tagger

2 Unknown words tagger

3 Contextual tagger

4 Error-driven, transformation based, learning

5 Considerations on efficiency
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Lexical tagger

Lexical tagger

Each word is initially tagged with its most likely tag

The context in which it appears is not taken into account

Unknown words:

proper noun if the first letter is uppercase
otherwise, common noun
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Unknown words tagger

Outline

1 Lexical tagger

2 Unknown words tagger

3 Contextual tagger

4 Error-driven, transformation based, learning

5 Considerations on efficiency
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Unknown words tagger

Unknown words tagger

Try to guess a tag for a unknown word as a function of its suffix, its prefix,
and other relevant similar properties

Each transformation consists of two parts:

a description of the application context

a rewrite rule that replaces one tag with another
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Unknown words tagger

Generic template of lexical transformations

A and B are variables over the set of all the tags

x is any string of length 1, 2, 3 or 4

l is the length of such a string

w is any word

z is any character
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Unknown words tagger

General template of lexical transformations

x haspref l A: if the first l characters are x, the tag is set to A

A x fhaspref l B: if the current tag is A and its first l characters are x, the tag is
changed to B

x deletepref l A: if erasing the prefix x of length l we get a known word, the tag is set
to A

A x fdeletepref l B: if the current tag is A and erasing the prefix x of length l we get
a known word, the tag is changed to B

x addpref l A: if adding the prefix x of length l we get a known word, the tag is set to A

A x faddpref l B: if the current tag is A adding the prefix x of length l we get a known
word, the tag is changed to B

x hassuf l A: if the last l characters are x, the tag is set to A

A x fhassuf l B: if the current tag is A and its last l characters are x, the tag is
changed to B

x deletesuf l A: if erasing the suffix x of length l we get a known word, the tag is set
to A

A x fdeletesuf l B: if the current tag is A and erasing the suffix x of length l we get a
known word, the tag is changed to B

x addsuf l A: if adding the suffix x of length l we get a known word, the tag is set to A

A x faddsuf l B: if the current tag is A adding the suffix x of length l we get a known
word, the tag is changed to B
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Unknown words tagger

General template of lexical transformations

w goodright A: if it appears inmediatly to the right of word w, the tag is set to A

A w fgoodright B: if the current tag is A and it appears inmediatly to the right of word
w, the tag is changed to B

w goodleft A: if it appears inmediatly to the left of word w, the tag is set to A

A w fgoodleft B: if the current tag is A and it appears inmediatly to the left of word w,
the tag is changed to B

z char A: if it contanins the character z, the tag is set to A

A z fchar B: if the current tag is A and it contains the character z, the tag is changed to
B
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Unknown words tagger

Examples in Spanish

rse hassuf 3 V000f0PE1: if the last 3 characters are rse, the tag is set to V000f0PE1

(infinitive verb with enclitic pronoun)

r hassuf 1 V000f0: if the last character is r, the tag is set to V000f0 (infinitive verb)

V000f0 or fhassuf 2 Scms: if the current tag is V000f0 (infinitive verb) and the last 2
characters are or, the tag is changed to Scms (common noun, masculine, singular)

rı́a deletesuf 3 Vysci0: if erasing the suffix rı́a of length 3 we get a known word, the
tag is set to Vysci0 (verb, first and third person, singular, postoperative of indicative)

textttScfs r faddsuf 1 V3spi0: if the current tag is Scfs (common noun, feminine,
singular) and adding the suffix r of length 1 we get a known word, the tag is changed to
V3spi0 (verb, third person, present of indicative)
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Unknown words tagger

Examples in Spanish

el goodright Scms: it it appears inmediatly to the word el, the tag is set to Scms

(common noun, masculine, singular)

Scmp las fgoodright Scfp: if the current tag is Scmp (common noun, masculine, plural)
and the word appears inmediatly to the right of the word las, the tag is changed to Scfp

(common noun, feminine, plural)

% goodleft Ncyyp: if it appears inmediatly to the left of %, the tag is set to Ncyyp

(numeral)

w char Ze00: if the character w appears in the word, the tag is set to Ze00 (foreign word)

Issue: there is a limit of 4 character in the length of prefixed and suffixes of the rules
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Contextual tagger

Outline

1 Lexical tagger

2 Unknown words tagger

3 Contextual tagger

4 Error-driven, transformation based, learning

5 Considerations on efficiency
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Contextual tagger

Contextual tagger

The contextual tagger proceeds just after the tagger of unknown
words

It applies, in order, a sequence of contextual rules that have been
learned automatically from the training corpus

A, B, C and D are variables on the set of all tags
w and x are words
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Contextual tagger

General template of contextual transformations

A B prevtag C: change the tag A to B if the previous word is tagged as C

A B prev1or2tag C: change the tag A to B if one of the two previous words is tagged as C

A B prev1or2or3tag C: change the tag A to B if one of the three previous words is
tagged as C

A B prev2tag C: change the tag A to B if the previous second word is tagged as C

A B nexttag C: change the tag A to B if the next word is tagged as C

A B next1or2tag C: change the tag A to B if one of the two following words is tagged as C

A B next1or2or3tag C: change the tag A to B if one of the three following words is
tagged as C

A B next2tag C: change the tag A to B if the following second word is tagged as C

A B prevbigram C D: change the tag A to B if the previous word is tagged as C and the
previous second word as D

A B nextbigram C D: change the tag A to B if the next word is tagged as C and the
following second word as D

A B surroundtag C D: change the tag A to B if the previous word ias tagged as C and the
following one as D
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Contextual tagger

General template of contextual transformations

A B curwd w: change the tag A to B if the current word is w

A B prevwd w: change the tag A to B if the previous word is w

A B prev1or2wd w: change the tag A to B if one of the two previous words is w

A B prev2wd w: change the tag A to B if the previous second word is w

A B nextwd w: change the tag A to B if the next word isw

A B next1or2wd w: change the tag A to B if one of the two following words is w

A B next2wd w: change the tag A to B if the following second word is w

A B lbigram w x: change the tag A to B if the two previous words are w and x

A B rbigram w x: change the tag A to B if the two following words are w and x

A B wdand2bfr x w: change the tag A to B if the current word is w and the previous
second word is x

A B wdand2aft w x: change the tag A to B if the current word is w and the following
second word is x

A B wdprevtag C w: change the tag A to B if the current word is w and the previous word
is tagged as C

A B wdnexttag w C: change the tag A to B if the current word is w and the next word is
tagged as C

A B wdand2tagbfr C w: change the tag A to B if the current word is w and the previous
second word is tagged as C

A B wdand2tagaft w C: change the tag A to B if the current word is w and the following
second word is tagged as C
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Contextual tagger

Rule contexts

*
*
*
*
*
*
*
*

*
*
*
*
*
*
*
*
*
*
*
*

*

*

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22

i-3 i-2 i-1 i i+1 i+2 i+3

∗= word to be tagged; boxes = tags; shadow boxes = words
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Contextual tagger

Examples in Spanish

Afp0 Amp0 prevtag Scmp: change the tag Afp0 (adjective, feminine,
plural) to Amp0 (adjective, masculine, plural) if the previous word is tagged
as Scmp (common noun, masculine, plural)

Scms Ams0 wdprevtag Scms receptor: change the tag Scms (common
noun, masculine, singular) to Ams0 (adjective, masculine, singular) if the
curent word is receptor and the previous word is tagged as Scms

Scms Ams0 wdand2bfr el transmisor: change the tag Scms (common
noun, masculine, singular) to Ams0 (adjective, masculine, singular) if the
current word is transmisor and the previous second word is el

P Scms nexttag P: change the tag P (preposition) to Scms (common
noun, masculine, singular) if the next word is tagged as P
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Error-driven, transformation based, learning

Outline

1 Lexical tagger

2 Unknown words tagger

3 Contextual tagger

4 Error-driven, transformation based, learning

5 Considerations on efficiency
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Error-driven, transformation based, learning

Error-driven, transformation based, learning

1 A portion of untagged text is taken

2 It goes through the tagging phase or phases

3 The output is compared to the correctly tagged text, and a list is
generated of tagging errors with their corresponding counters.

4 For each error, determine which instance of the generic template of
rules produces the greatest error reduction.

5 The rule is applied, the new error set is computed, and the process is
repeated until error reduction falls below a given threshold.
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Error-driven, transformation based, learning

Untagged
text tagger

Initial Tagged
text

Rules
generator

Rules

Gold
standard
corpus
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Considerations on efficiency

Outline

1 Lexical tagger

2 Unknown words tagger

3 Contextual tagger

4 Error-driven, transformation based, learning

5 Considerations on efficiency
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Considerations on efficiency

Efficiency considerations

Brill tagger is considerably slower than taggers based on probabilistic
models, both in the training and labeling phases

Reason: the interaction between the rules, so that the algorithm may
perform unnecessary computations

Brill tagger could need to perform RKn elemental steps elementals to
tag a sentence of n words, with R applicable rules in a context of up
to K words.
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Considerations on efficiency

Example of rule interaction

Tags (Brown corpus):

VBN: verb, past participle
VBD: verb, past tense
NP: proper noun
BEDZ: the word was

BY: the word by

PPS: nominative pronoun, third person, singular

VBN are VBD are the most likely tags for words killed and shot,
respectively
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Considerations on efficiency

Example of rules interaction

After the lexical tagger:

(1) Chapman/NP killed/VBN John/NP Lennon/NP

(2) John/NP Lennon/NP was/BEDZ shot/VBD by/BY Chapman/NP

(3) He/PPS witnessed/VBD Lennon/NP killed/VBN by/BY Chapman/NP

Errors:

in (1) killed wrongly tagges as past participle

in (2) shot wrongly tagged as past tense
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Considerations on efficiency

Example of rules interaction

The contextual tagger applies the rules:

VBN VBD prevtag NP (change the tag VBN to VBD if previous tag is NP)

VBD VBN nexttag BY (change VBD to VBN if next tag is BY)

After applying the first rule the word killed in sentences (1) and (3)
change its tag from VBN to VBD:

(4) Chapman/NP killed/VBD John/NP Lennon/NP

(5) John/NP Lennon/NP was/BEDZ shot/VBD by/BY Chapman/NP

(6) He/PPS witnessed/VBD Lennon/NP killed/VBD by/BY Chapman/NP
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Considerations on efficiency

Example of rules interaction

After applying the second rule:

the word shot in sentence (5) change its tag from VBD to VBN

the word killed in sentence (6) change its tag from VBD to VBN again

(7) Chapman/NP killed/VBD John/NP Lennon/NP

(8) John/NP Lennon/NP was/BEDZ shot/VBN by/BY Chapman/NP

(9) He/PPS witnessed/VBD Lennon/NP killed/VBN by/BY Chapman/NP
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Considerations on efficiency

End of presentation
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Hidden Markov Models for PoS tagging

Miguel A. Alonso
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Andréi Andréyevich Márkov (14 June 1856–20 July 1922)
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Discrete-time Markov chain

Outline

1 Discrete-time Markov chain
Markov chain
Hidden Markov Model (HMM)

2 Elements of a HMM

3 Computing the probability of a sentence
Forward algorithm
Backward algorithm

4 Computing the most probable sequence of states
Viterbi algorithm

5 Parameter estimation
smoothing

6 Unknown words
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Discrete-time Markov chain Markov chain

Markov chain

states Q = {1, 2, . . . ,N}, time instants t = 1, 2, . . . ,T

a11 a21 a32 a33

a51 a34
a45

a54 a44a55

a13

a22

a35a41

1

2

3

45
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Discrete-time Markov chain Markov chain

Example of Markov chain

A = {aij} =




0, 4 0, 3 0, 3
0, 2 0, 6 0, 2
0, 1 0, 1 0, 8




πi =
1

3
, 1 ≤ i ≤ 3

1 2

3

0,4

0,2

0,8

0,3

0,3

0,1

0,2

0,1

0,6
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Discrete-time Markov chain Markov chain

Properties

Limited horizon

A Markov chain of order n uses the n previous states to predict the next
one

P(qt = j |qt−1 = i1, qt−2 = i2, . . . , qt−n = in)

In a Markov chain of order 1, n = 1:

P(qt = j |qt−1 = i)

Miguel A. Alonso (Departamento de Computación, Facultad de Informática, Universidade da Coruña )Hidden Markov Models for PoS tagging 6 / 43

 
 

244

 



Discrete-time Markov chain Markov chain

Properties

Property of time invariant (stationary)

P(qt = j |qt−1 = i) is independent of time. A matrix A = {aij} of
transition probabilities independent of time:

aij = P(qt = j |qt−1 = i) = P(j |i), 1 ≤ i , j ≤ N,

aij ≥ 0, ∀i , j ,
N∑

j=1

aij = 1, ∀i .

Vector π = {πi} with the probability of being an initial state:

πi = P(q1 = i), πi ≥ 0, 1 ≤ i ≤ N,

N∑

i=1

πi = 1.
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Discrete-time Markov chain Markov chain

Probability of a sequence

P(o1, o2, . . . , oT ) = πo1

T−1∏

t=1

aotot+1

= P(q1 = o1)P(q2 = o2|q1 = o1)P(q3 = o3|q2 = o2) . . .P(qT = oT |qT−1 = oT−1)

In the example, the probability of a sequence of states
cloudy-sunny-cloudy-rainy (2, 3, 2, 1):

P(2, 3, 2, 1) = P(2)P(3|2)P(2|3)P(1|2)

= π2 × a23 × a32 × a21

=
1

3
× 0, 2× 0, 1× 0, 2

= 0, 00133333.
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Discrete-time Markov chain Hidden Markov Model (HMM)

Hidden Markov Model (HMM)

In a Markov chain, each state corresponds in a deterministic way with
a single observable event.

In a HMM a observation is a probabilistic function of the state.

HMM is a doubly stochastic model, since one of the processes can
not be observed directly (it is hidden), but can only be observed
through another set of stochastic processes, which produce the
sequence of observations.
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Discrete-time Markov chain Hidden Markov Model (HMM)

HMM example 1

cafe 0,3cafe 0,3

cafe 0,2

home 0,6

walk 0,1

home 0,2

walk 0,5

walk 0,7

home 0,1

1 2

3

0,4

0,2

0,8

0,3

0,3

0,1

0,2

0,1

0,6
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Discrete-time Markov chain Hidden Markov Model (HMM)

HMM example 2

Box 1 Box 2 Box 3 Box N
P(color 1) = b11 P(color 1) = b21 P(color 1) = b31 . . . P(color 1) = bN1

P(color 2) = b12 P(color 2) = b22 P(color 2) = b32 . . . P(color 2) = bN2

P(color 3) = b13 P(color 3) = b23 P(color 3) = b33 . . . P(color 3) = bN3

...
...

...
...

P(color M) = b1M P(color M) = b2M P(color M) = b3M . . . P(color M) = bNM
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Discrete-time Markov chain Hidden Markov Model (HMM)

How is it related to PoS tagging?

boxes = tags

balls = words

sequence of balls = sentence
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Elements of a HMM

Outline

1 Discrete-time Markov chain
Markov chain
Hidden Markov Model (HMM)

2 Elements of a HMM

3 Computing the probability of a sentence
Forward algorithm
Backward algorithm

4 Computing the most probable sequence of states
Viterbi algorithm

5 Parameter estimation
smoothing

6 Unknown words
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Elements of a HMM

H = (π,A,B)

Q is the set of states {1, 2, . . . ,N}.
(N = size of the tagset)

Current state at time t is qt .
(time instant = positions of words).

V is the set of observable events {v1, v2, . . . , vM}.
(M= size of lexicon; each vk is a unique word).
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Elements of a HMM

H = (π,A,B)

π = {πi}, initial states probabilities

πi = P(q1 = i), πi ≥ 0, 1 ≤ i ≤ N

N∑

i=1

πi = 1.

A = {aij}, transition probabilities

aij = P(qt = j |qt−1 = i) = P(j |i), 1 ≤ i , j ≤ N, 1 ≤ t ≤ T

N∑

j=1

aij = 1, ∀i .
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Elements of a HMM

H = (π,A,B)

B = {bj(vk)}, emision probabilities, i.e. emission parameter for an
observation (word) vj associated with state (tag) j

bj(vk) = P(ot = vk |qt = j) = P(vk |j),

bj(vk) ≥ 0, 1 ≤ j ≤ N, 1 ≤ k ≤ M, 1 ≤ t ≤ T

M∑

k=1

bj(vk) = 1, ∀j
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Elements of a HMM

HMM algorithms

Given O = (o1, o2, . . . , oT ) and µ = (π,A,B)
How to compute n P(O|µ) in an efficient way?
(the probability of the sentence O given the model µ)

Given O = (o1, o2, . . . , oT ) and µ = (π,A,B)
How to determine the most likely sequence of states
S = (q1, q2, . . . , qT )?
(the most likely sequence of tags for a sentence)

Given O = (o1, o2, . . . , oT )
How to estimate the model µ that best explains P(O|µ)?
(the PoS tagging model for a given genre of texts)
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Computing the probability of a sentence

Outline

1 Discrete-time Markov chain
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Computing the probability of a sentence

Inefficient solution for P(O|µ)

Input: O = (o1, o2, . . . , oT ) y µ = (π,A,B)

List all possible sequences of states of length T
The exist NT different sequences S = (q1, q2, . . . , qT )

P(S |µ) = πq1 aq1q2 aq2q3 . . . aqT−1qT

P(O|S , µ) =
T∏

t=1

P(ot |qt , µ) = bq1(o1) bq2(o2) . . . bqT (oT )

P(O, S |µ) = P(S |µ)P(O|S , µ)

P(O|µ) =
∑

S

P(S |µ)P(O|S , µ)

Inefficiency: (2T − 1)NT multiplications y NT − 1 additions
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Computing the probability of a sentence Forward algorithm

Forward algorithm

αt(i) = P(o1, o2, . . . , ot , qt = i |µ),

1 Initialization:

α1(i) = πi bi (o1), 1 ≤ i ≤ N.

2 Recurrency:

αt+1(j) =

[
N∑

i=1

αt(i) aij

]
bj(ot+1), t = 1, 2, . . . ,T −1, 1 ≤ j ≤ N.

3 Termination:

P(O|µ) =
N∑

i=1

αT (i).

Efficiency: O(N2T ) operations
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Computing the probability of a sentence Forward algorithm

(a) Detail of the sequence of operations necessary for computing αt+1(j)

(b) Trellis de T observations (words) and N states (tags)

α t (i) α t+1 (j)

oTo3

t t+1

a1j

a2j

a3j

N

3

2

1

j

aNj

ot+1

bj(ot+1)

1

2

3

N

o1 o2

(a) (b)

1 2 3 T
Time

Observations

St
at

es
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Computing the probability of a sentence Backward algorithm

Backward algorithm

βt(i) = P(ot+1, ot+2, . . . , oT |qt = i , µ),

1 Initialization:
βT (i) = 1, 1 ≤ i ≤ N

2 Recurrency:

βt(i) =
N∑

j=1

aij βt+1(j) bj(ot+1), t = T −1,T −2, . . . , 1, 1 ≤ i ≤ N

3 Termination:

P(O|µ) =
N∑

i=1

β1(i)πi bi (o1)

Efficiency: O(N2T ) operations
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Computing the probability of a sentence Backward algorithm

Detail of the sequence of operations necessary for computing βt+1(j)

(i) (j)β β

i

N

3

2

1

t+1t

aiN

ai3

ai2

ai1

ot+1

b1(ot+1)

b2(ot+1)

b3(ot+1)

bN(ot+1)

t t+1
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Computing the most probable sequence of states

Outline
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Computing the most probable sequence of states

Ineffective solution for P(S |O, µ)

Selecting individually the most likely states (tags) for each time
instant (sentence position)

γt(i) = P(qt = i |O, µ)

=
P(qt = i ,O|µ)

P(O|µ) =
P(qt = i ,O|µ)

N∑

j=1

P(qt = j ,O|µ)
=

αt(i)βt(i)
N∑

j=1

αt(j)βt(j)

Reconstructions of the most likely sequence:

q∗t = arg max
1≤i≤N

[γt(i)], 1 ≤ t ≤ T

Inconsistency: it may happen that two states (tags) i and j appears
contiguously in the most likely sequence although aij = 0
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Computing the most probable sequence of states Viterbi algorithm

Efficient solution for P(S |O, µ): Viterbi algorithm

δt(i) = max
q1,q2,...,qt−1

P(q1, q2, . . . , qt−1, qt = i , o1, o2, . . . , ot |µ),

δt(i) stores the probability of the best path ending in the state i , taking
into account the t first observations

δt+1(j) =

[
max
1≤i≤N

δt(i) aij

]
bj(ot+1)

The sequence of states is constructed through a trace, which is stored in
the variables ψt(j), which recalls the argument that maximized this
equation for each instant t and for each state j .
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Computing the most probable sequence of states Viterbi algorithm

1 Inicialization:

δ1(i) = πi bi (o1), 1 ≤ i ≤ N.

2 Recurrency:

δt+1(j) =

[
max
1≤i≤N

δt(i) aij

]
bj(ot+1), t = 1, 2, . . . ,T−1, 1 ≤ j ≤ N.

ψt+1(j) = arg max
1≤i≤N

δt(i) aij , t = 1, 2, . . . ,T − 1, 1 ≤ j ≤ N.

3 Termination:
q∗T = arg max

1≤i≤N
δT (i).

4 Backward construction of the sequence of states:

q∗t = ψt+1(q
∗
t+1), t = T − 1,T − 2, . . . , 1.
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Computing the most probable sequence of states Viterbi algorithm

1

2

3

v1 v1 v1 v1 v2 v1 v2

2 3 4 5 6 7 81

v2

Time (sentence positions)

Observations (words)

St
at

es
 (

ta
gs

)
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Computing the most probable sequence of states Viterbi algorithm

Operating example of the Viterbi algorithm

Given the model µ = (π,A,B) with Q = {1, 2, 3}, V = {v1, v2},

π =




0, 25
0, 50
0, 25


 A =




0, 25 0, 25 0, 50
0 0, 25 0, 75

0, 50 0, 50 0


 B =




0, 50 0, 50
0, 25 0, 75
0, 75 0, 25




the calculations to find the most probable sequence of states given the
observation O = (v1, v1, v1, v1, v2, v2, v1, v2) of length T = 8 are the
following ones:

δ1(1) = π1 b1(v1) = (0, 25)(0, 50)
δ1(2) = π2 b2(v1) = (0, 50)(0, 25)
δ1(3) = π3 b3(v1) = (0, 25)(0, 75)

inally q∗8 = 2 and the backward construction of the sequence of states
gives as a result S = (2, 3, 1, 3, 2, 2, 3, 2)
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Computing the most probable sequence of states Viterbi algorithm

Operating example of the Viterbi algorithm

Given the model µ = (π,A,B) with Q = {1, 2, 3}, V = {v1, v2},

π =




0, 25
0, 50
0, 25


 A =




0, 25 0, 25 0, 50
0 0, 25 0, 75

0, 50 0, 50 0


 B =




0, 50 0, 50
0, 25 0, 75
0, 75 0, 25




the calculations to find the most probable sequence of states given the
observation O = (v1, v1, v1, v1, v2, v2, v1, v2) of length T = 8 are the
following ones:

δ2(1) = max [δ1(1) a11, δ1(2) a21, δ1(3) a31] b1(v1) = (0, 25) (0, 50)2 (0, 75) ψ2(1) = 3

δ2(2) = max [δ1(1) a12, δ1(2) a22, δ1(3) a32] b2(v1) = (0, 25)2 (0, 50) (0, 75) ψ2(2) = 3

δ2(3) = max [δ1(1) a13, δ1(2) a23, δ1(3) a33] b3(v1) = (0, 25) (0, 50) (0, 75)2 ψ2(3) = 2

inally q∗8 = 2 and the backward construction of the sequence of states
gives as a result S = (2, 3, 1, 3, 2, 2, 3, 2)
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Computing the most probable sequence of states Viterbi algorithm

Operating example of the Viterbi algorithm

Given the model µ = (π,A,B) with Q = {1, 2, 3}, V = {v1, v2},

π =




0, 25
0, 50
0, 25


 A =




0, 25 0, 25 0, 50
0 0, 25 0, 75

0, 50 0, 50 0


 B =




0, 50 0, 50
0, 25 0, 75
0, 75 0, 25




the calculations to find the most probable sequence of states given the
observation O = (v1, v1, v1, v1, v2, v2, v1, v2) of length T = 8 are the
following ones:

δ3(1) = max [δ2(1) a11, δ2(2) a21, δ2(3) a31] b1(v1) = (0, 25) (0, 50)3 (0, 75)2 ψ3(1) = 3

δ3(2) = max [δ2(1) a12, δ2(2) a22, δ2(3) a32] b2(v1) = (0, 25)2 (0, 50)2 (0, 75)2 ψ3(2) = 3

δ3(3) = max [δ2(1) a13, δ2(2) a23, δ2(3) a33] b3(v1) = (0, 25) (0, 50)3 (0, 75)2 ψ3(3) = 1

inally q∗8 = 2 and the backward construction of the sequence of states
gives as a result S = (2, 3, 1, 3, 2, 2, 3, 2)
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Computing the most probable sequence of states Viterbi algorithm

Operating example of the Viterbi algorithm

Given the model µ = (π,A,B) with Q = {1, 2, 3}, V = {v1, v2},

π =




0, 25
0, 50
0, 25


 A =




0, 25 0, 25 0, 50
0 0, 25 0, 75

0, 50 0, 50 0


 B =




0, 50 0, 50
0, 25 0, 75
0, 75 0, 25




the calculations to find the most probable sequence of states given the
observation O = (v1, v1, v1, v1, v2, v2, v1, v2) of length T = 8 are the
following ones:

δ4(1) = max [δ3(1) a11, δ3(2) a21, δ3(3) a31] b1(v1) = (0, 25) (0, 50)5 (0, 75)2 ψ4(1) = 3

δ4(2) = max [δ3(1) a12, δ3(2) a22, δ3(3) a32] b2(v1) = (0, 25)2 (0, 50)4 (0, 75)2 ψ4(2) = 3

δ4(3) = max [δ3(1) a13, δ3(2) a23, δ3(3) a33] b3(v1) = (0, 25) (0, 50)4 (0, 75)3 ψ4(3) = 1

inally q∗8 = 2 and the backward construction of the sequence of states
gives as a result S = (2, 3, 1, 3, 2, 2, 3, 2)
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Computing the most probable sequence of states Viterbi algorithm

Operating example of the Viterbi algorithm

Given the model µ = (π,A,B) with Q = {1, 2, 3}, V = {v1, v2},

π =




0, 25
0, 50
0, 25


 A =




0, 25 0, 25 0, 50
0 0, 25 0, 75

0, 50 0, 50 0


 B =




0, 50 0, 50
0, 25 0, 75
0, 75 0, 25




the calculations to find the most probable sequence of states given the
observation O = (v1, v1, v1, v1, v2, v2, v1, v2) of length T = 8 are the
following ones:

δ5(1) = max [δ4(1) a11, δ4(2) a21, δ4(3) a31] b1(v2) = (0, 25) (0, 50)6 (0, 75)3 ψ5(1) = 3

δ5(2) = max [δ4(1) a12, δ4(2) a22, δ4(3) a32] b2(v2) = (0, 25) (0, 50)5 (0, 75)4 ψ5(2) = 3

δ5(3) = max [δ4(1) a13, δ4(2) a23, δ4(3) a33] b3(v2) = (0, 25)2 (0, 50)6 (0, 75)2 ψ5(3) = 1

inally q∗8 = 2 and the backward construction of the sequence of states
gives as a result S = (2, 3, 1, 3, 2, 2, 3, 2)
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Computing the most probable sequence of states Viterbi algorithm

Operating example of the Viterbi algorithm

Given the model µ = (π,A,B) with Q = {1, 2, 3}, V = {v1, v2},

π =




0, 25
0, 50
0, 25


 A =




0, 25 0, 25 0, 50
0 0, 25 0, 75

0, 50 0, 50 0


 B =




0, 50 0, 50
0, 25 0, 75
0, 75 0, 25




the calculations to find the most probable sequence of states given the
observation O = (v1, v1, v1, v1, v2, v2, v1, v2) of length T = 8 are the
following ones:

δ6(1) = max [δ5(1) a11, δ5(2) a21, δ5(3) a31] b1(v2) = (0, 25)2 (0, 50)7 (0, 75)3 ψ6(1) = 1

δ6(2) = max [δ5(1) a12, δ5(2) a22, δ5(3) a32] b2(v2) = (0, 25)2 (0, 50)5 (0, 75)5 ψ6(2) = 2

δ6(3) = max [δ5(1) a13, δ5(2) a23, δ5(3) a33] b3(v2) = (0, 25)2 (0, 50)5 (0, 75)5 ψ6(3) = 2

inally q∗8 = 2 and the backward construction of the sequence of states
gives as a result S = (2, 3, 1, 3, 2, 2, 3, 2)

Miguel A. Alonso (Departamento de Computación, Facultad de Informática, Universidade da Coruña )Hidden Markov Models for PoS tagging 29 / 43

 
 

272

 



Computing the most probable sequence of states Viterbi algorithm

Operating example of the Viterbi algorithm

Given the model µ = (π,A,B) with Q = {1, 2, 3}, V = {v1, v2},

π =




0, 25
0, 50
0, 25


 A =




0, 25 0, 25 0, 50
0 0, 25 0, 75

0, 50 0, 50 0


 B =




0, 50 0, 50
0, 25 0, 75
0, 75 0, 25




the calculations to find the most probable sequence of states given the
observation O = (v1, v1, v1, v1, v2, v2, v1, v2) of length T = 8 are the
following ones:

δ7(1) = max [δ6(1) a11, δ6(2) a21, δ6(3) a31] b1(v1) = (0, 25)2 (0, 50)7 (0, 75)5 ψ7(1) = 3

δ7(2) = max [δ6(1) a12, δ6(2) a22, δ6(3) a32] b2(v1) = (0, 25)3 (0, 50)6 (0, 75)5 ψ7(2) = 3

δ7(3) = max [δ6(1) a13, δ6(2) a23, δ6(3) a33] b3(v1) = (0, 25)2 (0, 50)5 (0, 75)7 ψ7(3) = 2

inally q∗8 = 2 and the backward construction of the sequence of states
gives as a result S = (2, 3, 1, 3, 2, 2, 3, 2)
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Computing the most probable sequence of states Viterbi algorithm

Operating example of the Viterbi algorithm

Given the model µ = (π,A,B) with Q = {1, 2, 3}, V = {v1, v2},

π =




0, 25
0, 50
0, 25


 A =




0, 25 0, 25 0, 50
0 0, 25 0, 75

0, 50 0, 50 0


 B =




0, 50 0, 50
0, 25 0, 75
0, 75 0, 25




the calculations to find the most probable sequence of states given the
observation O = (v1, v1, v1, v1, v2, v2, v1, v2) of length T = 8 are the
following ones:

δ8(1) = max [δ7(1) a11, δ7(2) a21, δ7(3) a31] b1(v2) = (0, 25)2 (0, 50)7 (0, 75)7 ψ8(1) = 3

δ8(2) = max [δ7(1) a12, δ7(2) a22, δ7(3) a32] b2(v2) = (0, 25)2 (0, 50)6 (0, 75)8 ψ8(2) = 3

δ8(3) = max [δ7(1) a13, δ7(2) a23, δ7(3) a33] b3(v2) = (0, 25)3 (0, 50)8 (0, 75)5 ψ8(3) = 1

Finally q∗8 = 2 and the backward construction of the sequence of states
gives as a result S = (2, 3, 1, 3, 2, 2, 3, 2)
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Computing the most probable sequence of states Viterbi algorithm

Viterbi algorithm applied to PoS tagging

tag 0

word 1 word 2 word 3 Tword

preposition

noun

adjective

preposition

noun

verb

adjective

adverb

verb

numeral

pronoun

noun

tag 0
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Computing the most probable sequence of states Viterbi algorithm

Viterbi for HMM of order 2 (trigrams)

1 Inicialization:
δ1(i) = πi bi (o1), 1 ≤ i ≤ N.

δ2(i , j) = δ1(i) aij bj(o2), 1 ≤ i , j ≤ N.

2 Recurrency:

δt+1(j , k) =

[
max
1≤i≤N

δt(i , j) aijk

]
bk(ot+1), t = 2, 3, . . . ,T−1, 1 ≤ j , k

ψt+1(j , k) = arg max
1≤i≤N

δt(i , j) aijk , t = 2, 3, . . . ,T−1, 1 ≤ j , k ≤ N.

3 Termination:
(q∗T−1, q

∗
T ) = arg max

1≤j ,k≤N
δT (j , k).

4 Backward construction of the sequence of states:

q∗t = ψt+2(q
∗
t+1, q

∗
t+2), t = T − 2,T − 3, . . . , 1.
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Computing the most probable sequence of states Viterbi algorithm

Viterbi algorithm with logarithms and additions

0 Preprocessing: π̃i = log (πi ), ãij = log (aij), b̃i (ot) = log [bi (ot)]
1 Inicialization:

δ̃1(i) = log [δ1(i)] = π̃i+b̃i (o1), 1 ≤ i ≤ N.

2 Recurrency:

δ̃t+1(j) = log[δt+1(j)] =

[
max
1≤i≤N

[δ̃t(i)+ãij ]

]
+b̃j(ot+1), t = 1, 2, . . . ,T−

ψt+1(j) = arg max
1≤i≤N

[δ̃t(i)+ãij ], t = 1, 2, . . . ,T − 1, 1 ≤ j ≤ N.

3 Termination:
q∗T = arg max

1≤i≤N
δ̃T (i).

4 Backward construction of the sequence of states:

q∗t = ψt+1(q
∗
t+1), t = T − 1,T − 2, . . . , 1.
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Parameter estimation

Outline

1 Discrete-time Markov chain
Markov chain
Hidden Markov Model (HMM)

2 Elements of a HMM

3 Computing the probability of a sentence
Forward algorithm
Backward algorithm

4 Computing the most probable sequence of states
Viterbi algorithm

5 Parameter estimation
smoothing

6 Unknown words
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Parameter estimation

Supervised parameter estimation

Tagged corpus

maximum likelihood parameter estimation:

πi =
number of sentences starting by tag t i

number of sentences

aij =
C (t i t j)

C (t i )

bj(w
k) =

C (wk | t j)
C (t j)
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Parameter estimation smoothing

Smoothing

Phenomena that do not appear in the training corpus give rise to zeros:
we need to smooth the parameters.
Smoothing is what makes the difference in performance between
probabilistic taggers.

Laplace (add-one)

Good-Turing

Interpolation

Backoff
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Parameter estimation smoothing

Laplace smoothing (add-one)

Add 1 to every ”count” P(x) = C(x)
N where x is a token (word, tag,

bigram (of words or tags), trigram, . . . ) and N is the total number of
tokens in the corpus.

PLaplace(x) =
C (x) + 1

N + V

where V is the size of the lexicon of tokens

Alternatively:

C ∗(x) = (C (x) + 1)
N

N + V

Drawback: when V is large ans/or N is small, too muck probability
mass is derived to low-probability tokens (including unseen tokens)
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Parameter estimation smoothing

Good-Turing smoothing

Use the ”counts” of the tokens that have been observed only once to
estimate the counts of those tokens who have never been observed

Generalize this reasoning to the tokens observed c times

Nc is the number of tokens (tags, bigrams, . . . ) with ”count” c :

Nc =
∑

x :C(x)=c

1

Replace the count c by hte smoothing count c∗

c∗ = (c + 1)
Nc+1

Nc

In practice, N0 is approach by means of N, c∗ is only used for small
values of c , and approximations are performed when Nc+1 = 0

Miguel A. Alonso (Departamento de Computación, Facultad de Informática, Universidade da Coruña )Hidden Markov Models for PoS tagging 37 / 43

 
 

282

 



Parameter estimation smoothing

Interpolation

P(z | x , y) = λ1P(z | x , y) + λ2P(z | y) + λ3P(z)

∑

i

λi = 1

Issue: how to compute suitable values for λi
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Parameter estimation smoothing

Backoff

Pkatz(z | x , y) =





P∗(z | x , y) if C (x , y , z) > 0
α(x , y) Pkatz(z | y) else if C (y , z) > 0
P∗(z) otherwise

Pkatz(z | y) =
{

P∗(z | y) if C (y , z) > 0
α(y) Pkatz(z) otherwise

where P∗ are smoothed probabilities à la Good-Turing and the values of α
must guarantee that the total probability mass sums up 1.
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Unknown words

Outline

1 Discrete-time Markov chain
Markov chain
Hidden Markov Model (HMM)

2 Elements of a HMM

3 Computing the probability of a sentence
Forward algorithm
Backward algorithm

4 Computing the most probable sequence of states
Viterbi algorithm

5 Parameter estimation
smoothing

6 Unknown words
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Unknown words

Unknown words

The probability of issuing an unknown word l1 . . . ln with tag t is
determined based on their endings

P(ln−i+1, . . . , ln|t) =
P(ln−i+1, . . . , ln)P(t|ln−i+1, . . . , ln)

P(t)

P(t|ln−i+1, . . . , ln) =
p̂(t|ln−i+1, . . . , ln) + θi P(t|ln−i+2, . . . , ln)

1 + θi

p̂(t|ln−i+1, . . . , ln) =
C (t, ln−i+1, . . . , ln)

C (ln−i+1, . . . , ln)
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Unknown words

Suffixes trie

Possible tags for each suffix are determined from the trie created from
suffixes
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Unknown words

End
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Introduction

Outline

1 Introduction

2 Regression
Linear regression
Multiple linear regression
Logistic regression

3 Non-sequential classification
Classification with logistic regression
Multinomial logistic regression
Example

4 Sequential classification: MaxEnt Markov Models
MaxEnt Markov Models
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Execution of a MEMM

5 Where’s entropy?
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Introduction

Maximum entropy models: MaxEnt

It is a probabilistic machine learning framework

Based on multinomial logistic regression

When used to classify data sequences, it usually takes the form of a
maximum entropy Markov model or MEMM

In the case of PoS tagging:

the sequence to classify are the words of a text
the goal is to assign a PoS tag to each word
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Introduction

Maximum entropy models: MaxEnt

MaxEnt belongs to the family of exponential or log-linear classifiers
extracts a set of ( textbf features) from the input
combines them linearly
uses the result as an exponent

Given an entry x with features fi weighted by wi , the probability of
assigning x the class c is

P(c | x) = 1

Z
exp (

∑

i

wi fi )

where Z is a normalization fact in order to sum up 1

When the result belongs to a discrete set, we talk about
classification, when it is a real set, we talk about regression
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Regression

Outline

1 Introduction

2 Regression
Linear regression
Multiple linear regression
Logistic regression

3 Non-sequential classification
Classification with logistic regression
Multinomial logistic regression
Example

4 Sequential classification: MaxEnt Markov Models
MaxEnt Markov Models
Advantages of MEMM
Execution of a MEMM

5 Where’s entropy?
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Regression Linear regression

Example of lineal regression

In the book Freakonomics it is suggested that the words of home-for-sale
advertisements can help predict if they will sell for more or less of the
advertised price. The hypothesis is that words of vague meaning
(beautiful, cozy, bright, . . . ) are used to mask the absence of concrete
positive properties.

Let us suppose the following data:
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Regression Linear regression

Example of lineal regression

from which we can get the following regression line:

price = w0+w1∗f1 where w0 = 16.550 and w1 = −4.900 and f1 = #adjectives

Miguel A. Alonso (Departamento de Computación, Facultad de Informática, Universidade da Coruña )PoS tagging with Maximum entropy models 7 / 31

 
 

295

 



Regression Multiple linear regression

Multiple linear regression

When there is more than one feature, we talk about multiple linear
regression

y =
N∑

i=0

wi fi

where in general w0 = 1, which can be written as the scalar product
of vectors ~w and ~f

The learning of weights ~w is usually done by minimizing the mean
squared error between the predicted and observed values
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Regression Logistic regression

Logistic regression

We are not interested in y but in P(y), the probability of y , where y
is a set of discrete values (probabilistic classification)

Consequently, we would like to calculate P(y = true | x) =∑N
i=0 wi fi

. . . but it turns out that
∑N

i=0 wi fi yields values between −∞ and ∞

Solution: make
∑N

i=0 wi fi a ratio between two probabilities (and not
a probability)
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Regression Logistic regression

Regresión loǵıstica

The ratio we use is the odds of a probability:

P(y = true | x)
1− P(y = true | x) =

N∑

i=0

wi fi

The left part can vary between 0 and ∞. In order to make it vary
between −∞ and ∞ we apply logarithms:

ln

(
P(y = true | x)

1− P(y = true | x)

)
=

N∑

i=0

wi fi

Logistic regression is a regression model that uses a linear
function to estimate the logarithm of the odds of a probability
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Regression Logistic regression

How to get P(y = true | x)

ln

(
P(y = true | x)

1− P(y = true | x)

)
=

N∑

i=0

wi fi

P(y = true | x)
1− P(y = true | x) = exp

(
N∑

i=0

wi fi

)

P(y = true | x) = (1− P(y = true | x)) exp
(

N∑

i=0

wi fi

)

P(y = true | x) = exp

(
N∑

i=0

wi fi

)
− P(y = true | x) exp

(
N∑

i=0

wi fi

)

P(y = true | x) + P(y = true | x) exp
(

N∑

i=0

wi fi

)
= exp

(
N∑

i=0

wi fi

)
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Regression Logistic regression

How to get P(y = true | x)

P(y = true | x)(1 + exp

(
N∑

i=0

wi fi

)
= exp

(
N∑

i=0

wi fi

)

P(y = true | x) =
exp

(
N∑

i=0

wi fi

)

1 + exp

(
N∑

i=0

wi fi

)

Therefore

P(y = false | x) = 1

1 + exp

(
N∑

i=0

wi fi

)

so that P(y = true | x) + P(y = false | x) = 1
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Regression Logistic regression

How to get P(y = true | x)

Let us take the expression P(y = true | x) = exp(
∑N

i=0 wi fi)
1+exp(

∑N
i=0 wi fi)

, dividing

numerator and denominator by exp
(
−∑N

i=0 wi fi

)
we get

P(y = true | x) = 1

1 + exp

(
−

N∑

i=0

wi fi

)
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Regression Logistic regression

How to get P(y = true | x)

that is now in the form of a logistic function 1
1+e−x
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Regression Logistic regression

How to get P(y = true | x)

and therefore:

P(y = false | x) =
exp

(
−

N∑

i=0

wi fi

)

1 + exp

(
−

N∑

i=0

wi fi

)
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Regression Logistic regression

Learning in logistic regression

It is solved through complex mathematical techniques (non-linear
programming) called textbf convex optimization

We often use algorithms such as L-BFGS, ascending gradient
algorithms, conjugate gradient algorithms, iterative scaling
algorithms, . . .

The wi weights are usually smoothed by regularization in order to
penalize large weights
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Non-sequential classification

Outline

1 Introduction

2 Regression
Linear regression
Multiple linear regression
Logistic regression

3 Non-sequential classification
Classification with logistic regression
Multinomial logistic regression
Example

4 Sequential classification: MaxEnt Markov Models
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Advantages of MEMM
Execution of a MEMM

5 Where’s entropy?
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Non-sequential classification Classification with logistic regression

Classification with logistic regression

The result will be the class true if P(y = true | x) > P(y = false | x)

equivalently, if P(y=true|x)
P(y=false|x) > 1

As P(y=true|x)
1−P(y=true|x) = exp(

N∑

i=0

wi fi )

it is then equivalent to see if exp(
N∑

i=0

wi fi ) > 1

which implies to see if it is satisfied

N∑

i=0

wi fi > 0
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Non-sequential classification Multinomial logistic regression

Multinomial logistic regression

Applied when we want to classify an observation into more than two
classes

P(c | x) = 1

Z
exp

(
N∑

i=0

wci fi

)

where we make the weights of fi depend on the class c ∈ C and

Z =
∑

c ′∈C
exp

(
N∑

i=0

wc ′i fi

)

resulting

P(c | x) =
exp

(
N∑

i=0

wci fi

)

∑

c ′∈C
exp

(
N∑

i=0

wc ′i fi

)
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Non-sequential classification Multinomial logistic regression

Multinomial logistic regression for PoS tagging

In PoS tagging the features fi are not real but discrete

More specifically, they are Boolean, indicating whether a property is
present or not

We denote by fi (c , x) the indicator function that tells us if a feature
i is present for the class c in x .

P(c | x) =
exp

(
N∑

i=0

wci fi (c , x)

)

∑

c ′∈C
exp

(
N∑

i=0

wc ′i fi (c , x)

)

The advantage with respect to other models is that the indicator
functions can refer to “practically anything”
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Non-sequential classification Example

Example of non-sequential classification

Secretariat/NNP is/BEZ expected/VBN to/TO race/?? tomorrow/RB

f1(c , x) =

{
1 si wi = ”race” & c = NN
0 otherwise

}

f2(c , x) =

{
1 si ti−1 = TO & c = VB
0 otherwise

}

f3(c , x) =

{
1 si suffix(wi ) = ”ing” & c = VBG
0 otherwise

}

f4(c , x) =

{
1 si is lower case(wi ) & c = VB
0 otherwise

}

f5(c , x) =

{
1 si wi = ”race” & c = VB
0 otherwise

}

f6(c , x) =

{
1 si ti−1 = TO & c = NN
0 otherwise

}
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Non-sequential classification Example

Example of non-sequential classification

Given the current input x =”race” and supposing the following weights:

P(NN | x) = e0.8e−1.3

e0.8e−1.3 + e0.8e0.01e0.1
= 0.20

P(VB | x) = e0.8e0.01e0.1

e0.8e−1.3 + e0.8e0.01e0.1
= 0.80

When using MaxEnt for classification we obtain a probability
distribution on the classes
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Sequential classification: MaxEnt Markov Models

Outline
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Sequential classification: MaxEnt Markov Models MaxEnt Markov Models

Sequential classification: HMM vs. MEMM

A Hidden Markov Model (HMM) is a generative model:A

T̂ = argmax
T

P(T | W )

argmax
T

P(W | T )P(T )

argmax
T

∏

i

P(wi | ti )
∏

i

(ti | ti−1)

A MaxEnt Markov Model (MEMM) is a discriminative model:

T̂ = argmax
T

P(T | W )

argmax
T

∏

i

(ti | wi , ti−1)
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Sequential classification: MaxEnt Markov Models MaxEnt Markov Models

HMM

MEMM
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Sequential classification: MaxEnt Markov Models Advantages of MEMM

Advantages of MEMM

HMMs handle emission probabilities and transition probabilities

The MEMM can incorporate probabilities on the features that we want:

so the probability of transiting a state q to a state q′ that produces
the observation o is defined as:

P(q | q′, o) = 1

Z (q′, 0)
exp

(∑

i

wi fi (q, o)

)
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Sequential classification: MaxEnt Markov Models Execution of a MEMM

Execution of a MEMM

Viterbi for HMM:

δt+1(j) = max
1≤i≤N

δt(i) aijbj(ot+1) t = 1, 2, . . . ,T − 1, 1 ≤ j ≤ N

= max
1≤i≤N

δt(i)P(tj | ti )P(ot+1 | tj) t = 1, 2, . . . ,T − 1, 1 ≤ j ≤ N

Viterbi for MEMM:

δt+1(j) = max
1≤i≤N

δt(i)P(tj | ti , ot+1) t = 1, 2, . . . ,T −1, 1 ≤ j ≤ N
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Where’s entropy?

Outline

1 Introduction

2 Regression
Linear regression
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Where’s entropy?

Why do they call it love when they mean sex?

Or put another way why do they call it maximum entropy when they
mean multinomial logistic regression?

Where’s entropy?

H(x) = −
∑

x

P(x) log2 P(x)
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Where’s entropy?

Because...

The intuition of MaxEnt is that the probabilistic model must follow
the restrictions we impose, but it should not assume anything special
about everything else (i.e. it should leave everything else with the
maximum possible entropy).

Formally:

Select a model from a set of allowed probability
distributions, choose the modelp∗ ∈ C with maximum
entropy H(p):

p∗ = argmax
p∈C

H(p)

The solution to this problem is the probability distribution of a
multinomial logistic regression model whose weights maximize the
likelihood of the training data
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Where’s entropy?

End
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Introduction

Outline
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Introduction

Phrase structure

syntax describe the structure of phrases and sentences of a language

A well-formed phrase can be broken down into constituents according
to syntactic rules

Syntactic rules are written in a grammatical formalism

A parser is a computer program that gets the structure associated to
a given phrase according to a grammar.
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Introduction Constituency-based parsing

Example: parsing context-free grammars (CFG)

Frase: “Juan vio un hombre”

(John saw a man)

Grammar: S → NP VP
NP → Sust
NP → Det Sust
VP → Verbo NP

Estructura:

NP

Det

NP

VP

S

Juan unvió

Verbo Sust

hombre

Sust

Miguel A. Alonso (Departamento de Computación, Facultad de Informática, Universidade da Coruña )Parsing of context-free grammars 4 / 42

 
 

324

 



Introduction The issue of ambiguity

Ambiguity

The grammars of natural languages are ambiguous: they can associate
several structures to the same sentence

S → NP VP
S → S PP

NP → Sust
NP → Det Sust
NP → NP PP

PP → Prep NP

VP → Verbo NP
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Introduction The issue of ambiguity

Ambiguity

NP

VP

Verbo Det Sust Prep Det Sust

telescopiounhombre

S

S

vio un con

NP

PP

NP

Sust

Juan
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Introduction The issue of ambiguity

Ambiguity

NP

VP

NP

Verbo Det Sust Prep Det Sust

telescopiounconhombreun

S

vio

NP

PP

NP

Sust

Juan
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Introduction The issue of ambiguity

Ambiguity

NP

VP

NP

VP

Verbo Det Sust Prep Det Sust

Juan telescopiounconhombreun

S

S

vio

NP

PP

NP

Sust
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Introduction The issue of ambiguity

How to deal with parsing ambiguity?

Two major approaches:

Save all possible analysis efficiently:

Avoid performing redundant computations
Share parts of the sentence between various analysis
Join branches that differ in certain sub-structures

Work with only one analysis:

Select the best analysis by means of probabilities
and/or select the analysis that covers a larger part of the sentence
and/or surface analysis of chunks
and/or heuristics
and/or . . .
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Introduction Dependency-based parsing

Dependency-based parsing

A different approach that has gained a lot of popularity in the last decade

Working with the relationships between the words in the phrase

Verbo Det Sust Prep Det Sust

telescopiounhombrevio un con

Sust

Juan

The dependencies can be annotated (they have a name)

Dependencies are learned from a syntactically annotated corpus
(Dependency Treebank)

There is no a grammar (usually)
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Introduction Dependency-based parsing

Dependency tree

The set of dependencies of a sentence is more manageable in the form of
dependencies tree. The nodes of the tree are the words and the edges
indicate dependencies.

Verbo Det Sust Prep Det SustSust

Verbo
vio

Juan
Sust

hombre
Sust

un
Det

con
Prep

un
Det

telescopio
Sust

Juan vio un hombre con un telescopio

Miguel A. Alonso (Departamento de Computación, Facultad de Informática, Universidade da Coruña )Parsing of context-free grammars 8 / 42

 
 

331

 



Introduction Dependency-based parsing

Dependency-based parsing

Advantages:

You always get an analysis

. . . and only one

Some dependency-based parsers are fast

Drawbacks:

Need of a treebank

Training can be slow

For training, complex classification models (SVM, deep neural nets,
. . . ) are used that make assumptions about data that are known not
to be met and whose behavior is not well understood.

Some dependency-based parsers are slow
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Parsing schemata
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Parsing schemata

Parsing algorithms

Most popular parsing algorithms for CFG

Based on backtracking (Prolog-like, inefficiency)

CYK (Cocke, Younger, Kasami)

Earley

Left-Corner

Generalized LR
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Parsing schemata

Dynamic programming

Efficient parsing algorithms make use of dynamic programming:

storing the intermediate results in items
combining items by means of deductive steps in order to obtain
analysis of larger and larger parts of the input
avoiding redundant computations

Time complexity O(n3)

Space complecity O(n2)

where n is the length of the sentence
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Parsing schemata

Parsing schemata

A declarative formalism for the definition of parsing algorithms

Independent of data structures

Independent of manipulation algorithms

Provides a high level (abstract) homogeneous environment for the
definition of parsing algorithms

Allows us to identify algorithms that are the same except for specific
aspects of implementation

Allows us to derive some parsers from others through simple,
well-defined transformations

Allow us to create a network of relationships between parsers

Facilitates proofreading

Makes evident the costs (temporal and spatial complexity)
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Parsing schemata

Parsing schemata

The words of the sentence to be analyzed are the hypothesis or initial
items

Intermediate results are stored in the form of items

The items are combined by means of deductive steps, inference rules
that allows obtaining new items to be taken from existing items and
hypotheses.

The presence of final items tells us if the analysis was successful.
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Parsing schemata

Example of a well-know algorithm: CYK schema

Bottom-up strategy for grammars in Chomsky Normal Form

Hypothesis
H = {[ai , i − 1, i ] | 0 < i ≤ n}

Itemset
I = {[A, i , j ] | A ∈ N ∧ 0 ≤ i < j}

Deductive steps

D(1) :
[a, i − 1, i ]

[A, i − 1, i ]
A → a ∈ P

D(2) :
[B , i , j ] [C , j , k]

[A, i , k]
A → BC ∈ P

Final items
If = {[S , 0, n]}
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Parsing schemata

Compilation of parsing schemata

Parsing schemata are not directly executable. Two options:

Specific implementation

Generic implementation: deductive parsing machine

It is possible to automatically transform (compile) a parsing schema to an
efficient executable implementation based in a deductive parsing machine.
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Parsing schemata

Deductive parsing machine

Inputs: a sentence
a grammar

Output: a set of items representing the parsing process

Auxiliary data structures: a table of items
a queue of items (agenda)

Processing:
1 Apply deductive steps that do not have antecedent items, storing the

resulting items in the table and in the agenda
2 Repeat until agenda is empty:

1 Get an item from the agenda
2 Apply all deductive steps using this item as antecedent
3 Store the consequent items in the table and in the agenda

In steps 1) and 2.c) it should be checked that items are nor repeated
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Earley parsing
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Miguel A. Alonso (Departamento de Computación, Facultad de Informática, Universidade da Coruña )Parsing of context-free grammars 18 / 42

 
 

341

 



Earley parsing

Earley parsing

A mixed strategy:

Predictive phase (top-down) guaranteeing that only those rules that are
derivable from the axiom of the grammar are used.
Bottom-up phase combining partial analysis

No restrictions on the form of the grammar

Same complexity as CYK:

Time O(n3)
Space O(n2)

where n is the length of the sentence
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Earley parsing

Notación

A grammar G = (N,Σ,P , S)

N is the set of no-terminal symbols (in uppercase)

Σ is the set of terminal symbols (in lowercase)

P is the set of productions or rules of the form A → α (where α is a
string of terminals and non-terminals)

S ∈ N is the axiom (the non-terminal symbol labelling the root of the
complete parsing tree of a sentence)
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Earley parsing

The classic Earley’s algorithm

S = array [0..n] of state sets;
for i = 0 . . . n { S[i ] = ∅; } //initialize the n+1 sets to ∅
for each rule S → α ∈ P //initialize S[0]
S[0] = S[0] ∪ {(S → α, 0, 0)};

for i = 0 . . . n { process the members of S[i ] in order, executing each of these operations on
each state (A → α, j , f ) until no more of them can be applied:
1) Predictor:
X = j + 1th symbol in α;
if X exists and is a nonterminal
for each production of the form X → β in P
S[i ] = S[i ] ∪ {(X → β, 0, i)};

2) Completer:
if X does not exist //(j + 1 > |α|)
for each state (B → β, l , g) in S[f ] {
Y = l + 1th symbol in β;
if Y exists ∧ Y = A
S[i ] = S[i ] ∪ {(B → β, l + 1, g)};

}
3) Scanner:
if X exists and is a terminal
if X = ai+1

S[i + 1] = S[i + 1] ∪ {(A → α, j + 1, f )};
}; if S[n] contains a state of the form (S → γ, |γ|, 0) return true else return false

Miguel A. Alonso (Departamento de Computación, Facultad de Informática, Universidade da Coruña )Parsing of context-free grammars 21 / 42

 
 

344

 



Earley parsing

The classic Earley’s algorithm

The idea is simple but the pseudo-code is...

relatively complex

non declarative

the details of the data and control structures make it difficult to
understand the basic mechanisms of the algorithm

in addition, it is not the only possible implementation of the
algorithm (it is even questioned that it is the most efficient)

In brief, can’t see the wood for the (parse) trees
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Earley parsing

Earley schema

During the definition of Earley’s parsing scheme, we will try to ...

focus on the idea, abstracting from the details of implementation

understand the principles that govern the algorithm
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Earley parsing Hypothesis

Hypothesis

The set of hypothesis or inital items is the standard one:

H = {[ai , i − 1, i ] | 0 < i ≤ n}

a a a a a a a1 2 3 4 5 6 7

Verbo Det Sust Prep Det Sust

telescopiounhombrevio un con

Sust

Juan

0 1 2 3 4 5 6 7=n
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Earley parsing Items

Items

I = {[A → α • β, i , j ] | A → αβ ∈ P∧0 ≤ i < j ∧ S
∗→ A ∧ α

∗→ ai+1 . . . aj}

A → αβ is a grammar rule

A is derivable from the axiom

From α, the contiguous substring ai+1 . . . aj can be derived

From β, we do not know what will be derived, but in order to be able
to complete the analysis it will be necessary that it be a contiguous
part of the sentence that starts at the position j
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Earley parsing Items

An example of item

[NP → NP • PP , 2, 4]

Verbo Det Sust Prep Det Sust

telescopiounhombrevio un con

Sust

Juan

2 4

● PPNP NP

In addition, we know that S
∗→ NP and the algorithm will guarantee that

this item is part of a viable analysis in the sense that the part read from
the sentence (John saw a man) is the prefix of some valid phrase in the
language generated by the grammar (valid prefix property)
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Earley parsing Deductive steps

Initter

Initter:
[S → •α, 0, 0]

Initially we only know that:

the analysis should start at the root of the parsing tree (axiom)

we start reading the sentence from the beginning (position 0)

We will try all productions that derive from the axiom
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Earley parsing Deductive steps

Predictor

Predictor:
[A → α • Bβ, i , j ]
[B → •γ, j , j ]

If

a rule A → αBβ has been activated

the part α derives the sub-string ai+1 . . . aj

to move forward in the rule, we need to derive a sub-string from the
non-terminal B and from position j of the sentence

then

we will activate all the rules that have B as non-terminal of their left
side, indicating that we will start reading the phrase in the position j
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Earley parsing Deductive steps

Completer

Completer:
[A → α • Bβ, i , j ] [B → γ•, j , k]

[A → αB • β, i , k]

Si

a rule A → αBβ has been activated

the part α derives the sub-string ai+1 . . . aj
to move forward in the rule, we need to derive a sub-string from the
non-terminal B and from the position j of the sentence

and

B derives a sub-string of the sentence starting at position j and
ending at position k

then

we join the part derived from α and the part derives from B , resulting
in αB deriving the sub-string of the sentence starting at i and ending
at k
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Earley parsing Deductive steps

Scanner

Scanner:
[A → α • aβ, i , j ] [a, j , j + 1]

[A → αa • β, i , j + 1]

If

a rule A → αaβ has been activated

the part α derives ai+1 . . . j

to move forward in the rule we need to read a terminal (word) a

the next word in the sentence is a

entonces

read a, so we advance a position reading of the sentence
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Earley parsing Ítems finales

Final items

[S → γ•, 0, n]

We have derived all the sentence (from position 0 to n, the last one)
from the axiom of the grammar
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Earley parsing Ejemplo

John saw a man with a telescope

Juan vio un hombre con un telescopio
[Verbo, 1, 2][Sust, 0, 1] [Det, 2, 3] [Sust, 3, 4] [Prep, 4, 5] [Det 5, 6] [Sust, 6, 7]

agenda
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Earley parsing Ejemplo

John saw a man with a telescope

[S−>.NP VP,0,0]

[S−>.S PP,0,0]

Juan vio un hombre con un telescopio
[Verbo, 1, 2][Sust, 0, 1] [Det, 2, 3] [Sust, 3, 4] [Prep, 4, 5] [Det 5, 6] [Sust, 6, 7]

agenda

[S−>.S PP,0,0]

[S−>.NP VP,0,0]

Miguel A. Alonso (Departamento de Computación, Facultad de Informática, Universidade da Coruña )Parsing of context-free grammars 32 / 42

 
 

356

 



Earley parsing Ejemplo

John saw a man with a telescope

[S−>.NP VP,0,0]

[S−>.S PP,0,0]

Juan vio un hombre con un telescopio
[Verbo, 1, 2][Sust, 0, 1] [Det, 2, 3] [Sust, 3, 4] [Prep, 4, 5] [Det 5, 6] [Sust, 6, 7]

agenda

[S−>.S PP,0,0]

[S−>.NP VP,0,0]
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Earley parsing Ejemplo

John saw a man with a telescope

[S−>.NP VP,0,0]

[S−>.S PP,0,0]

Juan vio un hombre con un telescopio
[Verbo, 1, 2][Sust, 0, 1]

[NP−> .Sust,0,0]

[Det, 2, 3] [Sust, 3, 4] [Prep, 4, 5] [Det 5, 6] [Sust, 6, 7]

agenda

[NP−> .Sust,0,0]

[S−>.NP VP,0,0]

[NP−> .NP PP,0,0]
[NP−> .Det Sust,0,0]
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Earley parsing Ejemplo

John saw a man with a telescope

[S−>.NP VP,0,0]

[NP−>Sust.,0,1]

[S−>.S PP,0,0]

Juan vio un hombre con un telescopio
[Verbo, 1, 2][Sust, 0, 1]

[NP−> .Sust,0,0]

[Det, 2, 3] [Sust, 3, 4] [Prep, 4, 5] [Det 5, 6] [Sust, 6, 7]

agenda

[NP−> .Sust,0,0]

[NP−> .NP PP,0,0]
[NP−>Sust.,0,1]

[NP−> .Det Sust,0,0]
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Earley parsing Ejemplo

John saw a man with a telescope

[S−>NP.VP,0,1]

[S−>.NP VP,0,0]

[NP−>Sust.,0,1]

[S−>.S PP,0,0]

Juan vio un hombre con un telescopio
[Verbo, 1, 2][Sust, 0, 1]

[NP−> .Sust,0,0]

[Det, 2, 3] [Sust, 3, 4] [Prep, 4, 5] [Det 5, 6] [Sust, 6, 7]

agenda

[NP−>Sust.,0,1]
[S−>NP.VP,0,1]
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Earley parsing Ejemplo

John saw a man with a telescope

[S−>NP.VP,0,1]

[S−>.NP VP,0,0]

[NP−>Sust.,0,1]

[S−>.S PP,0,0]

Juan vio un hombre con un telescopio
[Verbo, 1, 2][Sust, 0, 1]

[NP−> .Sust,0,0] [VP−>.Verb NP,1,1]

[Det, 2, 3] [Sust, 3, 4] [Prep, 4, 5] [Det 5, 6] [Sust, 6, 7]

agenda

[S−>NP.VP,0,1]
[VP−>.Verb NP,1,1]

Miguel A. Alonso (Departamento de Computación, Facultad de Informática, Universidade da Coruña )Parsing of context-free grammars 32 / 42

 
 

361

 



Earley parsing Ejemplo

John saw a man with a telescope

[S−>NP.VP,0,1]

[S−>.NP VP,0,0]

[NP−>Sust.,0,1] [VP−>Verb.NP,1,2]

[S−>.S PP,0,0]

Juan vio un hombre con un telescopio
[Verbo, 1, 2][Sust, 0, 1]

[NP−> .Sust,0,0] [VP−>.Verb NP,1,1]

[Det, 2, 3] [Sust, 3, 4] [Prep, 4, 5] [Det 5, 6] [Sust, 6, 7]

agenda

[VP−>.Verb NP,1,1]

[VP−>Verb.NP,1,2]
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Earley parsing Ejemplo

John saw a man with a telescope

[S−>NP.VP,0,1]

[S−>.NP VP,0,0]

[NP−>Sust.,0,1] [VP−>Verb.NP,1,2]

[NP−>.NP PP,2,2]

[S−>.S PP,0,0]

Juan vio un hombre con un telescopio
[Verbo, 1, 2][Sust, 0, 1]

[NP−> .Sust,0,0] [VP−>.Verb NP,1,1]

[Det, 2, 3] [Sust, 3, 4] [Prep, 4, 5] [Det 5, 6] [Sust, 6, 7]

agenda

[VP−>Verb.NP,1,2]

[NP−> .Sust,2,2]

[NP−>.NP PP,2,2]

[NP−> .Det Sust,2,2]

[NP−> .Det Sust,2,2]
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Earley parsing Ejemplo

John saw a man with a telescope

[S−>NP.VP,0,1]

[NP−>Det.Sust,2,3]

[S−>.NP VP,0,0]

[NP−>Sust.,0,1] [VP−>Verb.NP,1,2]

[NP−>.NP PP,2,2]

[S−>.S PP,0,0]

Juan vio un hombre con un telescopio
[Verbo, 1, 2][Sust, 0, 1]

[NP−> .Sust,0,0] [VP−>.Verb NP,1,1] [NP−>.Det Sust,2,2]

[Det, 2, 3] [Sust, 3, 4] [Prep, 4, 5] [Det 5, 6] [Sust, 6, 7]

agenda

[NP−>.Det Sust,2,2]

[NP−>.NP PP,2,2]

[NP−>Det.Sust,2,3]
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Earley parsing Ejemplo

John saw a man with a telescope

[S−>NP.VP,0,1] [NP−>Det Sust.,2,4]

[NP−>Det.Sust,2,3]

[S−>.NP VP,0,0]

[NP−>Sust.,0,1] [VP−>Verb.NP,1,2]

[NP−>.NP PP,2,2]

[S−>.S PP,0,0]

Juan vio un hombre con un telescopio
[Verbo, 1, 2][Sust, 0, 1]

[NP−> .Sust,0,0] [VP−>.Verb NP,1,1] [NP−>.Det Sust,2,2]

[Det, 2, 3] [Sust, 3, 4] [Prep, 4, 5] [Det 5, 6] [Sust, 6, 7]

agenda

[NP−>Det.Sust,2,3]

[NP−>Det Sust.,2,4]
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Earley parsing Ejemplo

John saw a man with a telescope

[VP−>Verb NP.,1,4]

[NP−>NP.PP,2,4]

[S−>NP.VP,0,1] [NP−>Det Sust.,2,4]

[NP−>NP.PP,2,4][VP−>Verb NP.,1,4]

[NP−>Det.Sust,2,3]

[S−>.NP VP,0,0]

[NP−>Sust.,0,1] [VP−>Verb.NP,1,2]

[NP−>.NP PP,2,2]

[S−>.S PP,0,0]

Juan vio un hombre con un telescopio
[Verbo, 1, 2][Sust, 0, 1]

[NP−> .Sust,0,0] [VP−>.Verb NP,1,1] [NP−>.Det Sust,2,2]

[Det, 2, 3] [Sust, 3, 4] [Prep, 4, 5] [Det 5, 6] [Sust, 6, 7]

agenda

[NP−>Det Sust.,2,4]
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Earley parsing Ejemplo

John saw a man with a telescope

[S−>NP.VP,0,1] [NP−>Det Sust.,2,4]

[NP−>NP.PP,2,4][VP−>Verb NP.,1,4]

[NP−>Det.Sust,2,3]

[S−>NP VP.,0,4]

[S−>.NP VP,0,0]

[NP−>Sust.,0,1] [VP−>Verb.NP,1,2]

[NP−>.NP PP,2,2]

[S−>.S PP,0,0]

Juan vio un hombre con un telescopio
[Verbo, 1, 2][Sust, 0, 1]

[NP−> .Sust,0,0] [VP−>.Verb NP,1,1] [NP−>.Det Sust,2,2]

[Det, 2, 3] [Sust, 3, 4] [Prep, 4, 5] [Det 5, 6] [Sust, 6, 7]

agenda

[VP−>Verb NP.,1,4]

[NP−>NP.PP,2,4]

[S−>NP VP.,0,4]

Miguel A. Alonso (Departamento de Computación, Facultad de Informática, Universidade da Coruña )Parsing of context-free grammars 32 / 42

 
 

367

 



Earley parsing Ejemplo

John saw a man with a telescope

[S−>NP.VP,0,1] [NP−>Det Sust.,2,4]

[NP−>NP.PP,2,4][VP−>Verb NP.,1,4]

[NP−>Det.Sust,2,3]

[S−>NP VP.,0,4]

[S−>.NP VP,0,0]

[NP−>Sust.,0,1] [VP−>Verb.NP,1,2]

[NP−>.NP PP,2,2]

[S−>.S PP,0,0]

Juan vio un hombre con un telescopio
[Verbo, 1, 2][Sust, 0, 1]

[NP−> .Sust,0,0] [VP−>.Verb NP,1,1] [NP−>.Det Sust,2,2] [PP−>.Prep NP,4,4]

[Det, 2, 3] [Sust, 3, 4] [Prep, 4, 5] [Det 5, 6] [Sust, 6, 7]

agenda

[NP−>NP.PP,2,4]

[S−>NP VP.,0,4]

[PP−>.Prep NP,4,4]
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Earley parsing Ejemplo

John saw a man with a telescope

[S−>NP.VP,0,1] [NP−>Det Sust.,2,4]

[NP−>NP.PP,2,4][VP−>Verb NP.,1,4]

[NP−>Det.Sust,2,3]

[S−>NP VP.,0,4]

[S−>.NP VP,0,0]

[NP−>Sust.,0,1] [VP−>Verb.NP,1,2]

[NP−>.NP PP,2,2]

[S−>.S PP,0,0]

[S−>S.PP,0,4]

Juan vio un hombre con un telescopio
[Verbo, 1, 2][Sust, 0, 1]

[NP−> .Sust,0,0] [VP−>.Verb NP,1,1] [NP−>.Det Sust,2,2] [PP−>.Prep NP,4,4]

[Det, 2, 3] [Sust, 3, 4] [Prep, 4, 5] [Det 5, 6] [Sust, 6, 7]

agenda

[S−>NP VP.,0,4]

[PP−>.Prep NP,4,4]

[S−>S.PP,0,4]
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Earley parsing Ejemplo

John saw a man with a telescope

[S−>NP.VP,0,1] [NP−>Det Sust.,2,4]

[NP−>NP.PP,2,4][VP−>Verb NP.,1,4]

[NP−>Det.Sust,2,3]

[S−>NP VP.,0,4]

[S−>.NP VP,0,0]

[NP−>Sust.,0,1] [VP−>Verb.NP,1,2] [PP−>Prep.NP,4,5]

[NP−>.NP PP,2,2]

[S−>.S PP,0,0]

[S−>S.PP,0,4]

Juan vio un hombre con un telescopio
[Verbo, 1, 2][Sust, 0, 1]

[NP−> .Sust,0,0] [VP−>.Verb NP,1,1] [NP−>.Det Sust,2,2] [PP−>.Prep NP,4,4]

[Det, 2, 3] [Sust, 3, 4] [Prep, 4, 5] [Det 5, 6] [Sust, 6, 7]

agenda

[PP−>.Prep NP,4,4]

[S−>S.PP,0,4]

[PP−>Prep.NP,4,5]
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Earley parsing Ejemplo

John saw a man with a telescope

[S−>NP.VP,0,1] [NP−>Det Sust.,2,4]

[NP−>NP.PP,2,4][VP−>Verb NP.,1,4]

[NP−>Det.Sust,2,3]

[S−>NP VP.,0,4]

[S−>.NP VP,0,0]

[NP−>Sust.,0,1] [VP−>Verb.NP,1,2] [PP−>Prep.NP,4,5]

[NP−>.NP PP,2,2]

[S−>.S PP,0,0]

[S−>S.PP,0,4]

Juan vio un hombre con un telescopio
[Verbo, 1, 2][Sust, 0, 1]

[NP−> .Sust,0,0] [VP−>.Verb NP,1,1] [NP−>.Det Sust,2,2] [PP−>.Prep NP,4,4]

[Det, 2, 3] [Sust, 3, 4] [Prep, 4, 5] [Det 5, 6] [Sust, 6, 7]

agenda

[S−>S.PP,0,4]

[PP−>Prep.NP,4,5]
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Earley parsing Ejemplo

John saw a man with a telescope

[S−>NP.VP,0,1] [NP−>Det Sust.,2,4]

[NP−>NP.PP,2,4][VP−>Verb NP.,1,4]

[NP−>Det.Sust,2,3]

[S−>NP VP.,0,4]

[S−>.NP VP,0,0]

[NP−>Sust.,0,1] [VP−>Verb.NP,1,2] [PP−>Prep.NP,4,5]

[NP−>.NP PP,2,2]

[S−>.S PP,0,0]

[S−>S.PP,0,4]

Juan vio un hombre con un telescopio
[Verbo, 1, 2][Sust, 0, 1]

[NP−> .Sust,0,0] [VP−>.Verb NP,1,1] [NP−>.Det Sust,2,2] [PP−>.Prep NP,4,4] [NP−>.Det Sust,5,5]

[Det, 2, 3] [Sust, 3, 4] [Prep, 4, 5] [Det 5, 6] [Sust, 6, 7]

agenda

[PP−>Prep.NP,4,5]

[NP−> .Sust,5,5]

[NP−>.Det Sust,5,5]

[NP−>.NP PP,5,5]
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Earley parsing Ejemplo

John saw a man with a telescope

[S−>NP.VP,0,1] [NP−>Det Sust.,2,4]

[NP−>NP.PP,2,4][VP−>Verb NP.,1,4]

[NP−>Det.Sust,2,3]

[S−>NP VP.,0,4]

[S−>.NP VP,0,0]

[NP−>Sust.,0,1] [VP−>Verb.NP,1,2] [NP−>Det.Sust,5,6][PP−>Prep.NP,4,5]

[NP−>.NP PP,2,2]

[S−>.S PP,0,0]

[S−>S.PP,0,4]

Juan vio un hombre con un telescopio
[Verbo, 1, 2][Sust, 0, 1]

[NP−> .Sust,0,0] [VP−>.Verb NP,1,1] [NP−>.Det Sust,2,2] [PP−>.Prep NP,4,4] [NP−>.Det Sust,5,5]

[Det, 2, 3] [Sust, 3, 4] [Prep, 4, 5] [Det 5, 6] [Sust, 6, 7]

agenda

[NP−>.Det Sust,5,5]

[NP−>.NP PP,5,5]

[NP−>Det.Sust,5,6]
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Earley parsing Ejemplo

John saw a man with a telescope

[NP−>Det Sust.,5,7]
[S−>NP.VP,0,1] [NP−>Det Sust.,2,4]

[NP−>NP.PP,2,4][VP−>Verb NP.,1,4]

[NP−>Det.Sust,2,3]

[S−>NP VP.,0,4]

[S−>.NP VP,0,0]

[NP−>Sust.,0,1] [VP−>Verb.NP,1,2] [NP−>Det.Sust,5,6][PP−>Prep.NP,4,5]

[NP−>.NP PP,2,2]

[S−>.S PP,0,0]

[S−>S.PP,0,4]

Juan vio un hombre con un telescopio
[Verbo, 1, 2][Sust, 0, 1]

[NP−> .Sust,0,0] [VP−>.Verb NP,1,1] [NP−>.Det Sust,2,2] [PP−>.Prep NP,4,4] [NP−>.Det Sust,5,5]

[Det, 2, 3] [Sust, 3, 4] [Prep, 4, 5] [Det 5, 6] [Sust, 6, 7]

agenda

[NP−>Det.Sust,5,6]

[NP−>Det Sust.,5,7]
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Earley parsing Ejemplo

John saw a man with a telescope

[NP−>Det Sust.,5,7]
[S−>NP.VP,0,1] [NP−>Det Sust.,2,4]

[PP−>Prep NP. ,4,7]

[NP−>NP.PP,2,4][VP−>Verb NP.,1,4]

[NP−>Det.Sust,2,3]

[S−>NP VP.,0,4]

[S−>.NP VP,0,0]

[NP−>Sust.,0,1] [VP−>Verb.NP,1,2] [NP−>Det.Sust,5,6][PP−>Prep.NP,4,5]

[NP−>.NP PP,2,2]

[S−>.S PP,0,0]

[S−>S.PP,0,4]

Juan vio un hombre con un telescopio
[Verbo, 1, 2][Sust, 0, 1]

[NP−> .Sust,0,0] [VP−>.Verb NP,1,1] [NP−>.Det Sust,2,2] [PP−>.Prep NP,4,4] [NP−>.Det Sust,5,5]

[Det, 2, 3] [Sust, 3, 4] [Prep, 4, 5] [Det 5, 6] [Sust, 6, 7]

agenda

[NP−>Det Sust.,5,7]

[PP−>Prep NP. ,4,7]
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Earley parsing Ejemplo

John saw a man with a telescope

[NP−>Det Sust.,5,7]
[S−>NP.VP,0,1] [NP−>Det Sust.,2,4]

[NP−>NP PP.,2,7]

[PP−>Prep NP. ,4,7]

[NP−>NP.PP,2,4][VP−>Verb NP.,1,4]

[NP−>Det.Sust,2,3]

[S−>NP VP.,0,4]

[S−>.NP VP,0,0]

[NP−>Sust.,0,1] [VP−>Verb.NP,1,2] [NP−>Det.Sust,5,6][PP−>Prep.NP,4,5]

[NP−>.NP PP,2,2]

[S−>.S PP,0,0]

[S−>S.PP,0,4]

[S−>S PP.,0,7]

Juan vio un hombre con un telescopio
[Verbo, 1, 2][Sust, 0, 1]

[NP−> .Sust,0,0] [VP−>.Verb NP,1,1] [NP−>.Det Sust,2,2] [PP−>.Prep NP,4,4] [NP−>.Det Sust,5,5]

[Det, 2, 3] [Sust, 3, 4] [Prep, 4, 5] [Det 5, 6] [Sust, 6, 7]

agenda

[S−>S PP.,0,7]

[NP−>NP PP.,2,7]

[PP−>Prep NP. ,4,7]
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Earley parsing Ejemplo

John saw a man with a telescope

[NP−>Det Sust.,5,7]
[S−>NP.VP,0,1] [NP−>Det Sust.,2,4]

[NP−>NP PP.,2,7]

[PP−>Prep NP. ,4,7]

[NP−>NP.PP,2,4][VP−>Verb NP.,1,4]

[NP−>Det.Sust,2,3]

[S−>NP VP.,0,4]

[S−>.NP VP,0,0]

[NP−>Sust.,0,1] [VP−>Verb.NP,1,2] [NP−>Det.Sust,5,6][PP−>Prep.NP,4,5]

[NP−>.NP PP,2,2]

[S−>.S PP,0,0]

[S−>S.PP,0,4]

[S−>S PP.,0,7]

Juan vio un hombre con un telescopio
[Verbo, 1, 2][Sust, 0, 1]

[NP−> .Sust,0,0] [VP−>.Verb NP,1,1] [NP−>.Det Sust,2,2] [PP−>.Prep NP,4,4] [NP−>.Det Sust,5,5]

[Det, 2, 3] [Sust, 3, 4] [Prep, 4, 5] [Det 5, 6] [Sust, 6, 7]

agenda

[NP−>NP PP.,2,7]

[S−>S PP.,0,7]
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Earley parsing Ejemplo

John saw a man with a telescope

[NP−>Det Sust.,5,7]
[S−>NP.VP,0,1]

[VP−>Verb NP.,1,7]

[NP−>Det Sust.,2,4]

[NP−>NP PP.,2,7]

[PP−>Prep NP. ,4,7]

[NP−>NP.PP,2,4][VP−>Verb NP.,1,4]

[NP−>Det.Sust,2,3]

[S−>NP VP.,0,4]

[S−>.NP VP,0,0]

[NP−>Sust.,0,1] [VP−>Verb.NP,1,2] [NP−>Det.Sust,5,6][PP−>Prep.NP,4,5]

[NP−>.NP PP,2,2]

[S−>.S PP,0,0]

[S−>S.PP,0,4]

[S−>S PP.,0,7]

Juan vio un hombre con un telescopio
[Verbo, 1, 2][Sust, 0, 1]

[NP−> .Sust,0,0] [VP−>.Verb NP,1,1] [NP−>.Det Sust,2,2] [PP−>.Prep NP,4,4] [NP−>.Det Sust,5,5]

[Det, 2, 3] [Sust, 3, 4] [Prep, 4, 5] [Det 5, 6] [Sust, 6, 7]

agenda

[NP−>NP PP.,2,7]

[VP−>Verb NP.,1,7]
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Earley parsing Ejemplo

John saw a man with a telescope

[NP−>Det Sust.,5,7]
[S−>NP.VP,0,1]

[VP−>Verb NP.,1,7]

[NP−>Det Sust.,2,4]

[NP−>NP PP.,2,7]

[PP−>Prep NP. ,4,7]

[NP−>NP.PP,2,4][VP−>Verb NP.,1,4]

[NP−>Det.Sust,2,3]

[S−>NP VP.,0,4]

[S−>.NP VP,0,0]

[NP−>Sust.,0,1] [VP−>Verb.NP,1,2] [NP−>Det.Sust,5,6][PP−>Prep.NP,4,5]

[NP−>.NP PP,2,2]

[S−>.S PP,0,0]

[S−>S.PP,0,4]

[S−>S PP.,0,7]

Juan vio un hombre con un telescopio
[Verbo, 1, 2][Sust, 0, 1]

[NP−> .Sust,0,0] [VP−>.Verb NP,1,1] [NP−>.Det Sust,2,2] [PP−>.Prep NP,4,4] [NP−>.Det Sust,5,5]

[Det, 2, 3] [Sust, 3, 4] [Prep, 4, 5] [Det 5, 6] [Sust, 6, 7]

agenda[S−>NP VP.,0,7]

[S−>NP VP.,0,7]

[VP−>Verb NP.,1,7]

Miguel A. Alonso (Departamento de Computación, Facultad de Informática, Universidade da Coruña )Parsing of context-free grammars 32 / 42

 
 

379

 



Earley parsing Ejemplo

John saw a man with a telescope

[NP−>Det Sust.,5,7]
[S−>NP.VP,0,1]

[VP−>Verb NP.,1,7]

[NP−>Det Sust.,2,4]

[NP−>NP PP.,2,7]

[PP−>Prep NP. ,4,7]

[NP−>NP.PP,2,4][VP−>Verb NP.,1,4]

[NP−>Det.Sust,2,3]

[S−>NP VP.,0,4]

[S−>.NP VP,0,0]

[NP−>Sust.,0,1] [VP−>Verb.NP,1,2] [NP−>Det.Sust,5,6][PP−>Prep.NP,4,5]

[NP−>.NP PP,2,2]

[S−>.S PP,0,0]

[S−>S.PP,0,4]

[S−>S PP.,0,7]

Juan vio un hombre con un telescopio
[Verbo, 1, 2][Sust, 0, 1]

[NP−> .Sust,0,0] [VP−>.Verb NP,1,1] [NP−>.Det Sust,2,2] [PP−>.Prep NP,4,4] [NP−>.Det Sust,5,5]

[Det, 2, 3] [Sust, 3, 4] [Prep, 4, 5] [Det 5, 6] [Sust, 6, 7]

agenda[S−>NP VP.,0,7]
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Probabilistic parsing

Outline

1 Introduction
Constituency-based parsing
The issue of ambiguity
Dependency-based parsing

2 Parsing schemata

3 Earley parsing
Hypothesis
Items
Deductive steps
Ítems finales
Ejemplo

4 Probabilistic parsing
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Probabilistic parsing

Probabilistic context-free grammars

Each rule is associated to a probability, with probabilities verifying:

∑

α

P(A → α) = 1, ∀A ∈ N.

With P(A → α), what we really want to say is P(A → α|A). Thus,
for each non-terminal A, the grammar provides the probability
distribution of possible transformations α.
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Probabilistic parsing

Probability of a sentence

Probability of a sentence s according to a grammar G

P(s) =
∑

t

P(s, t) =
∑

t : frontera(t)=s

P(t),

where the variable t traverses the space of all possible trees whose
frontier (sequence of leaf nodes) matches the sentence s.

The probability of any node of a t tree is the product of the
probabilities of its local sub-trees and the probability of the G
production rule that links them.

Therefore, the probability of a tree t is given by the probability of its
root node.
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Probabilistic parsing

Example

S → A B (0, 25), A → B A (0, 5), B → C C (0, 1), C → A B (0, 2),
S → B C (0, 75), A → a (0, 5), B → b (0, 9), C → a (0, 8),

0,25S

A0,5 B0,9

0,9B 0,5A

0,9B 0,5A

b b a b b b a b

S 0,75

0,9B

0,9B

0,9B

0,5A

0,5A

C0,2

t_1: t_2:

P(t1) = 0, 9× 0, 9× 0, 5× 0, 5× 0, 5× 0, 9× 0, 25 = 0, 02278
P(t2) = 0, 9× 0, 9× 0, 5× 0, 5× 0, 9× 0, 2× 0, 75 = 0, 02733

P(s) = P(t1) + P(t2) = 0, 02733 + 0, 02278 = 0, 05011
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Probabilistic parsing

Advantages and drawbacks

In case of ambiguity, it gives a measure of the likelihood of each tree

A syntactically annotated corpus is needed to extract the probabilities
(train the model)

It is not impartial: ”short” trees are favored

They do not take into account the context in which the rules are
applied. In some cases, an n-gram model is a better language model
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Probabilistic parsing

Consistency

In order to obtaining probabilistic models of the language, it should
be satisfied that ∑

s∈L(G)

P(s) =
∑

t

P(t) = 1.

but it is only satisfied when the probability mass of the rules
accumulates in a finite number of trees.
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Probabilistic parsing

Example of inconsistency

S → a (13) S → S S (23)
generates sentences a, aa, aaa, . . .

P(a) = 1
3

P(aa) = 2
3 × 1

3 × 1
3 = 2

27

P(aaa) = (23)
2 × (13)

3 × 2 = 8
243

...

P(L(G )) = 1
3 + 2

27 + 8
243 + . . . that tends to 1

2

Half of the probability mass has disappeared in the infinite set of trees that
do not generate sentences of this language !!

Fortunately, consistency is not important in order to compare the
probabilities of two parsing trees
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Probabilistic parsing

Probabilistic parsing

I = {[A → α•β, i , j , p] | A → αβ ∈ P∧0 ≤ i < j ∧ S
∗→ A ∧ α

∗→ ai+1 . . . aj}

Initter:
[S → •α, 0, 0,P(S → α)]

Predictor:
[A → α • Bβ, i , j , p]

[B → •γ, j , j ,P(B → γ)]

Completer:
[A → α • Bβ, i , j , p] [B → γ•, j , k , q]

[A → αB • β, i , k , p ∗ q]

Scanner:
[A → αaβ, i , j , p] [a, j , j + 1]

[A → αa • β, i , j + 1, p]
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Probabilistic parsing

Probabilistic deductive parsing machine

Obtaining all possible analyzes requires the use of complex algebraic
structures to handle cyclical trees with infinite probabilities (if there are no
cycles in the grammar, the problem is only efficiency)

However, we only want to obtain the most probable tree, usually. To do
this, when adding an item I to the table, the search for duplicates os
performed without taking into account the probabilities:

If an equivalent item is not found, I is inserted

If an equivalent item J is found and P(J) ≥ P(I ), nothing is done (I
is do not added to the table nor the agenda)

If an equivalent item J is found and P(J) < P(I ), I is inserted in the
table and in the agenda. As a matter of performance, it is convenient
to eliminate J from the table and the agenda.
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Probabilistic parsing

End
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Dependency Parsing

Carlos Gómez-Rodŕıguez

FASTPARSE Lab, LyS Research Group, Universidade da Coruña, Spain
carlos.gomez@udc.es

CLASS Training, 2018-06-29

FASTPARSE  
Fast Natural Language Parsing
for Large-Scale NLP
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Dependency parsing

Dependency Parsing

I Parsing: Obtain the syntactic structure of sentences.

I Dependency parsing: As expressed by dependencies:

ROOT    John     ate     the     apple

sentence

subj

obj

spec

I Crucial for computer applications that deal with natural language
text/speech: machine translation, question answering, opinion
mining, information retrieval, automatic summarization... (NLP,
Natural Language Processing).
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Dependency parsing

Projective Dependency Parsing

this    is    a    dependency    tree
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Dependency parsing

Projective Dependency Parsing

this    is    a    dependency    tree
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Dependency parsing

Projective Dependency Parsing

this    is    a    dependency    tree

projection of "tree" 
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Dependency parsing

Non-Projective Dependency Parsing

he   gave   a   talk   yesterday   about   parsing 
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Dependency parsing

Non-Projective Dependency Parsing

he   gave   a   talk   yesterday   about   parsing 
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Dependency parsing

Non-Projective Dependency Parsing

he   gave   a   talk   yesterday   about   parsing 

projection of "talk" 

discontinuity

(gap)
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Dependency parsing

Main Approaches

I Transition-based parsing
I Based on a non-deterministic state machine + scoring model for

transition sequences
I Approximate inference: O(n) projective parsing, O(n) mildly

non-projective parsing, O(n2) non-projective parsing
I Exact inference: O(n3) projective parsing, O(n4) mildly non-projective

parsing

I Graph-based parsing
I Based on scoring fragments of the graph/tree
I Exact inference: O(n3) projective parsing, O(n2) non-projective parsing

(but limited scoring functions)
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Dependency parsing

Transition-Based Parsing

I Non-deterministic state machine

I Scoring model for transition sequences
I Search for the best sequence

I Greedy search
I Beam search
I Dynamic programming (exact inference)
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Dependency parsing

Transition-Based Parsing

I Non-deterministic state machine

I Scoring model for transition sequences
I Search for the best sequence

I Greedy search
I Beam search
I Dynamic programming (exact inference)

Gómez-Rodŕıguez (Univ. da Coruña) Dependency Parsing CLASS Training 6 / 21

 
 

401

 



Dependency parsing

Transition-Based Parsing

Projective:

I Various simple, linear algorithms using a stack (arc-standard,
arc-eager, arc-hybrid, planar)

Non-Projective

I Swapping order of nodes (Nivre swap)

I *Non-adjacent arc transitions (Attardi)

I *Two stacks (2-Planar)

I Not removing nodes from memory (Covington)
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Dependency parsing

Projective example: Planar parser

I Variant of the arc-eager projective parser by Nivre (2003)
I Linear-time transition-based parser with

I Buffer with unprocessed input words
I Stack with partially processed input words (initially empty)
I Four transitions: Shift, Reduce, Left-Arc, Right-Arc

Gómez-Rodŕıguez (Univ. da Coruña) Dependency Parsing CLASS Training 8 / 21
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Dependency parsing

Planar parser: Transitions

wkwi wj

wk... ...wi wj

... ...

Shift

wi

wk... ...wi wj

... wk ...

Reduce

Left-Arc

wk... ...wi wj

wk... ...wi wj

if word j has no head

and link does not create cycle

Right-Arc

wkwi wj
... ...

if word j has no head

and link does not create cycle

wkwi wj
... ...
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Dependency parsing

Planar parser: Example
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Dependency parsing

Planar parser: Example
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Dependency parsing

Planar parser: Example
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Dependency parsing

Planar parser: Example
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Dependency parsing

Planar parser: Example
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Dependency parsing

Planar parser: Example
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Dependency parsing

Planar parser: Example
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Dependency parsing

Planar parser: Example
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Dependency parsing

Planar parser: Example
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Dependency parsing

Planar parser: Example
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Dependency parsing

Planar parser: Example
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Dependency parsing

Planar parser: Example
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Dependency parsing

Planar parser: Example
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Dependency parsing

Mildly non-projective example: 2-Planar parser

I Planar parsing only gives a modest improvement in coverage with
respect to projective parsing.

I However, the planar parser can be generalised to a more interesting
2-planar parser:

I Use two stacks instead of one (one per plane)
I Shift transitions push words into both stacks
I Reduce, Left-Arc, Right-Arc transitions work with one stack (the active

stack)
I An extra Switch transition changes which stack is active
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Dependency parsing

2-Planar parser: Transitions
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Dependency parsing

2-Planar parser: Transitions
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Dependency parsing

2-Planar parser: Transitions
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Dependency parsing

2-Planar parser: Example
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Dependency parsing

2-Planar parser: Example
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Dependency parsing

2-Planar parser: Example
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Dependency parsing

2-Planar parser: Example
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Dependency parsing

2-Planar parser: Example
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Dependency parsing

2-Planar parser: Example
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Dependency parsing

2-Planar parser: Example
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Dependency parsing

2-Planar parser: Example
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Dependency parsing

2-Planar parser: Example
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Dependency parsing

2-Planar parser: Example
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Dependency parsing

2-Planar parser: Example
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Dependency parsing

2-Planar parser: Example
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Dependency parsing

2-Planar parser: Example
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Dependency parsing

2-Planar parser: Example
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2-Planar parser: Example
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Dependency parsing

2-Planar parser: Example
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Dependency parsing

Full non-projective example: the Covington parser

he  gave  a  talk  yesterday

i j
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Dependency parsing

Full non-projective example: the Covington parser

he  gave  a  talk  yesterday

i j

he  gave  a  talk  yesterday

i-1 j

LEFT-ARC

(applicable only if i has no head

and arc does not cause cycle)
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Dependency parsing

Full non-projective example: the Covington parser

he  gave  a  talk  yesterday

i j

he  gave  a  talk  yesterday

i-1 j

RIGHT-ARC

(applicable only if j has no head

and arc does not cause cycle)
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Dependency parsing

Full non-projective example: the Covington parser

he  gave  a  talk  yesterday

i j

he  gave  a  talk  yesterday

i-1 j

NO-ARC
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Dependency parsing

Full non-projective example: the Covington parser

he  gave  a  talk  yesterday

i j

he  gave  a  talk  yesterday

j+1j

SHIFT

Gómez-Rodŕıguez (Univ. da Coruña) Dependency Parsing CLASS Training 16 / 21

 
 

450

 



Dependency parsing

The Covington Parser: Example

he   gave   a   talk   yesterday   about   parsing 

Gómez-Rodŕıguez (Univ. da Coruña) Dependency Parsing CLASS Training 17 / 21
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Dependency parsing

The Covington Parser: Example

he   gave   a   talk   yesterday   about   parsing 

Done: (Initial configuration)

Action: LEFT-ARC
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Dependency parsing

The Covington Parser: Example

he   gave   a   talk   yesterday   about   parsing 

Done: LEFT-ARC

Action: SHIFT
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Dependency parsing

The Covington Parser: Example

he   gave   a   talk   yesterday   about   parsing 

Done: SHIFT

Action: LEFT-ARC
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Dependency parsing

The Covington Parser: Example

he   gave   a   talk   yesterday   about   parsing 

Done: LEFT-ARC

Action: RIGHT-ARC
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Dependency parsing

The Covington Parser: Example

he   gave   a   talk   yesterday   about   parsing 

Done: RIGHT-ARC

Action: NO-ARC (or SHIFT)
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Dependency parsing

The Covington Parser: Example

he   gave   a   talk   yesterday   about   parsing 

Done: NO-ARC

Action: NO-ARC
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Dependency parsing

The Covington Parser: Example

he   gave   a   talk   yesterday   about   parsing 

Done: NO-ARC

Action: NO-ARC
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Dependency parsing

The Covington Parser: Example

he   gave   a   talk   yesterday   about   parsing 

Done: NO-ARC

Action: RIGHT-ARC
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Dependency parsing

The Covington Parser: Example

he   gave   a   talk   yesterday   about   parsing 

Done: RIGHT-ARC

Action: NO-ARC (or SHIFT)
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Dependency parsing

The Covington Parser: Example

he   gave   a   talk   yesterday   about   parsing 

Done: NO-ARC

Action: NO-ARC
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Dependency parsing

The Covington Parser: Example

he   gave   a   talk   yesterday   about   parsing 

Done: NO-ARC

Action: RIGHT-ARC
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Dependency parsing

The Covington Parser: Example

he   gave   a   talk   yesterday   about   parsing 

Done: RIGHT-ARC

Action: SHIFT
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Dependency parsing

The Covington Parser: Example

he   gave   a   talk   yesterday   about   parsing 

Done: SHIFT

Action: RIGHT-ARC
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Dependency parsing

The Covington Parser: Example

he   gave   a   talk   yesterday   about   parsing 

Done: RIGHT-ARC

Action: SHIFT
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Dependency parsing

The Covington Parser: Example

he   gave   a   talk   yesterday   about   parsing 

Done: SHIFT

Action: (Final configuration)
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Dependency parsing

Transition-Based Parser Training

A classifier is trained to approximate an Oracle: (gold tree, configuration)
→ set of transitions
Static Oracle

I Defined only on configurations in canonical computation obtained
from the gold tree

I Ignores spurious ambiguity (always returns exactly one transition)

I No training on erroneous configurations

Dynamic Oracle

I Defined on every configuration

I Supports spurious ambiguity (can return several transitions)

I Returns transitions leading to minimum loss (not necessarily 0 loss)
wrt gold tree

Gómez-Rodŕıguez (Univ. da Coruña) Dependency Parsing CLASS Training 18 / 21
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Dependency parsing

Transition-Based Parser Training Architectures

I pre-Deep Learning:
I SVMs + rich feature models (e.g. Maltparser, Nivre, 2006)
I Structured perceptron + rich feature models (e.g. ZPar, Zhang &

Nivre, 2011)

I Deep Learning:
I Feed-forward neural networks (MLP) + simpler feature models, (e.g.

Stanfrod CoreNLP NN parser, Chen & Manning, 2014)
I BiLSTMs + even simpler feature models, (e.g. BIST parser,

Kiperwasser & Goldberg, 2016)
I BiLSTMs + dynamic programming + minimal feature models, (e.g.

Shi et al EMNLP 2017, Gómez-Rodŕıguez et al ACL 2018)
I Or Stack LSTMs (Kuncoro et al, 2016)

Gómez-Rodŕıguez (Univ. da Coruña) Dependency Parsing CLASS Training 19 / 21
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Dependency parsing

Graph-based parsing

I Score each possible arc individually. Feature models very limited
(arc-factored)

I Pre-Deep Learning: MIRA (e.g. MSTParser McDonald et al, 2005)
I Deep Learning: BiLSTMs (Dozat and Manning, 2017)

I Compute the maximum spanning tree with the Chu-Liu-Edmonds
algorithm

Gómez-Rodŕıguez (Univ. da Coruña) Dependency Parsing CLASS Training 20 / 21
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Dependency parsing

State of the Art

I Graph-based and transition-based parsers almost tied (slight edge for
Dozat and Manning graph-based parser)

I Accuracy (LAS) on English Penn Treebank close to 95%
I Challenges:

I Highly non-projective languages (German...)
I Languages with rich morphology (Arabic, Turkish...)
I Languages with little training data (Kazakh, Uzbek...)
I Noisy text (tweets...)
I Speed of parsing algorithms

Gómez-Rodŕıguez (Univ. da Coruña) Dependency Parsing CLASS Training 21 / 21

 
 

470

 



Prof. Jesús Vilares 
jesus.vilares@udc.es  

 
 

471

 



 A sequence of characters (i.e. a text) has no 
meaning by itself. 

 
Donald Trump is the president of USA 

 
∆οναλδ  Τρυµπ  ισ τηε  πρεσιδεντ οφ ΥΣΑ 
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 Linguistic representations must be linked with 
our non-linguistic knowledge of the world. 
 

Donald Trump is the president of USA 
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 This knowledge (meaning) can be captured with 
formal structures (meaning representations). 
 

Donald Trump is the president of USA 
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 The process whereby such representations are 
created is called semantic analysis. 
 

Donald Trump is the president of USA 
 
 SEMANTIC ANALYSIS 
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 Different meaning representation languages (i.e. 
different types of formal representations) available: 

e.g.“I have a car” 
 (a) First-Order Logic predicates 

(b) Semantic Networks 

(c) Conceptual dependency  
diagrams (d) Frames 
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 Or any other representation fulfilling/allowing: 
a) Verifiability 
b) Unambiguous representations 
c) Canonical form 
d) Inference mechanisms 
e) Use of variables 
f) Expressiveness 
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 How to combine the meaning of separate 
words into the meaning of a whole sentence? 
◦ (Frege’s) Principle of compositionality: the meaning 

of a complex expression is determined by the 
meanings of its constituent expressions and the 
rules used to combine them. 
 
 
◦ The syntactic structure of a sentence is used to 

guide the process of semantic analysis. 
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Example (1/2): the grammar 
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Example (2/2): analysis of “Mary likes John” 
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 [Jurafsky & Martin, 2009] Jurafsky, D. & Martin, J.H. 
(2009). Chapter 17: The Representation of 
Meaning. Speech and Language Processing: An 
Introduction to Natural Language Processing, 
Computational Linguistics, and Speech Recognition 
(2nd ed.). Pearson–Prentice Hall. 

 [Poesio, 2000] Poesio, M. (2000). Chapter 5: 
Semantic Analysis. In Dale, R., Moisl, H. & Somers, 
H. (Eds.), Handbook of Natural Language 
Processing. Marcel Dekker, Inc. 
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LENGUAJES NATURALES

Ingenieŕıa Informática

ANÁLISIS SEMÁNTICO (EJEMPLO)

Profesor: Jesús Vilares Ferro

curso 2006/07

S : Sentence
NP : Noun Phrase
PN : Proper Noun
VP : Verbal Phrase
TV : Transitive Verb

S → NP VP





〈S.syn.cat〉 .
= s

〈NP.syn.cat〉 .
= np

〈VP.syn.cat〉 .
= vp

〈NP.syn.agr 〉 .
= 〈VP.syn.agr 〉

〈VP.sem〉 .
= Pred

〈NP.sem〉 .
= Arg

〈S.sem〉 .
= Pred(Arg)

NP → PN





〈NP.syn.cat〉 .
= np

〈PN.syn.cat〉 .
= pn

〈NP.syn.agr 〉 .
= 〈PN.syn.agr 〉

〈NP.sem〉 .
= 〈PN.sem〉

VP → TV NP





〈VP.syn.cat〉 .
= vp

〈TV.syn.cat〉 .
= tv

〈NP.syn.cat〉 .
= np

〈VP.syn.agr 〉 .
= 〈TV.syn.agr 〉

〈V.sem〉 .
= Pred

〈NP.sem〉 .
= Arg

〈VP.sem〉 .
= Pred(Arg)

1

 
 

483

 



 
 

484

 



Prof. Jesús Vilares 
jesus.vilares@udc.es  

 
 

485

 



 Some words have several senses (meanings): 
e.g. “mouse” 
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 What if the task is sense-sensitive?  
Example #1: information retrieval (“mouse”)  
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 What if the task is sense-sensitive?  
Example #2: machine translation  (“fish”, EN→ES)   
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 What if the task is sense-sensitive?  
Example #2: machine translation  (“fish”, EN→ES)   
 

fish 

pez 

pescado 
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 Word Sense Disambiguation (WSD) consists of 
identifying  which sense of a word is being used in a 
text when such word has multiple possible meanings. 

 How? By examining its context. 

cheese 

hole 

trap 

cat pad 

buttons computer 

wireless 

mouse? 
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 How? By examining its context. 

mouse 

mouse 

SENSE INVENTORY 
(e.g. WordNet) 

mouse 

computer 

pad 
? 

? ? 
? ? 

? ? 

2 

? ? 
1. mouse (any of numerous small rodents typically 

resembling diminutive rats having pointed snouts and 
small ears on elongated bodies with slender usually 
hairless tails) 

2. mouse, computer mouse (a hand-operated electronic 
device that controls the coordinates of a cursor on your 
computer screen as you move it around on a pad; on the 
bottom of the device is a ball that rolls on the surface of 
the pad) "a mouse takes much more room than a trackball" 

INPUT TEXT SENSE-DISAMBIGUATED TEXT 
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 Requires a hand-labeled training corpus (i.e. every 
word has been annotated with is correct sense) 

(...) Lorem3 ipsum1 dolor4 sit1 amet4, consectetur2 adipiscing1 elit2. Morbi4 
aliquet2 commodo2 erat1 vel1 iaculis3. Maecenas1 mattis4 risus3 vel1 nulla1 
consectetur2, ut1 faucibus3 metus2 iaculis1. Cras5 in1 aliquet2 odio1. Sed2 
sed2 mauris1 a1 sapien2 mattis4 ultricies1. (...) 

 Training/disambiguation processes similar to those 
of PoS tagging 

 Disadvantages: 
◦ High cost of training data 
◦ Limited: fails with words not present in training data 
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TRAINED 
MODEL 

HAND-LABELED 
DATA 
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mouse 

mouse 

SENSE INVENTORY 
(e.g. WordNet) 

mouse 

computer 

pad 
? 

? ? 
? ? 

? ? 

2 

? ? 
1. mouse (any of numerous small rodents typically 

resembling diminutive rats having pointed snouts and 
small ears on elongated bodies with slender usually 
hairless tails) 

2. mouse, computer mouse (a hand-operated electronic 
device that controls the coordinates of a cursor on your 
computer screen as you move it around on a pad; on the 
bottom of the device is a ball that rolls on the surface of 
the pad) "a mouse takes much more room than a trackball" 

TRAINED 
MODEL 

INPUT TEXT SENSE-DISAMBIGUATED TEXT 
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 Requires dictionary/thesaurus (e.g. WordNet-type 
resources) 

 Lesk algorithm (most popular): choose the sense 
whose dictionary gloss or definition shares the most 
words with the target word’s neighbourhood 
◦ Multiple variants 

 Can be combined with supervised WSD 
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mouse 

mouse 

DICTIONARY/ 
THESAURUS 
(e.g. WordNet) 

mouse 

computer 

pad 
? 

? ? 
? ? 

? ? 

2 

? ? 
1. mouse (any of numerous small rodents typically 

resembling diminutive rats having pointed snouts and 
small ears on elongated bodies with slender usually 
hairless tails) 

2. mouse, computer mouse (a hand-operated electronic 
device that controls the coordinates of a cursor on your 
computer screen as you move it around on a pad; on the 
bottom of the device is a ball that rolls on the surface of 
the pad) "a mouse takes much more room than a trackball" 

INPUT TEXT SENSE-DISAMBIGUATED TEXT 
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 [Jurafsky & Martin, 2009] Jurafsky, D. & Martin, J.H. 
(2009). Chapter 20: Computational Lexical Semantics. 
Speech and Language Processing: An Introduction to 
Natural Language Processing, Computational 
Linguistics, and Speech Recognition (2nd ed.). Pearson–
Prentice Hall. 

 [Manning & Schütze, 1999] Manning, C.D. & Schütze, H. 
(1999). Chapter 14: Word Sense Disambiguation. 
Foundations of Statistical Natural Language Processing. 
The MIT Press.    

 [Yarowsky, 2010] Yarowsky, D. (2010). Chapter 14: 
Word Sense Disambiguation. In Indurkhya, N. & 
Damerau, F.J. (Eds.), Handbook of Natural Language 
Processing (2nd ed.). CRC Press. 
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 Identifying spans of text corresponding to: 
◦ Named entities: proper names denoting people, 

geographical locations, organizations, etc. 
◦ Temporal expressions: dates, times, etc. 
◦ Numerical expressions: measurements, counts, prices, etc. 

Citing high fuel prices, [ORG United Airlines] said [TIME Friday] it has increased 
fares by [MONEY $6] per round trip on flights to some cities also served by 
lower-cost carriers. [ORG American Airlines], a unit of [ORG AMR Corp.], 
immediately matched the move, spokesman [PER Tim Wagner] said. [ORG 
United], a unit of [ORG UAL Corp.], said the increase took effect [TIME Thursday] 
and applies to most routes where it competes against discount carriers, such 
as [LOC Chicago] to [LOC Dallas] and [LOC Denver] to [LOC San Francisco]. 
 

[ORGanization]   [amount of MONEY] 
 [geo. LOCation]   [TIME expr.]    [PERson] 

 
 

500

 



 Consists of two phases (not necessarily separated): 
1. Detection; i.e. to identify the piece of text that 

forms an entity based on (among others): 
 Shape differences: all caps (e.g. “EU”), presence of digits 

(e.g. “U2”), mixed case (e.g. “eBay”), etc. 
 Use of gazetteers: specialized dictionaries of 

[sur]names of people (e.g. “María”, “Alexei”, “Obama”), 
locations (e.g. “Spain”, “Paris”, “Beverly Hills”), 
organizations (e.g. “United Nations”, “UNICEF”, 
“Manchester United”, “Amazon”), etc.) 

 Predictive words: words denoting an entity type (e.g. 
“company”), a position (e.g. “president”), a title (e.g. 
“Mr.”), commercial abbreviations (e.g. “Ltd.”), etc. 

 Presence of symbols: $, €, %, etc. 
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2. Classification; i.e. if that expression is a person 
name, a geographical location, organization, etc. 
 With respect to the taxonomy to be used according to 

the requirements of the system and the application 
context 
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 Example of rules for PERson identification 
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 Temporal/numerical expr. may require an extra step: 

3. Normalization; i.e. mapping them to a given 
format: 

 “seven o'clock in the morning” → 07:00:00  
 “yesterday” (text published on 29th June, 2018) → 28/06/2018 
 “half million dollars” → 500,000 USD 
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 [Jurafsky & Martin, 2009] Jurafsky, D. & Martin, J.H. 
(2009). Chapter 22: Information Extraction. Speech and 
Language Processing: An Introduction to Natural 
Language Processing, Computational Linguistics, and 
Speech Recognition (2nd ed.). Pearson–Prentice Hall. 

 [Nadenau & Sekine, 2009] Nadenau, D. & Sekine, S. 
(2009). A survey of named entity recognition and 
classification. In Sekine, S. & Ranchhod, E. (Eds.), 
Named Entities. Recognition, classification and use, vol. 
19 of Benjamins Current Topics series, pp. 3-27. John 
Benjamins Publishing Co. 

 [Nugues, 2006] Nugues, P.M. (2006). Chapter 9: Partial 
Parsing. An Introduction to Language Processing with 
Perl and Prolog. Springer. 
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 Reference resolution: determining what entities are 
referred to by which linguistic expression 

 
 

REFERENTS REFERRING EXPRESSIONS REFERRING EXPRESSIONS 

“Barack Obama” 
“president Obama” 

“Chinese president Xi Jinping” 
“he” 
“The Chinese president” 
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 We describe two reference resolution tasks: 
1. [Pronominal] anaphora resolution: given a pronoun in a text, 

finding the NP of the text referred by the pronoun 
(i.e. finding its antecedent ) 
 
 

2. [General] coreference resolution: finding all referring 
expressions (NPs) in a text that refer to the same real-world 
entity (i.e. finding expressions that corefer ) 

 
 
 
 
 

“Barack Obama” 
“president Obama” 

“Chinese president Xi Jinping” 
“he” 
“The Chinese president” 

“ Chinese president Xi Jinping was due to (...) in which he will aim to reassure (...) “ 
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 Requires a hand-labeled training corpus where  
each pronoun has been linked by hand with its 
correct antecedent (NP). 

 A classifier is trained using positive and negative 
examples of anaphoric relations: 
◦ Positive examples: those already labeled in the corpus 
 

 
◦ Negative examples: obtained by pairing the pronouns in the 

corpus with other NPs of their previous contexts different 
from their respective antecedents  
 

“ (...) with Barack Obama on Thursday night, in which he will aim to reassure (...) “ 

“ Chinese president Xi Jinping was due to (...) in which he will aim to reassure (...) “ 
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1. Number agreement: pronoun and antecedent NP 
must agree in number. 

   e.g. Mary has adopted two puppies. They are lovely! 
          Mary has adopted two puppies. She is lovely! 
2. Gender agreement: pronoun and antecedent NP 

must agree in gender. 
   e.g. John married Mary last year. He is very lucky. 
          John married Mary last year. She is very lucky.  
3. Person agreement: pronoun and antecedent NP must 

agree in grammatical person. 
   e.g. The boys lost contact with John and me. They were worried. 

         The boys lost contact with John and me. We were worried. 
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4. Binding Theory constraints: when pronoun and  
antecedent NP occur in the same sentence, they 
may be constrained by their syntactic relationship. 

   e.g. John said that Bill bought him a new car.       [ him ≠ Bill ] 
          John said that Bill bought himself a new car.  [ himself = Bill ] 

5. Distance: the further pronoun and its candidate 
antecedent are, the less probable they are 
connected through a reference. 
◦ Different measure units: no. of words in-between both, no. 

of NPs in-between, no. of sentences, etc.  
   e.g. Lex bought a Ford and Mike an Opel. It has a diesel engine. 
 
 

more likely 
less likely 
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6. Selectional restrictions: semantic-type constraints 
that a verb imposes on the kind of concepts that 
are allowed to be its arguments  

   e.g. Olga sat on the car, took her sandwich and began to ate it. 
 

 “it” is being eaten (“to ate it”) 
 To eat something, it must be eatable  
 Two candidates: “the car”, “her sandwich” 
 A “car” is not eatable; thus, it is not a valid candidate 
 but a “sandwich” is eatable 
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TRAINED 
CLASSIFICATION 
MODEL HAND-LABELED 

TRAINING CORPUS 

POSITIVE EXAMPLES 

NEGATIVE EXAMPLES 
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her 

PRONOUN 
+ PRECEDING TEXT 

SYNTACTIC PARSER 

her 

her 

NP 

NP 

NP 

? 
? 

? 

TRAINED 
CLASSIFICATION 
MODEL 

PARSED TEXT 

her 

NP 
Mary 

Candidate  
antecedent NPs  
are checked 

SOLVED REFERENCE 
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 Now any pair of NPs may corefer. 
 Requires a hand-labeled training corpus where  each 

referring expression (NP) has been linked by hand with 
its correct antecedent (other NP). 

 A classifier is trained using positive and negative 
examples of anaphoric relations: 
◦ Positive examples: those already labeled in the corpus 
 

 
◦ Negative examples: obtained by pairing the anaphor NPs of 

the positive examples with those preceding NPs between 
themselves and their respective correct antecedents. 

“ (...) in which he will aim to reassure president Obama about (...) “ 

“ (...) dinner with Barack Obama (...) to reassure president Obama about (...) “ 
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 The same as for pronominal anaphora and some others 

1. String similarity between the potential antecedent and the 
anaphor NP. For example, minimum edit distances from 
the potential antecedent to the anaphor NP and viceversa. 
 Note: The minimum edit distance from string A to string B is 

the minimum number of character editing operations 
(removals, insertions and substitutions) needed to transform A 
into B.  

  e.g. (...) than Cristiano Ronaldo or Lionel Messi. Leo Messi, however (...) 
    “Lionel Messi”          ~ “Leo Messi” 
    “Cristiano Ronaldo” ≠ “Leo Messi”  
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2. Alias (NER required): given two named entities (A,B) of the 
same type, A is an alias of B if they can be matched by 
applying a given set of possible operations. For example: 
◦ PERSON: by removing titles (e.g. “Mr.”), posts (e.g. 

“president”), etc. 
  e.g. Trump met  Kim Jong Un. President Trump has travelled to (...) 
   “President Trump” → “Trump” = “Trump” 
◦ ORGANIZATION: by checking for acronyms, etc. 

  e.g. “European Union” ↔ “EU” 
 
3. Apposition: two NPs linked through syntactic apposition.

 e.g. The ex-President of the USA, Barack Obama, has visited (...) 
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 [Jurafsky & Martin, 2009] Jurafsky, D. & Martin, J.H. 
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Introduction

Objectives:

. Formal and distributional semantics.

. Main ideas behind distributional meaning.

. Distributional contexts.

. Similarity and analogy.
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Formal versus distributional semantics

Formal semantics:

. Precise mathematical models for understanding linguistic meaning.

. Assign meaning to the words, and defines how to combine them to

form the meaning of phrases, etc.

. Meaning as a reference.

Distributional semantics:

. The context of a given word provides information about its meaning.

. Quantifies semantic similarities between words (and larger

expressions).

. Meaning as sense.
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Formal versus distributional semantics in NLP

Formal semantics methods (often) needs a lot of manual work:

. Define and classify semantic features.

. Define compositional rules.

. . . .

Distributional methods are (often) unsupervised:

. Do not need annotated data (but it helps).

. Create vector spaces of each word automatically.

. . . .
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What does sumart means?

“They were playing sumart the whole day.”

“Tomorrow I’m going to a match of sumart with my parents.”

“The local sumart team won the championship.”

“It was the best sumart game I ever played.”

“John was our sumart coach last year.”

“I need a ball of sumart for the weekend.”

“The sumart game ended in a tie.”

. . .

We can infer (learn?) the meaning by its distribution.
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Foundation ideas

“the complete meaning of a word is always contextual, and no

study of meaning apart from context can be taken seriously.”

Firth, John R., 1935. “The technique of semantics”.

5/18
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Foundation ideas

“the meaning of a word is its use in the language”

Wittgenstein, Ludwig, 1997
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Foundation ideas

“It is possible to state the occurrence of any element relative

to any other element, to the degree of exactness indicated

above, so that distributional statements can cover all of the

material of a language without requiring support from other

types of information.”

“The fact that, for example, not every adjectives occurs with

every noun can be used as a measure of meaning difference.”

Harris, Zellig, 1954. “Distributional Structure”.

5/18

 
 

541

 



Intro Formal and distrib. semantics Distributional meaning Computing similarities Contexts Example uses Drawbacks References

Foundation ideas

“You shall know a word by the company it keeps”

Firth, John R., 1957. “A synopsis of linguistic theory 1930–1955”.
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The company it keeps. . .

I want to drink water.

She loves fresh water!

. . .

The dog is running again.

My dog barks every morning.

. . .

fresh barks . . .

water

6 1 . . .

dog

2 5 . . .
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Word vectors

fresh barks . . .

water 6 1 . . .

dog 2 5 . . .

beer

5 1 . . .

wolf

1 4 . . .
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Word vectors
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Word vectors

fresh barks . . .
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dog 2 5 . . .
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Dimensionality and weighting

Each context in the corpus == vector dimension.

Huge vectors → dimensionality reduction (LSA, SVD, etc.).

Frequency is not a good association measure → weighting (PMI,

tf-idf, etc.).

Low-dimensional vectors.

8/18
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Vector spaces

9/18
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Vector spaces
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Cosine distance

Words are represented by vectors.

How to measure the similarity between two words?

Cosine similarity (others: Jaccard, Dice, etc.).

10/18
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Contexts for distributional semantics

Bag-of-words models.

PoS-tags.

Lemmatized contexts (with/without PoS).

Dependency (syntactic) contexts.

Context selection / filter.

fresh barks . . .

water 6 1 . . .

dog 2 5 . . .

11/18

 
 

557

 



Intro Formal and distrib. semantics Distributional meaning Computing similarities Contexts Example uses Drawbacks References

Contexts for distributional semantics

Bag-of-words models.

PoS-tags.

Lemmatized contexts (with/without PoS).

Dependency (syntactic) contexts.

Context selection / filter.

fresh_ADJ barks_VERB . . .

water 6 1 . . .

dog 2 5 . . .

11/18
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Contexts for distributional semantics

Bag-of-words models.

PoS-tags.

Lemmatized contexts (with/without PoS).

Dependency (syntactic) contexts.

Context selection / filter.

fresh (ADJ) bark (VERB) . . .

water 6 1 . . .

dog 2 5 . . .

11/18
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Contexts for distributional semantics

Bag-of-words models.

PoS-tags.

Lemmatized contexts (with/without PoS).

Dependency (syntactic) contexts.

Context selection / filter.

amod_fresh subj_bark . . .

water 6 1 . . .

dog 2 5 . . .
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Algebraic operations

Algebraic operations on vectors.

Prime example:

. king - man + woman =

queen

Example: SketchEngine embeddings

12/18
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Analogy

Capable of finding analogies such as:

. conscious, unconscious; responsible: irresponsible

. Madrid, Spain; Paris: France

. dog, dogs; corpus: corpora

. play, playing; sleep: sleeping

. man, woman; boy: girl

. Russia, rouble; Europe: euro

. Italia, italian; France: french

. . . .

13/18
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Clustering

mammals: dog, elephant, cat, cow, lion, . . .

birds: robin, sparrow, pigeon, chicken, eagle, . . .

fish: cod, goldfish, minnow, salmon, trout, tuna.

vegetables: broccoli, spinach, lettuce, potato, onion, . . .

fruit: apple, orange, grape, peach, strawberry, . . .

trees: oak, pine, birch, cedar.

vehicles: boat, car, ship, truck, motorcycle, helicopter, . . .

clothes: shirt, pants, socks, jacket, sweater, . . .

tools: screwdriver, hammer, chisel, wrench, sandpaper, pliers.

kitchenware: cup, bowl, spoon, pan, pot, blender, . . .
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Software

Software:

. word2vec: https://code.google.com/archive/p/word2vec/

. GloVe: https://nlp.stanford.edu/projects/glove/

. fastText: https://fasttext.cc/

Demos:

. LX-SemanticSimilarity:

http://lxcenter.di.fc.ul.pt/services/en/LXServicesSemanticSimilarity.html

. TensorBoard: http://projector.tensorflow.org/

. Diachronic explorer:

https://tec.citius.usc.es/explorador-diacronico/

. Turku NLP: http://bionlp-www.utu.fi/wv_demo/
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Drawbacks and on-going work

Polysemy.

Antonymy.

Compositionality.

Idioms.

. . .

16/18
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Thanks! :-)

Questions?
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 Text Mining is the non-trivial process of analyzing 
[unstructured] text to obtain high-quality 
information (even knowledge) potentially useful for 
a particular purpose. 

 This process may involve a wide range of tasks 
such as: 
◦ Information Retrieval 
◦ Text categorization 
◦ Text clustering 
◦ Information extraction 
◦ Question Answering 

◦ Document summarization 
◦ Sentiment Analysis 
◦ (…) 
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 The main problem when dealing with natural language content 
is the so-called linguistic variation, that is, how the same 
message can be encoded in different forms (and viceversa).  
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 Different types/levels of variation: 
◦ Morphological: ref. inflectional and derivational changes 

actor ⇆ actress          [to] act ⇆ actor 
◦ Lexical-Semantical: e.g. synonymic and polysemic phenomena 

adorable ⇆ charming ⇆ lovely 
mouse  vs.  mouse 

◦ Syntactical: changes in the syntactic structure 
John attacked Mike ⇆ Mike was attacked by John  

vs. 

Mike attacked John  
◦ Mixes: e.g. morpho-syntactical variation 

climatic change ⇆ change of [the] climate 
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 Natural Language Processing (NLP) techniques can 
solve or reduce the impact of linguistic variation 

 In general, two types of approaches: 
1. Normalization: to conflate the different variants of a 

term/expression into a common canonical form 
 e.g. lemmatization (i.e. to replace a term by its lemma) 
  [she] sings 
  [we] sing          →  [to] sing 
  [we] sang 

2. Expansion:  to extend the processing by also 
including the variants of a term/expression 

 e.g. to include the synonyms of a term in a web search: 
 adorable charming lovely  kittens  pics 
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 [Arampatzis et al., 2000] Arampatzis, A., van der Weide, 
Th. P., van Bommel, P. & Koster, C.H.A. (2000). 
Linguistically-motivated Information Retrieval. In vol. 
69 of Encyclopedia of Library and Information Science, 
pp. 201–222. Marcel Dekker. 
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 Given a document collection and an information need of 
the user expressed as a text query, an Information 
Retrieval (IR) system will retrieve a [ranked] list of those 
documents which deal with the topic of the query (i.e. 
whose content potentially satisfies that original need). 
◦ It doesn’t obtain the information required by the user, it 

just indicates where such information should be. 
 Applications: 
◦ Document search services (e.g. libraries) 
◦ Internet Search Engines 
◦ Spam filters 
◦ (…) 
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DOCUMENT 
COLLECTION 

(LIST OF) 
RELEVANT 
DOCUMENTS 

height mount Everest 
QUERY ? 

INFORMATION NEED 

QUERY 

IR SYSTEM 

Usually indexed  
(by the terms  
contained in docs.)  
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 Documents and queries are represented as sets of 
terms (a.k.a. index terms or keywords) 

 If a text contains a given term, we can assume that, 
somehow, that text addresses such topic. 

 If a query and a document share one or more index 
terms, we can assume that the document addresses 
the topic of the query. 

Everest Everest 
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 Not all terms are equally representative or important 

 Weight  wij of an index term ti in document dj 
 Based on: 
◦ tfij : no. of occurrences of term ti in document dj 
◦ ni : no. of documents of the collection containing term ti 
◦ N : no. of documents of the collection  
◦ lj : length of document dj 

 Diverse ways of combining them: weighting schemes 
 Most popular (baseline): tf-idf 
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 A retrieval model establishes: 
1. How to represent a document 
2. How to represent an information need (query) 
3. How to compare them 
 

 Classical models: 
◦ Boolean model 
◦ Vector model 
◦ Probabilistic model 
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 Mathematical basis: Boolean algebra + Set theory 
 Document: set of terms contained in the text 
 Query: condition expressed as boolean expression = 

terms + boolean operators (AND, OR, NOT) 
 Docs. fulfilling the condition totally are retrieved with 

no ranking 

Docs containing 

restaurant  Docs containing  

pizza 

Docs containing  

pineapple 

docs to be retrieved 

e.g. restaurant  AND pizza  AND NOT pineapple 
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 Mathematical basis: linear algebra 
 Documents/queries: vectors in T-dimensional space 
◦ T = size of vocabulary (i.e. number of unique terms) 
◦ Dimension i corresponds to term ti 
◦ Doc dj as vector 
◦ Query q as vector  

◦ wij : weight of index term ti in document dj 
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 The closer the vector of document dj is to the vector of 
query q, the more similar they are (i.e. the more relevant 
the document is) 

◦ Distance between vectors measured using 
the cosine of the angle θ formed by them 

 

e.g. cheap  hotel  Paris 

cheap 

Pa
ris

 

θ1 
θ2 

q → 

d1 
→ 

d2 
→ 
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 Distance between two vectors measured using the 
cosine of the angle θ formed by them: 
 
 
 
 

 The vector model allows: 
◦ Partial matching 
◦ Ranking of results (according to similarity) 
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 In the Web, documents are connected through 
hyperlinks forming a huge graph. 

 Classical IR models do not consider this. 
 A good Web IR model must also take into account: 
◦ Structure of web pages 
◦ Anchor texts of the links (they describe the target page)  
◦ Popularity of each web page 
◦ (…) 

 The so-named PageRank algorithm developed by 
Google was a major technological breakthrough. 
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 The popularity of a web page is computed according 
to the number of incoming links received 
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 A link from page A to page B can be seen as a vote given 
by A to B 

 The more votes (incoming links) you have, the more 
popular you are 
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 Not all votes have the same value 
 A vote (incoming link) from a popular page is more 

valuable 
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 Feedback is present; thus, PageRank must be 
calculated iteratively 

n 
times 
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 [Baeza-Yates & Ribeiro-Neto, 2011] Baeza-Yates, R. & 
Ribeiro-Neto, B. (2011). Modern Information Retrieval: the 
concepts and technology behind search (2nd   edition). 
Pearson Education. 

 [Büttcher et al., 2010] Büttcher, S., Clarke, C.L.A. & 
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 [Croft et al., 2009] Croft, W.B., Metzler, D. & Strohman, T. 
(2009). Search Engines: Information Retrieval in Practice. 
Pearson Education. Freely available at: 
https://ciir.cs.umass.edu/irbook/  

 [Manning et al., 2008] Manning, C.D., Raghavan, P. & 
Schütze, H. (2008). An Introduction to Information 
Retrieval. Cambridge University Press. 
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 Unstructured information: encoded in a way that impedes its 
immediate automatic processing (i.e. as natural language) 

 
 
 
 
 

 

 
 Structured information: data with well-defined semantics and 

susceptible of automatic processing (databases, spreadsheets, etc) 
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 Information Extraction (IE): aims to obtain structured 
information from natural language documents 
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 A consulting company subscribed to an economic news 
provider intends to keep track of mergers, takeover bids 
and bankruptcies of public companies, organizing them 
chronologically and by company. 

Bridgestone Sports Co. said Friday it has set up a joint venture in Taiwan with a local concern 
and a Japanese trading house to produce golf clubs to be shipped to Japan. The joint 
venture, Bridgestone Sports Taiwan Co., capitalized at 20 million Taiwan dollars, will start 
production in January 1990 with production of 20,000 iron and metal-wood clubs a month. 
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 Highly-specialized systems of restricted-domain. 
 Remarkable (sub)tasks involved (among others): 
◦ Entity recognition: people, organizations, locations, temporal 

and numerical expressions, etc. 
◦ Coreference resolution 
◦ Relation detection and classification 
◦ Combination of partial results 

 
 

601

 



 Double objective: 
1. To identify those relations relevant to the domain 

between the entities contained in the text. 
 Must have been specified a priori 
 Domain-dependant (specialization) 
 2 subtasks involved: 

i. Detection 
ii. Classification 

 RELATIONS EXAMPLES TYPES 

AFFILIATIONS Personal 
Organizational 
Artifactual 

married to, mother of 
spokesman for, president of 
owns, invented, produces 

PER → PER 
PER → ORG 
(PER|ORG) → ART 

GEOSPATIAL Proximity 
Directional 

near, on outskirts 
southeast of 

LOC → LOC 
LOC → LOC 
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2. To generate their representations (e.g. templates, 
logic propositions, etc.) 

  PRODUCER_OF: PRODUCER: Nintendo 
                 PRODUCT: Wii     

  PRODUCER_OF ( Nintendo, Wii ) 
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Bridgestone Sports Co. said Friday it has set up a joint venture in Taiwan with a local concern and 
a Japanese trading house to produce golf clubs to be shipped to Japan. The joint venture, 
Bridgestone Sports Taiwan Co., capitalized at 20 million Taiwan dollars, will start production in 
January 1990 with production of 20,000 iron and metal-wood clubs a month. 

 /<NPCOMPANY(IES)>$1 <VPFORM>$2 <NPJOINT-VENTURE>$3 with <NPCOMPANY(IES)>$4/ =~ 

  [NP Bridgestone Sports Co.]$1 said Friday it [VP has set up]$2 [NP a joint venture]$3 in Taiwan with  
  [NP a local concern]$4:1 and [a Japanese trading house]$4:2 to produce golf clups to be shipped  
  to Japan. 
 /<NPCOMPANY(IES)>$1 capitalized at <NUMEXCURRENCY>$2/ =~ 

  The joint venture, [NP Bridgestone Sports Taiwan Co.]$1, capitalized at [NUMEX 20 million   
  Taiwan dollars]$2, will start production in (...) 
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 Different (parts of) texts may refer to the same event or relation. 
 Therefore the information referred to it is distributed among them. 
 By combining those sources, more complete information can 

be obtained. 
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 The goal of Question Answering (QA) is to return 
concrete answers to precise and arbitrary questions 
from the user: 

  “ Who is the French president ? "   Emmanuel Macron 
  “ Where is the Louvre Museum ? "   In Paris, France 
  “ Which is the currency in China ? "   The yuan 

 Applications: when the end user needs to know a 
specific piece of data without having to read the 
documents related to that search topic: 
◦ Virtual assistants 
◦ Online help systems 
◦ Query interfaces for consulting technical manuals 
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 Combines IR and IE techniques: 
◦ IR systems: can locate documents related to the topic of the 

query but cannot extract the required information 
◦ IE systems: can extract the required information but cannot 

process arbitrary queries (highly-specialized systems) 

PASSAGE RETRIEVAL 

  Query derived  
from the question 

2 

Question 1 

QUESTION PROCESSING 

Query Formulation 

Document 
Retrieval 

Selection of 
Relevant Passages 

 Document 
collection 

3 

Answer 
Processing 

Answer 7 

  Types of the question 
and the expected answer 

5 

  Documents relevant 
to the question 

4 

  Relevant passages 
from the documents 

6 

Question-Answer 
Classification 
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I. Question processing: processes the question to: 
1. Query formulation: generates the query used to search 

the collection for documents relevant to the topic of 
the question (i.e. IR process) 

   Question:  “ Who is the French president ? " 
   Query:  president, french 

2. Question-Answer classification: identifies the type of 
answer to be expected based on the type of the 
question 
 E.g., in the case of factoid questions it refers to the entity 

type of the answer: person, location, date, etc. 
   Question:  “ Who is the French president ? " 
   Q-A type:  person (PER) 
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II. Passage retrieval: locates those fragments (passages) of the 
documents of the collection which are relevant to the 
question topic. 2 phases: 

1. Document retrieval: by using  the query previously obtained from 
the question, searches the collection for documents relevant to 
the question topic (i.e. IR process) 

2. Selection of relevant passages: processes the documents obtained 
in the previous phase to locate those fragments (passages) likely 
to contain the answer. 

III. Answer Processing: extracts the answer from the candidate 
passages obtained. 2 approaches: 

   Question:  “ Who is the French president ? “ 
1. Returning the exact answer. 

  

   Answer: Emmanuel Macron 
2. Returning a text window from the document containing the 

answer (snippet). 
       Answer: [ the new French president, the centrist Emmanuel Macron ] 
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Motivation

500 million tweets 510 000 comments 453 million
per day per minute reviews

Use data generated from humans as subjective sensors
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Sentiment Analysis

It is about using natural language processing to extract
subjective information from texts

Primary challenges:

I Polarity classification
Determine if a text is positive, neutral or negative

I Aspect-based sentiment analysis
Determine the polarity of the different aspects discussed in a
text

I Opinion summarization
Summarize multiple opinions into a short review containing
the most relevant/popular information
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Sentiment Analysis - Polarity classification

Given a sentence [w1,w2, ...,w|w |] and a set of polarities P, the

goal is to create a system s to do the mapping s : W d −→ P:

s(‘I love you’) = positive

s(‘I hate Mondays’) = negative
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Sentiment Analysis - Polarity classification

Two main perspectives:

I Using lexicon-based approaches

I Using machine learning models
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Lexicon-based approaches for SA
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Lexicon-based approaches for SA

Use sentiment dictionaries and a rule-based system to
predict the sentiment of texts

Sentiment dictionaries
Lists of words that are mapped to a positive or negative sentiment

problems → -3
good → +2
mad → -2
killer → -5

References
Taboada, M., Brooke, J., Tofiloski, M., Voll, K., & Stede, M.
(2011). Lexicon-based methods for sentiment analysis.
Computational linguistics, 37(2), 267-307
https://www.mitpressjournals.org/doi/abs/10.1162/

COLI_a_00049
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Lexicon-based approaches for SA - Lexica

Some available resources:

I SFU Semantic Orientation Dictionaries
https://github.com/sfu-discourse-lab/SO-CAL/tree/

master/Resources/dictionaries

I SentiWordNet
http://sentiwordnet.isti.cnr.it/

I SenticNet
http://sentic.net/downloads/

I NRC Canada Sentiment Lexica
https://www.nrc-cnrc.gc.ca/eng/rd/ict/emotion_

lexicons.html
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Lexicon-based approaches for SA - Lexica
Or we can create our own resources:

I Manually
High precision, but the recall might be low. We need humans
(and time!) to create them.

I Automatically
Basic idea: Take a large collection of positive and negative
texts and see which words are frequent in the positive texts
and which words are common in the negative ones.

How to do it? Check these papers:
Peter D. Turney. 2002. Thumbs up or thumbs down?:
Semantic orientation applied to unsupervised classification of
reviews. In ACL 2002.
https://doi.org/10.3115/1073083.1073153

Mohammad, S., Kiritchenko, S., & Zhu, X. (2013).
NRC-Canada: Building the State-of-the-Art in Sentiment
Analysis of Tweets. In SemEval 2013.
https://arxiv.org/abs/1308.6242
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Lexicon-based approaches for SA - Lexica

Sometimes we need to adapt the sentiment to the domain at hand:

I Sentiment changes depending on the topic
Are ‘monster’ or ‘war’ always negative words?

I Abstract domains are more difficult to classify:
movies, music, books, . . .

I Proper names play a role in sentiment:
Apple, Clint Eastwood, Charlie Sheen, . . .
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Lexicon-based approaches for SA - Baseline

Find occurrences of subjective words in the text and
compute a global semantic orientation (SO)

Example:

I do have problems (-3), but I feel good (+2)

(If we simply sum, we obtain a final semantic orientation of -1)
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Lexicon-based approaches for SA - Baseline

Sentiment analysis is not that simple!

Many models fail at:

Morphosyntactic structure:
s(‘I am fine’) = s(‘They gave me a fine’) ?

Semantic composition:
s(‘I am fine’) = s(‘I am not really fine’) ?

Multiple languages:
s(‘I am fine’) = positive
s(‘Eu estou ben’) ?

Irony, sarcasm, external knowledge, etc
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Lexicon-based appraoches for SA - Baseline

The simplest option is to use snippets to determine the scope of
linguistic phenomena

I     am      not      sick      ,    I     feel     really     fine
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Lexicon-based approaches for SA - Baseline

The simplest option is to use snippets to determine the scope of
linguistic phenomena but sometimes this does not work!

I     am      not      waiting     for      anything     good     to     happen
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Lexicon-based approaches for SA - Baseline

Strengths:

I Easy to process new languages
We only need to adapt the dictionaries to the language we
want to analyze

I Fast and robust

Weakness:

I Very shallow syntactic structure
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Lexicon-based approaches for SA - Syntactic
baseline

Dependency parsing to obtain a syntactic tree of a sentence
(Nivre, 2004)
“who does what to whom”

ROOT    This     phone    is    good    and    not     really    very     expensive

coord

attr

advmod

not

attrspec subj

advmod

sentence

Scope of linguistic phenomena based on syntactic relations in thre
tree

s : T → R→ P

Intended for Spanish and AnCora dependency trees Pos-order

recursive spread of the SO)
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Some existing lexicon-based approaches

The SO-CAL: Available for English and Spanish (Taboada et al.,
2009 and Brooke et al., 2011)

Available at: https://github.com/sfu-discourse-lab/SO-CAL/

Paper: Taboada, M., Brooke, J., Tofiloski, M., Voll, K., & Stede, M.

(2011). Lexicon-based methods for sentiment analysis. Computational

linguistics.

SentiStrength: Avaliable for more than 20 languages (Thelwall et
al., 2012)
It is easy to add new languages: only the configuration files need
to be modified

Available at: http://sentistrength.wlv.ac.uk/

Papers:
Thelwall, M., Buckley, K., & Paltoglou, G. (2012). Sentiment strength
detection for the social web. JASIST.

Vilares, D., Thelwall, M., & Alonso, M. A. (2015). The megaphone of

the people? Spanish SentiStrength for real-time analysis of political

tweets. JIS.
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Some existing lexicon-based approaches

UUUSA: Available for English, German, Spanish, Portuguese,
Galician, Basque and Calatan.

Available at: https://github.com/aghie/uuusa

Demo: https://miopia.grupolys.org/

Paper: Vilares, D., Gómez-Rodŕıguez, C., & Alonso, M. A. (2017).

Universal, unsupervised (rule-based), uncovered sentiment analysis.

Knowledge-Based Systems.
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Machine Learning methods for SA
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Machine learning for SA

Machine learning: A type of artificial intelligence that learns how
to solve tasks without being explicitly programmed for them

A simple baseline in sentiment analysis: the bag-of-words approach

1. Represent the sentence as a one-hot vector

2. Use it to train a supervised classifier and predict the sentiment
of new sentences

References:
Pang, B., Lee, L., & Vaithyanathan, S. (2002, July). Thumbs up?:
sentiment classification using machine learning techniques. In ACL
2002.
https://dl.acm.org/citation.cfm?id=1118704
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Machine learning for SA - Bag-of-words model

I like that dog

  I   like  hate   ...  that   ...   dog   ...   cat  love  ...    it   not    ... 
    

... ... ... ... ...1 1 10 1 0 0 0 0

Supervised classifier

 
 

644

 



Machine learning for SA - Bag-of-words model

To train the model we can use any supervised method that uses as
input a vector of discrete features:
Naive Bayes, decision trees, support vector machines, . . .

We can add more complex features
Zhu, X., Kiritchenko, S., & Mohammad, S. (2014).
NRC-canada-2014: Recent improvements in the sentiment analysis
of tweets. In SemEval 2014.

Vilares, D., Alonso, M. A., & Gómez-Rodŕıguez, C. (2015). On the
usefulness of lexical and syntactic processing in polarity
classification of Twitter messages. JASIST.

Libraries to create a bag-of-words model easily:

I WEKA (for Java)
https://www.cs.waikato.ac.nz/ml/weka/

I scikit-learn (for Python)
http://scikit-learn.org/stable/
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Machine learning for SA - Bag-of-words model

It does not understand the context

I like that dog, I do not hate it

  I   like  hate   ...  that   ...   dog   ...   cat  love  ...    it   not    ... 
    

... ... ... ... ...1 1 1 1 0 01 1 1

I do not like that dog, I hate it

  I   like  hate   ...  that   ...   dog   ...   cat  love  ...    it   not    ... 

... ... ... ... ...1 1 1 1 0 01 1 1
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Machine learning for SA - Bag-of-words model

Possible solution? Consider larger n-grams (e.g. not like, not hate,
. . . ) instead of single words

Sparsity will be a even more serious problem

I It cannot properly learn what rare words mean

It still cannot deal with out-of-vocabulary words
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Machine Learning methods for SA - Popular
datasets

I IMDB dataset: 50 000 reviews. Labeled into 2 classes
(positive and negative)
http://ai.stanford.edu/~amaas/data/sentiment/

I Stanford Sentiment Treebank: 11 855 sentences. Labeled into
2 and 5 classes
https://nlp.stanford.edu/sentiment/

I Yelp review dataset: 500 000 reviews. Labeled into 2 and 5
classes
https://www.kaggle.com/yelp-dataset/yelp-dataset

Different ways to measure the performance:
https://github.com/sebastianruder/NLP-progress/blob/

master/sentiment_analysis.md
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Deep learning for SA

Deep learning is a part of machine learning that uses multilayer
neural networks to train models that solve a particular problem

Advantages

I Very suitable to use distributed representations (word
embeddings) as inputs

I Sequence models can get a sense of the context and long
dependencies between words
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Deep learning for SA - Embeddings

Previous models based discrete word co-occurrences:

I Sparse, out-of-vocabulary words?

Current trend:

I Use embeddings: a word is represented by a low-dimensionality
vector (e.g. from 50 to 300 dimensions) of real numbers

I Can be computed in an unsupervised way

I Similar words should have similar embeddings
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Deep learning for SA - Embeddings

Models to compute embeddings and pretrained word embeddings

I Word2vec: https://en.wikipedia.org/wiki/Word2vec

I Glove: https://nlp.stanford.edu/projects/glove/

I fastText:
https://github.com/facebookresearch/fastText

I ELMO: https://github.com/allenai/allennlp/blob/
master/tutorials/how_to/elmo.md
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Deep learning models for SA - Convolutional Neural
Networks

Convolutional neural networks (CNN)
LeCun, Y., Bottou, L., Bengio, Y., & Haffner, P. (1998).
Gradient-based learning applied to document recognition.
Proceedings of the IEEE, 86(11), 2278-2324.

Identify local predictors in a large structure

Combine them

Capture the local aspects that are most informative
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Deep learning models for SA - Convolutional Neural
Networks
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Deep learning models for SA - Convolutional Neural
Networks
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Deep learning models for SA - Convolutional Neural
Networks
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Deep learning models for SA - Convolutional Neural
Networks
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Deep learning models for SA - Convolutional Neural
Networks
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Deep learning models for SA - Convolutional Neural
Networks
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Deep learning models for SA - Convolutional Neural
Networks
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Deep learning models for SA - Convolutional Neural
Networks
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Deep learning models for SA - Convolutional Neural
Networks
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Deep learning for SA - Long short-term memory
networks

Long short-term memory networks
Hochreiter, S., & Schmidhuber, J. (1997). Long short-term
memory. Neural computation, 9(8), 1735-1780.

It encodes and represents in vectors the previous context of the
sequence

Can be easily made bidirectional (to take into account left-to-right
and right-to-left context)
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Deep learning for SA - Long short-term memory
networks

LSTM LSTM LSTM LSTM LSTM LSTM LSTM

I           do         not       like       this    movie     arggg

embeddingembedding embeddingembedding embeddingembedding embedding

Broadly speaking, the last output is a vector

that encodes the meaning of the whole sentence

. . .fully connected layer

output layer

+ -
. . .
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Deep learning for SA - Libraries & Examples

Keras: https://keras.io/

Example for SA using LSTM’s: https://github.com/

keras-team/keras/blob/master/examples/imdb_lstm.py

Pytorch: https://pytorch.org/

Example for SA using LSTM’s: https://github.com/clairett/

pytorch-sentiment-classification

Tensorflow: https://www.tensorflow.org/

Example for SA using LSTM’s:
https://github.com/tensorflow/transform/blob/master/

examples/sentiment_example.py
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Further reading

Books on sentiment analysis:
Pang, B., & Lee, L. (2008). Opinion mining and sentiment
analysis. Foundations and Trends R© in Information Retrieval,
2(1–2), 1-135.
Liu, B. (2012). Sentiment analysis and opinion mining. Synthesis
lectures on human language technologies, 5(1), 1-167.

Neural networks and natural language processing:
Goldberg, Y. (2017). Neural network methods for natural language
processing. Synthesis Lectures on Human Language Technologies,
10(1), 1-309.
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Questions?
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