3 • Separating contractions into multipletokens: you’re → you ’re

Occasionallyambiguous:alsospelling,typingerrors, abbreviatoryconventions — ideallyreturn a lattice representingall possibilities

th m n worked

Traitements de Corpus — 4

Background Reading : Traitements probabilisteset corpus, Traitement automatique des langues Vol. 36, 1995, no. 1–2: Merialdo(HiddenMarkovModel), 7–22;Stein&Schmid(Decisiontrees), 23–35; Loupy (Transformation rule-based),37–46

Tokenisation Sentence boundary detection Tagging: Hidden Markov Model, transformation rule-based, Constraint Grammar Chunking:finite-state transducer, memory-basedlearning,decisiontree Namedentity recognition

4 Sentence Bounda ry Detection

Sentence detection: end-of-sentencepunctuation marks (., ..., ?, !) ambiguous;need context. E.g.

. London ? 4 p.m . London ?

At 4 p.m . London N at 4 p.m . London ? at 4 p.m . London, Y

Somedisambiguationtechniques:

• regular expression(finite-state) grammars and exceptionrules

– language-specific – requiresonlyexceptionlists of abbrevationsetc.

2 Tokenisation

A big problemfor Chineseetc. (no interword spacing,complexmorphology) — not so bad for western European languages

Issuesthat a tokeniserhas to deal with: • Normalizingquotation marks and identifyingtheir type (i.e. translate ′′ into either “ or ”) • Differentiating^′ as apostrophe from^′ as closesinglequote • Differentiating genitive’s from ’s as a permanent portion of a name (e.g. McDonald’s the company≠ McDonald followed by genitive’s, and is quite different fromJohn’s) • Splitinghyphenated words whichare not themselvesactually ‘words’ (e.g. inthe Apple-IBM joint venture translate Apple-IBM into Apple - IBM, but don’t translate well-known into well - known) • HandlingURLs,e-mailaddresses,telephonenumbers,SGML,currency amounts, percentages, formulae,numbers sensibly

7 • n-gram tag transition matrix of probabilities: in practice always bigram (n = 2) or trigram (n = 3). Zeros replacedby small positive figuresothat probability-multiplesdon’tgoto zero— sometimessmall probabilitiesare smoothed (e.g. usingGood-Turing method)

Whentaggingnewtext get candidatetags and probabilitiesfor eachword, and tag transition scores. UseViterbialgorithm to find best sequenceof tags. Givesup to 96–97% correct assignmentof tags to words (so a sentence of 25 words wouldbe expected to contain 1 tagging error)

90% accuracyfromword freq info,remaining6–7% fromn-grams

N.B. Finite-state automata (FSA) too weak to define natural languages: can’t cope with unboundednested dependencies,e.g. subject of inflected verbmay be separated fromit by longrelativeclause.

• But this doesn’t implyFSA-type approachescan’t do anythinguseful in NLP. (Defining all-and-onlythe legal sentences not the ultimate goal)

• Perfect tagging would presumablyrequire full parsing ability; but if

5 • neuralnetwork, e.g. SATZ systemusespart-of-speechprobabilitiesfor words in text as input to a neural network trained to label sentence boundaries

– requiresPoS lexiconwith frequencies – uses most probableparts-of-speech of 3 words before, 3 after – easilytrainable to newtext genresand languages

• maximumentropy approach (e.g. MikheevACL-98)

– define a set of features over categories (one or more of abbreviation, proper name, content word, closed-classword) and attributes (capitalised/ not) of context words – collectand classifytraininginstances – computeset of features— or conjunctionsof featuresthat best fit traininginstances E.g.

X(+ cap.) X p.m . N PREP(+ not cap.) X p.m . PN , Y

8 input is ‘messy’/semi-ungrammatical,automatic parser may just fall over. An eliminativetechnique can never fail to yieldsome analysis, whichwillmay wellbe correct enoughof the time

Robust systemsthat work on anythingmay be more use for practical applications than systems that produce perfect results with perfect input and no results with imperfect input

Transfo rmation Rule-based ‘Brill’ Tagging

Statistical approachesoften capture linguisticinformationinlarge opaque tables of probabilities: difficult to understand these systems and work out how to improve them. ‘Brill’tagging (also parsing etc.) based on transformation rule-basedlearning:

1. label all words with their most likelytag

2. compare to the ‘truth’

3. construct an orderedlist of transformations(= rewriterule+ triggering environment)to get nearer the truth

6 Part-of-Sp eech Tagging

Hard for English:Buck shot cost double last time prices rose. — easier in more highly-inflected languages?

Somesuccessfulapproaches,all ‘eliminative’rather than ‘constructive’:

Probabilistic (HMM) Tagging

Tagsets consist of typically30–250 extended part-of-speech labels (e.g. verbpast tense, pluralcommonnoun, comma,...). Cantrain eitherfrom:

• manually-taggedtext, or

• untagged text usinga previouslyexistinglexicon

Trainingmaximisessum of probabilitiesof trainingsentences→

• lexiconwith word-tag frequencies,plus

11 Chunking

Segmentingsentencesinto syntacticallycorrelated chunks— most commonlyfocussingon nominalchunks,or baseNPs. Theseare just the head noun and precedingmaterial such as determinersand adjectives. E.g.

[NP He ] [VP reckons ] [NP the current account deficit ] [VP will narr ow ] [PP to ] [NP only $ 1.8 billion ] [PP in ] [NP September ] .

Both statistical and corpus-based linguisticapproaches can work well, with accuracy90–93% recalland precisionfor base NPs. See <http://lcg-

www.uia.ac.be/conll2000/chunking/>

Finite-state Transducers

NP → D? N* N VP → V-tns | AuxV-bse

Only the longest match creates an output chunk. If recogniser‘blocks’

9 ‘changethe tag fromMD (modal) to NN (noun) ifthe preceding tag is DT (determiner) ’

TheDT canMD rustedVBD . .

→ TheDT canNN rustedVBD . .

Greedysearch: iterate, addingbest-scoringtransformation to set and updating corpus annotations. Stop when no transformation can improve score

Set of transformations is readable (although interactions between them make them diffi cult to understand). Demo at <http://bigram.cs.jhu.edu/

~demos/tag.html>

Constraint Gramma r

Not trained on corpora, but developed manuallybased almost whollyon corpus evidence

Unordered(non-interacting)collectionofruleswhicheliminateimpossible

12 without reachinga final state then starting word is copiedto output and recogniserstarts again at next word. E.g.

He reckons the current account deficit will narr ow to only $ 1.8 billion in September . N V-tns D N N N Aux V-bse P D N N N P N . NP –VP — — –NP — — —VP P — — –NP P NP .

Memo ry-based Learning

Classifyeach word token in training data as the first word of a chunk, the second or subsequent word of a chunk, or not in a chunk. Associate with the classification a feature vector containinge.g. 5 words and PoStags to the left, the word itself,and 3 wordsand PoStags to the right

To run, find nearest learned feature vector to new instance and take its classification. Distance metric couldsimplycount number of mismatching feature values, or alternativelytake into account differential feature weights

10 readingsof words in particular contexts, e.g.

‘discard anyfinite verbreadingifthe precedingword has a reading with the base form to’ (@w=0 VFIN(-1 TO))

‘discard any modal auxiliaryreadingifthe right-handcontext contains no infinitive’ (@w=0 AUXMOD(NOT *1 INF)) Can alsopicka particular readingas the singlecorrect one in a particular context (much lesscommon). May return multiplelabelsfor words where rulescannot resolveambiguity

Grammar formalismand impressivelyaccurate wide-coveragesystem for English(ENGCG)developed at University of Helsinki— demoat <http://

www.ling.helsinki.fi/~tapanain/cg/cgdemo.html>

Further refined and used for shallow parsing (i.e. assigningsubject, main verb, object labels) at Xerox Grenoble, and Conexor Finland <http://

www.conexor.fi/analysers.html>

15 Named Entit y Recognition

Usefulas a sub-taskofinformationextraction, and alsoinits ownrightfor document retrieval/ routing. Well-established(and detailed) annotation guidelinesdeveloped for US MUC(Message UnderstandingConference) evaluations

Detect names of people,companies,organisations: • Robert Johnson , R. Johnson and Bob Johnson

• Wal-Mart , WalMart and Wal Mart

• Bank of New York, BONY and BNY (but not bony)

Alsoplaces,dates, times of day: • Paris / Paris, France / Paris, capital of France

• 1/1/2000 / Jan. 1st / the first of January, 2000

• 14:30 / 2.30 p.m. / fourteen-thirty hours GMT

13 Features are treated as independent. But sometimescombinationsoffeatures are good predictors, so could combine features to form complex features. Needsearch strategy sincemany possiblecombinations.

Decision Trees

Create feature vector / classification pairs

V-tns D N NP-S (start) D N N NP-I (inside) . N V-tns NP-S V-tns P D NP-O (outside) . P N NP-O

To buildthe decisiontree, select a feature to be the root node. One way to pickroot node is to count the ‘decisiveness’of each feature. Afeature is highlydecisiveif in every vector with a given value for the feature, classification is the same:

14 feature decisiveness previoustag 1/5 current tag 3/5 next tag 2/5

So top node is the current tag feature:

current tag = D ⇒ NP-S N ⇒ previoustag = D ⇒ NP-I . ⇒ NP-S P ⇒ NP-O Preferencefor pickingmost decisiveattributes first isa type ofbias. More generalbiasesindecisiontree constructionmakeuseofinformationtheory.