3 Augmenting Gramma rs with Probabilities

Two major problemswith phrase-structure grammars parsing real-world text: under-generationand ambiguity resolution

• Timeflieslike an arrow, withtime V,N;flies V,N;like V,P: 4 parses • compoundnouns,e.g. airport longterm car parkcourtesyvehiclepickup point: N → N N = Catalan series(1430 analyses) • multipleprepositionalphrases, complementsvs. adjuncts, etc.

Deliberatelyhavea ‘loose’grammar — to dealto someextent withundergeneration— and to dealwithloosenessand ambiguitytrain a probabilistic model on treebank analysescompatiblewith grammar

Probabilistic context-free gramma r (PCF G)

Associate a probability with each context-free grammar rule P (X → Y...), s.t. all P (X → ...) sum to 1 for each X

Traitements de Corpus — 5

Background Reading : Traitements probabilisteset corpus, Traitement automatique des langues Vol. 36, 1995, no. 1–2: Rajman(Approche probabilistede l’analysesyntaxique),157–199

Basicstatistical phrase structure parsing • probabilisticcontext-freegrammar (PCFG) Parsingusingcontextual probabilities • extendedPCFG, history-basedgrammar • probabilisticleft corner / LRparsing • transformation-basedlearningof syntax Usinglexicalprobabilities • stochastic lexicalisedtree-adjoininggrammar • data-oriented parsing • parsingwith bi-lexicaldependencies

4 Eachderivationof a sentenceisassigneda probability = product of probabilitiesofrulesutilised(assumeindependence). Probabilityofa sentence = sum of derivationprobabilities.Sumof probabilitiesof allpossiblesentences is 1 (for any ‘reasonablegrammar‘)

Use probabilitiesto disambiguate / rank parses — able to prefer more commonconstructionsoverlesscommonones

 1) S’ → S (1.0) 6) NP → Det N (0.3)
 2) S → NP VP (1.0) 7) NP → NP PP (0.3)
 3) VP → Vt NP (0.4) 8) N → N N (0.3)
 4) VP → Vi (0.6) 9) PP → P NP (1.0)
 5) NP → ProNP(0.4) 10) N → N@ (0.7)

0.4 x 1.0 x 0.4 x 0.3 x 0.7 = 0.0336

2 Treebanks and Training

Treebanksvital for trainingin all approachesto statistical parsing

A01:0010b- AT The the [O[S[Nns:s.
A01:0010c- NP1s Fulton Fulton [Nns.
A01:0010d- NNL1cbCounty county .Nns]
...

(SUSANNE— Sampson)

( (S
   (NP-SBJ-23
     (NP (DT No) (NN price))
     (PP (IN for)
       (NP (DT the)(JJ new)(NNSshares))))
   (VP (VBZhas)
     (VP (VBNbeen)
       (VP (VBNset)
         (NP (-NONE-*-23)))))
   (. .) ))

(Penn Treebank— Marcus et al.)

7 Can compute ‘weight’ of of a derivationas mean of the product of the conditionalprobabilitiesofeachCFGruleappearinginthe parsetree given the • non-terminaltrigram context of its dominatingrule, and • the part-of-speech trigram at that point Aproachesableto distinguish(to a limitedextent) probabilitiesofdifferent trees in whichthe same rulesare appliedbut in different configurations

Histo ry-based gramma r

CFG + conditionalprobability of rule application: • P (rule application)depends on word / tag / label at this / parent / sibling/ childnode • decisiontree ‘learning’→ equivalenceclassesovercontexts • select 1 candidate parse, then refine it • improvementinmostprobableparsevs.correctparsefrom60%(PCFG) to 75%(paperbyMagermandescribingsystemat ACL-95conference)

5 To train, extract rulesfromtreebankand estimate their probabilitiesfrom frequenciesobservedin treebank. For Penn Treebank, results in decent accuracy

Grammar induction from unannotated corpora is possibleis in principle with PCFG (using variation of HMMtraining). But severalproblems: • veryslow • local maxima • in practice needs more non-terminalsthan theoreticallyneeded • increasesprobability of training corpus, but no guarantee that structures learned willhave any correspondance to linguistictheory; even if initialisedwith a grammar, training might change meaningof nonterminalcategories

8

Transfo rmation-based learning of phrase structure

First tag words in sentence and make initial guess of completelyrightbranchingparse tree. Then applyruleswhich‘flip’branches in particular local contexts, e.g.

‘IF a pre-terminalmatches the Det tag in the a2 (/ a) positionof a right-branchingtree configuration THEN perform a right-to-left flippingtransformation’

6 Parsing using Contextual Probabilities

Someproblemswith PCFG: • PCFGcannot distinguishprobabilisticallybetweendifferent derivations whichuse the same rules • probabilitiesof sub-trees cannot be dependent on context (a given rule may be more likelyto expanda giventype of constituent in one location than another) • the probability of a smallertree normallygreater than probability of a larger tree

‘Extended-context’ PCF G

Can associate different probabilitieswith a production dependingon the particular nonterminaloccurrence(on the RHSof a rule) beingrewritten • probabilitiesdepend on the context withina production • 23% decreaseinincorrect analysesreported overa standard PCFG

11 Data-Oriented Parsing (DOP)

Parses directlyfromtreebank trees

Usessubtrees of arbitrary depth occurringin the corpus as sub-analyses, and, givena string of words to parse, ‘glues’the sub-analysestogether to make fullparse trees

• identicalanalysesderivedin many different ways • P (derivation ) = product of sub-analysisprobabilities;P (tr ee) = ΣP (derivation_i) • can’t use Viterbi: use an iterative Monte Carlo search — estimates most probableparse with an error than can be made arbitrarilysmall • good accuracyin limiteddomains • veryslow

9

Probabilistic left corner / LR parsing

Considerprobabilitieson parser actions whenconstructinga derivation

In predictiveleft-corner parsing, natural to conditionparsing actions on left corner and top goal category of parser stack

For shift-reduceparsingcontrolledby an LRparse table, different actions in table correspond to different parse contexts — associate probability witheach action bytrainingon a treebank(described inarticlebyBriscoe & Carroll,ComputationalLinguistics, 19:1, 1993)

12 Parsing with bi-lexical dep endencies

Good results using a ‘generative’language model: start with a parent node and a head lexicalitem and then model successivegeneration of dependents to left and to right

Probability ofeach dependent assumedto be independent; conditionalon • parent grammaticalcategory, • head node’scategory and actual lexicalitem, and • a functionencodingdistance, interveningwords and punctuation See ACL-97paper by Collins

Probabilistic predicate-a rgument structure

More realisticmodel sinceabstracts away from syntax, but more parameters. Also,trainingmaterial much harder to construct/obtain

10 Parsing using Lexical Probabilities

Sto chastic Lexicalised Tree-Adjoining Gramma r (SLTAG)

An LTAG consists of multiple-levelparse tree fragments (each anchored by a lexicalitem)

Two types of approach • supertagging model: probabilitieson selecting a given tree (= supertag) for a particular lexicalitem, and on tree n-grams; tag text with supertags then gluetrees together to form analysis(c.f. part-of-speech tagging) • stochastic derivation model: each lexicalisedtree has a probability of application / a probability is associated with a particular set of substitutions into a tree (c.f. PCFG and extensions)

13 Evaluating Parsers

Evaluatingwith respect to what? — treebank trees not used in training

Exact match of a tree to a test corpus tree too strict

‘PARSEVAL’schemeisa relaxationofexactmatch to measuringsimilarity of a tree to a test corpus tree. Computes: • number of bracketing matches M with respect to the number of bracketings P returned by the parser (expressed as precision M/P), and • with respect to the number C in the corpus (expressed as recall M/C); also • number of ‘crossing’brackets per sentence(wherea bracketed sequencefromparseroverlapswithone fromtreebank and neitheris properlycontainedin other)

Evaluationon accuracyof identifyingdependencyrelationsmore reliable?