3 Mustnot assignprobabilityzeroto eventsnot seenintrainingdata. Techniques: • formingequivalenceclassesoverdata instances— stemming,semantic classes(e.g. usingWordNet, automatic clustering) • smoothing to re-distributesomeprobabilityfromseeneventsto unseen • combiningestimators, backing-off to lessspecific probability models

Equivalence classes

Stemming: non-dictionary-basedremovalof inflectional and derivational suffixes. Widelyusedin information retrieval(IR). Document represented bya vector ofterms. Termswithsamestemusuallyhavesimilar meanings:

connect,connected,connecting,connection,connections,connectedness StemminggenerallyimprovesIR accuracy. Alsoreducestotal number of terms in system→ smallerand more effi cient

Traitements de Corpus — 6

Background Reading : C. Manning& H. Schütze Foundations of Statistical Natural Language Processing, MITPress, 1999. Chapter 6.

Data sparseness

Trainingand testing

Learninglexicalinformation

4 Smo othing

Maximumlikelihoodestimation(MLE):^C_N (N = total numberofevents)

Slightlydecrease probability of seen events so there is some probability mass left overfor unseenevents

Addingone:^{C+1}_{N+B} (B = number of distinct events)

Expected likelihood estimation(ELE):^{C+ 12}_{N+ B2}

w C(w) w_1w_2 C(w_1w_2) person 233 person she 2 she 6917 she was 843 was 9409 was inferior 0 inferior 33 inferior to 7 to 20042 to both 9 both 317 both sisters 2

2 Data Sparseness

For n-gram word model (to predict next word), probability function is P (w_n|w_{n− 1},w_{n− 2},...). Ifvocabulary20000words,numbersofparameters:

bigram: 400 million trigram: 8 trillion four-gram: 1.6× 10^{17} Evenwith smallernumbers of parameters training data may not account for all possibleobservations(uniform distributionrare). Zipf’s Law: inverseexponential relationshipbetween frequencyand frequencyrank for linguisticcategories: f ∝ 1/r

7 Primary trainingdata, held-outdata, developmenttest set, final test set

Choosingtraining/ test data split • random choiceof smallsegments • large chunkof contiguousdata • dividedata into n chunks, and train and test on each n − 1 / 1 split (avoidsriskof testing on ‘easy’data) and when comparing different systems use t test (if variance is high a differencein accuracymay be purelyaccidental)

In held-out estimation a relativelylarge proportion of availabledata for training is underused since its is used only for smoothing. Use crossvalidation • in deleted estimation, first make n splits, then combinecounts with respect to each split:^{T1,2C +T2,1C}_{(N1C+N2C)N}

Expect much worse accuracyfromall statistical techniquesif runningon a different genre / text type

5 Heldout estimation:^{TC}_{NCN} (T_C = number of times alleventsoccurring C timesin trainingdata appeared in heldout data, and N_C = number of events occurringC times)

Good-Turingsmoothing: f^∗_C = (C + 1)^{NC+1}_{NC} (f^∗_C = newfrequencyestimate for event whichoccurredC times)

Back-off

Deleted interpolation: e.g. mix trigram model with (less sparse) bigram and unigrammodels

λ_1P_1(w_n) + λ_2P_2(w_n|w_{n− 1}) + λ_3P_3(w_n|w_{n− 1},w_{n− 2})

with 0 ≤ λ_1,λ_2,λ_3 ≤ 1 and λ_1 + λ_2 + λ_3 = 1

8 Learning Lexical Information

Computationallexiconsoften inadequate: • missingentries • missingtypes of information • lackof frequencyinformation • usuallygeneral-purpose, not tuned to a particular domain

Lexicalacquisitionfrommachine-readabledictionaries(in 1980s)

From corpora (starting 1990s) • (extended) part-of-speech — guesser in tagging systems • valency— subcategorisationand selectionalpreferences • terminology • bilinguallexicons

6 Training and Testing

Trainingon annotated / unannotated data: unannotated (+ dictionary) works OK for tagging, but not wellfor other higher-leveltasks

Overtrainingoccurs when models are learnt that are tuned to incidental propertiesoftrainingdata set that willleadto errorsonanyother(unseen) data. E.g. • decisiontrees: do not allow to grow to maximumsize — can pick versionof tree performingbest on held-outdata • HMMs:Forward-Backward algorithm prone to overtrainingespecially whenappliedto annotated data

accuracy iteration • • • • • • • • • • • • •

11 Filtering— confidence test on whethera highenoughproportion of patterns for classi have been observedfor the verbto be in i

Estimate (error) probability p(v -i) of occurrenceof verb v not of class i beingclassified as i (e.g. usingfrequencyof classi in a dictionary, and likelihood of classifier outputting classi)

Probability of an event with probability p happeningexactlym times out of n attempts:

P (m, n, p) = n! m!(n − m)!

p^m(1 − p)^{n− m}

P (m+,n, p) =^{n�}_{j=m} P (j,n, p)

P (m+,n, p(v -i)) is probability that m or more occurrencesof patterns for class i willoccur with a verb which is not a member of i, given n occurrencesof that verb

Threshold≤ 0.05 → 95% confidence that ‘enough’patterns for i have been observedfor the verbto be in classi

9 Part-of-sp eech

In Brill’stransformation rule-based tagger, initial annotation uses each word’smost frequent PoS. What about words that aren’t in the lexicon?

Learn separate transformation sequencefor unknownwords. Appliedonly to unknown words, before PoS transformations. Initiallyassign proper noun (NNP) or commonnoun (NN), depending on capitalization. Rule templates:

For an unknown word w, assigntag A / change the tag fromA to B if: • w contains character c • w has 1/2/3/4 letter prefix p (suffix s) • removingprefix p (suffix s) producesa word that is in the lexicon • addingprefix p (suffix s) produces a word that is in the lexicon • w appears to the left (right) of word x somewherein the corpus

Predictivefeatures: starts sentence, contains hyphen/ digits?

12 Runon 1.2Mwords fromBritishEnglishcorpora; evaluationagainst large computationallexicons,manual analysisof corpus data

MergedEntry Corpus Data No. of TP FP FN TP FP FN Sentences ask 9 0 18 9 0 10 390 begin 4 1 7 4 1 7 311 believe 4 4 11 4 4 8 230 cause 2 3 6 2 3 5 95 give 5 2 11 5 2 5 639 seem 8 1 4 8 1 4 534 swing 4 0 10 4 0 8 45

Frequencydistributionof classesin corpus highlyskewed, e.g. for believe • 107 instancesof the most commonclass • only6 instancesin total of the least commonfour classes

Token recallmean 81% overtrue positivesin the corpus

Rankingaccuracyof classesmean 81%

10 Sub catego risation

From partiallyanalysedcorpora. Shallow analysis→ classification → filtering. E.g.

attribute: ... this can not be attributed to the form of publication,onlyto the limitations of the author.

... this DD1 can VM not XX be VB0 attribute+ed VVNto II the AT form NN1of IOpublicationNN1, , onlyRRto IIthe AT limitation+s NN2 of IO the AT author NN1

this DD1 can VM not XXbe VB0 attribute+ed VVNto II the AT form NN1 of IO publication NN1 ... � obj � iobj (to II)

= transitiveplusprepositionalphrase with nominalcomplement

13 Selectional information

AssociationTree Cut Model (atcm ) • preferencesrepresented as set of classes (‘tree cut’) dominating all leavesin WordNet noun hypernymhierarchy • ‘associationscore’ for each classin cut

E.g. direct object slot of eat:_� � � � root � � � � lifeform � � � �

� � � � person � � � � �

� � � � chicken wimp �

� � � � bird � �

� � � � chicken �

� � � � object � � � �

� � � � substance �

� � � � food �

� � � � chicken poulet �

� � � � � � � �

atcm 3

75

Hypernym links: direct^�, indirect^�

14 For verbsextract • subject heads • noun and preposition-nounargument heads

MinimumDescriptionLength(mdl ) principle:select the tree cut model whichminimisesthe sum of 1. the length in bits of the descriptionof the model 2. the length in bits of data encoded in the model