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1 The Task: Compound Inter pretation

Wewill againusetheWekamachinelearningpackage,asintroducedin thelasttutorial.Thefiles
for this tutorial residein:

/courses/connectionism.winter.01/tutorial8/

Thistutorial is basedonadatasetof Lapata(2000)thatdealswith theinterpretationof nominaliza-
tions.Nominalizationsarecompoundsthatcanreceive eitheranobjector asubjectinterpretation,
or both.Examplesinclude:

(1) a. SUBJ: child behavior � child behaves
b. OBJ: carlover � lovescar
c. SUBJ

�
OBJ: satelliteobservation � satelliteobservesor observessatellite

In (1a),themodifierchild is thesubjectof theheadof thecompoundbehavior. In (1b),themodifier
car is theobjectof theheadlover. In (1c),bothinterpretationsarepossible.

Themachinelearningtaskis to assignthe right interpretation(i.e., thevalueSUBJ or OBJ in
theattributecompound class) to anominalizationusingadecisiontreethatincorporatestwo sets
of attributes.Thefirst setof attributesprovidesinformationaboutthecompoundandthecontext
it occursin:

(2) pos left: partof speechof theword immediatelyprecedingthecompound.
(3) pos mod: partof speechof themodifierof thecompound.
(4) pos head: partof speechof theheadof thecompound.
(5) pos right: partof speechof theword immediatelyfollowing thecompound.

Thesecondsetof attributescontainsdisambiguationinformationprovidedby anaive Bayesclas-
sifier(wewill learnmoreaboutthis in thenext lecture).Thereareseveralvariantsof thisclassifier,
eachof whichusesadifferentsmoothingmethod:

(6) backoff: smoothingbasedbackingoff to n-grams.
(7) wordnet: classed-basedsmoothingbasedon theWordNettaxonomy.
(8) roget: classed-basedsmoothingbasedon Roget’s Thesaurus.
(9) jensen: similarity-basedsmoothingusingtheJensen-Shannondivergence.
(10) confusion: similarity-basedsmoothingusingconfusionprobability.

How thesesmoothingmethodswork doesn’t needto concernushere.Importantis thatall of them
proposeeithertheclassificationsubj or theclassificationobj for agiveninstance.Of coursethey
don’t necessarilyagreein their classification.

2 Building a DecisionTreeUsingContext Inf ormation

An importantconceptin Wekais thefiltering of attributes.This allows usto selecta subsetof the
attributesin thedatasetto work with. Let’s assumewe wantto build adecisiontreethatclassifies
nominalizationsusingonly thePOSinformation.
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StarttheWekaExplorer, andload thefile compounds.arff in thedirectorytutorial8 (see
above). Then selectall the POSattributes:pos left, pos mod, pos head, pos right, and the
target attribute compound class. Now click on the button Apply filters to createa working
relation with the five attributesthat you have selected.All further operationswill apply to the
workingrelation(not to thebaserelation).

Now click on the Classifer button and selectthe classifierId3, which implementsthe
ID3 decisiontree inductionalgorithmdiscussedin the lecture.In the field Test option select
Percentage split with 75%. This tells Wekato use75% of the datafor training andthe re-
maining25% for testing.Clicking on Start will generatethe decisiontreeandwill output its
performanceon thedatasetin compounds.arff.

Have a look at the decisiontreethat ID3 generates.Why is it so huge?Why aretheresome
leavesmarkednull?

Now look at theperformanceof thedecisiontree.What’s its overall precision(percentageof
correctlyclassifiedinstances)?Why arethereunclassifiedinstances?

Assumea hypotheticalclassifierthat alwaysassignsthemostfrequentclass(find out which
onethat is). Sucha classifieris calleda frequencybaselineandis oftenusedto establisha lower
boundontheperformanceof amorecomplex model.Whichprecisiondoesthefrequency baseline
achieve?How doesit compareto theprecisionof thedecisiontree?

Now we will try to find outwhy thedecisiontreeperformssobadly. UnderTest option se-
lectUse training set. ThistellsWekato computetheperformanceof themodelonthetraining
set,insteadof on the testset.Which precisiondo we getnow? Whatdoesthis tell usaboutwhy
thedecisiontreeperformssobadlyon thetestset?
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Now let’s try anotherdecisiontreeinductionalgorithm,C4.5,which is similar to ID3 but does
pruning.To useC4.5,selectj48.J48 in theClassifier menu,thenrunthisclassifieronthedata,
againusingthe75/25split into trainingandtestset.Inspecttheresultingdecisiontree.Why does
it performbetterthanthetreegeneratedby ID3?

3 Building a Metaclassifier

An importantuseof decisiontreesis asmetaclassifiers, i.e.,asclassifiersthatwork on theoutput
of otherclassifiers.An exampleis theresearchin Lapata(2000),wheretheoutputof fiveclassifiers
is usedastheinput to adecisiontreethatinterpretsnominalizations.Thetaskof thedecisiontree
is to decidewhichclassifierto trustunderwhichcircumstances.

Usethefiltering mechanismof Wekato createaworkingrelationwith theattributesbackoff,
wordnet, roget, jensen, andconfusion, eachof which representstheoutputof a naive Bayes
classifier. The target attribute is againcompound class. Now generatea decisiontreeusingthe
ID3 algorithmandtestit with a75/25split of thedatainto trainingandtestset.

Draw the decisiontreethat ID3 comesup with. What’s the precisionnow? How would you
explaintheimprovementcomparedto theuseof POSattributes?Do yougetafurtherimprovement
if youuseC4.5insteadof ID3 to inducethedecisiontree?

Now build aminimal decisiontreethatonly incorporatesoneof thefiveclassifiers(backoff,
wordnet, roget, jensen, confusion). Givetheprecisionfor eachof theseclassifiers.How much
dowe gainby usingametaclassifierthatcombinestheindividual classifiers?

Finally, build one big decisiontree that incorporatesall attributes (the four POSattributes
plus the five classifiers).Do we get a further improvementin performance?Comparethe trees
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constructedby ID3 andC4.5.Whichalgorithmcomesupwith thebettertree?WhatdoestheC4.5
treetell usaboutthePOSattributes?
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