
1 Topic Overview

Lecture2 startedoutwith theconceptof learningby example.Webeganby discussing
how exactly to representa learningconcept,specificallytalking aboutrepresentinga
hypothesisthatwe wantto beableto predictwith. We thenmovedon to talking about
themore-general-than relation,apartialorderingrelationthatletsusorderhypotheses.
This relationmadeuseof themostgeneralhypothesis,which returnsapositiveanswer
to any query, andthe mostspecifichypothesis,which returnsa positive answerto no
query, aswell asa spectrumof hypothesesin between.

Usingthemore-general-than relationallowedusto definetheFIND-S Algorithm,
analgorithmthatattemptsto find a maximallyspecifichypothesis.This algorithmbe-
gins by settingits initial hypothesisto the mostspecifichypothesis,andthenslowly
generalizesasnew training examplescomein. This works fairly well for simpleex-
amplesthat play nicely, but caneasily fall apartwith morecomplex real-world type
examples.

After examiningthe troubleswith the FIND-S algorithm,we talked briefly about
the L IST-THEN-ELIMINATE algorithm. This algorithmis in somewaysthe opposite
of the FIND-S algorithm,asit startswith all possiblehypothesesfor a givenproblem
andslowly dropshypothesesthataren’t consistentwith trainingexamples.Of course,
this requiresa lot moretimeandspacethantheFIND-S algorithm.

The last learningalgorithmwe talked aboutwasthe CANDIDATE-ELIMINATION

algorithm.Thisonestartsoutwith boththemostgeneralandmostspecifichypotheses,
andmakesthemmorespecificor generalasneededasnegative andpositive training
examplescomein. The whole time, however, it is careful to make sureit keepsall
hypothesesconsistentwith all datait hasgathered.

Finally we spentsometime talking aboutbiasedlearning,concludedthatno gen-
eralizationcanbedonewithoutabias.This leadusto adefinitionof theinductive bias
of analgorithmasthesetof assumptionsthatallowsahypothesisto predictevenwhen
it is not 100%suredueto lackof informationfrom trainingexamples.

2 Results

2.1 Most Interesting

Prior to this setof lectures,the only methodof “learning” with respectto computers
I hadbeenexposedto involvedexplicitly searchinga samplespacefor goodanswers.
Thus,I wasquite interestedin thelearningtechniqueswe just talkedaboutthatdidn’t
involve a real search.Instead,they involved cutting down the samplespacewithout
a traditionalsearchalgorithm. And that bringsme to my first question:How do the
methodswe talked aboutrelateto suchmethodsas arc consistency usedin AI and
constraintsatisfaction? Both the methodswe talked aboutandarc consistency seem
verysimilarin thewaythey parethesamplespacedown,but they doit in fairly different
manners.Is thereacorrelationbetweenthewaythey work, or dothey justcoincidently
do somewhatof thesamething?
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2.2 Least Interesting

Theresultsfrom this lecturethatdisappointedmemostwerethenumberof restrictions
put on the variousalgorithmswe talked about. For example,the FIND-S algorithm
waslooking greatfor a while aswe discussedit, but whenwe really examinedit more
closelyit becameobviousthatit hadsomemajorholes.Two exampleswetalkedabout
arehow it can’t handleerrorswell atall andthatit canonly comeupwith oneconsistent
hypothesis.However, talking aboutinductive biashelpedput that into perspective a
little better. It madeit moreobviousthatevenmy own learninghassuchholes,but I
amjust moreableto copewith themby makingassumptionsandholdingbiasesthan
thesealgorithmsare.

3 Research Ideas

As we discussedthis materialduring class,a few ideaspoppedinto my headthat I
thoughtwould be interestingto pursuemoredeeply. I don’t know if they arereally
researchideasasmuchasmentaldiversions,but I think they arecloseenough.

Real-life learning I think it wouldbefairly interestingto write upasimpleimplemen-
tation of the FIND-S or CANDIDATE-ELIMINATION algorithmsandfeedthem
real world data. For example,I would think simplecriteria for whetheror not
somebodywill likeamoviecouldbedefined:moviegenre,numberof big-named
actors,producingcompany, etccouldbepartof it. Sincemostpeoplehaveseena
largenumberof movies,therewouldbea fair amountof trainingdatathatcould
befedinto thealgorithm,meaningit couldlearnrelatively quickly. It wouldthen
beeasyto useit to make predictionson moviesyou haven’t seenyet, andthen
ratehow well it did. Of course,thesameproblemswe talkedaboutduringclass
wouldexist in suchanimplementation,but if onewascarefulanddidn’t take the
resultstoo seriouslyI think this couldbeaninterestingprojectto play with.

Two algorithms together At one point in the lecturewe discussedhow to choose
goodqueriesandtraining examplesto help our machinelearnfasterandmore
usefully. After thinking aboutthata bit, I beganwonderingif it would bepossi-
ble to haveto learnerswork togetheron thattask:oneto dothelearning,andthe
otherto pick goodqueriesandtrainingexamples.In somewaysit seemsfairly
possibleto do, asthe original learnerwould just have to tell the query learner
whetheror not it thoughtthe queryor examplewasuseful. However, it would
also be a bit of the blind leadingthe blind, with one learnerblindly trying to
make anotheroneunderstandwhat it thinksmight begoodinformation. So, in
the endI amnot surehow usefulit would be. But it might be fun to play with
andfind out.

4 In Depth Coverage- The FIND-S Algorithm

Duringlecturewespokeof themore-general-than partialorderingrelation,whichgives
usa way to orderbooleanfunctionsaccordingto their generalityandspecificity. This
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relationis usedin theFIND-S algorithmto find themaximallyspecifichypothesisthat
is still consistentwith thetrainingexamplespresentedto it.

1. Initialize
�

to themostspecifichypothesisin �
2. For eachpositive traininginstance�

� For eachattributeconstraint��� in
�

– If theconstraint� � is satisfiedby �
– Thendo nothing

– Else replace��� in
�

by the next mostgeneralconstraintthat is
satisfiedby �

3. Outputhypothesis
�

Figure1: TheFIND-S algorithm[1]

As canbeseenin thealgorithmin Figure1, the FIND-S algorithmstartswith the
mostspecifichypothesis,thehypothesiswhich predicts“no” underall circumstances.
With no trainingexamples,this hypothesiswill thereforebemaximallyspecific. The
algorithmtheniteratesover a list of training examples,skippingany negativesones.
Eachpositive exampleis checkedfor consistency with thecurrentknowledge,andthe
hypothesisis mademoregeneralasneeded.Sincethehypothesisis only mademore
generalwhen a new training exampleproves it wrong, and it is only madegeneral
enoughto accommodatethat new example,the hypothesisstaysmaximally specific.
Of course,only positive examplesareneededfor this algorithmbecausewe startwith
themostspecifichypothesis,which effectively takesinto accountall possiblenegative
hypotheses.

Unfortunately, thesimpleFIND-Salgorithmhassomeshortcomings.Onebigprob-
lemwith it is that,if therearemorethanoneconsistenthypotheses,it canmissthetar-
gethypothesisandreturna less-than-optimalone.Thiscanbehelpedby incorporating
somebacktrackingmeasuresinto the algorithm,but our simplemethodhasto guard
againstsucha situation. The fact that the algorithmalwaysreturnsthe mostspecific
hypothesiscanalsobea problem,asthatisn’t alwayswhatis needed.Therearetimes
in reallife thatthemostgeneralhypothesisis desired,but thisalgorithmhasnowayof
returninganythingbut themostspecifichypothesis.But perhapsworstof all is theneed
for all of thetrainingexamplesbeingfed into FIND-S to beconsistent.Thealgorithm
hasan implicit assumptionthat the training examplesareall flawless,but in real life
this is notalwaysthecase.JustoneflawedexamplecancausetheFIND-S algorithmto
greatlyovergeneralize,makingthisalgorithmfairly uselessfor all but themostperfect
of datasets.

Despiteits shortcomings,FIND-S is a goodstarteralgorithmwhoseideascanbe
adaptedto make morerobustandnoise-tolerantalgorithmssuchasthe CANDIDATE-
ELIMINATION algorithm.It alsois a goodstartingpoint for our discussionin machine
learning,asit pointsoutsomeof theproblemsthatanideathatlooksfineonpapercan
have in reallife.
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