1 Topic Overview

Lecture2 startedout with the concepbf learningby example.We beganby discussing
how exactly to represent learningconcept,specificallytalking aboutrepresenting
hypothesighatwe wantto be ableto predictwith. We thenmovedonto talking about
themore-general-than relation,a partialorderingrelationthatletsusorderhypotheses.
Thisrelationmadeuseof the mostgenerahypothesiswhich returnsa positive answer
to arny query, andthe mostspecifichypothesiswhich returnsa positive answerto no
query aswell asa spectrunof hypothesef between.

Using the more-general-than relationallowed usto definethe FIND-S Algorithm,
analgorithmthatattemptgo find a maximally specifichypothesisThis algorithmbe-
gins by settingits initial hypothesigo the mostspecifichypothesisandthen slowly
generalizesasnew training examplescomein. This works fairly well for simple ex-
amplesthat play nicely, but caneasilyfall apartwith more complex real-world type
examples.

After examiningthe troubleswith the FIND-S algorithm,we talked briefly about
the LIST-THEN-ELIMINATE algorithm. This algorithmis in somewaysthe opposite
of the FIND-S algorithm, asit startswith all possiblehypothese$or a given problem
andslowly dropshypotheseshatarent consistentwvith trainingexamples.Of course,
thisrequiresalot moretime andspacehanthe FIND-S algorithm.

The lastlearningalgorithmwe talked aboutwasthe CANDIDATE-ELIMINATION
algorithm. This onestartsoutwith boththe mostgenerabndmostspecifichypotheses,
and makesthemmore specificor generalas neededas negative and positive training
examplescomein. The whole time, however, it is carefulto make sureit keepsall
hypothesesonsistentith all datait hasgathered.

Finally we spentsometime talking aboutbiasedlearning,concludedhatno gen-
eralizationcanbedonewithouta bias. This leadusto a definitionof theinductive bias
of analgorithmasthe setof assumptionthatallows a hypothesigo predictevenwhen
it is not 100%suredueto lack of informationfrom trainingexamples.

2 Results

2.1 Most Interesting

Prior to this setof lecturesthe only methodof “learning” with respecto computers
| hadbeenexposedto involvedexplicitly searchinga samplespacefor goodanswers.
Thus,| wasquiteinterestedn the learningtechniquesve just talked aboutthatdidn’t

involve a real search. Instead,they involved cutting down the samplespacewithout

a traditional searchalgorithm. And that bringsmeto my first question:How do the

methodswe talked aboutrelateto suchmethodsas arc consisteng usedin Al and

constraintsatisaction? Both the methodswe talked aboutandarc consisteng seem
verysimilarin thewaythey parethesamplespacadown, butthey doit in fairly different
mannersls thereacorrelationbetweertheway they work, or dothey justcoincidently
do somevhatof the samething?



2.2 LeastInteresting

Theresultsfrom thislecturethatdisappointedne mostwerethe numberof restrictions
put on the variousalgorithmswe talked about. For example,the FIND-S algorithm
waslooking greatfor awhile aswe discussedt, but whenwe really examinedit more
closelyit becamenbviousthatit hadsomemajorholes.Two exampleswe talkedabout
arehow it cant handleerrorswell atall andthatit canonly comeupwith oneconsistent
hypothesis.However, talking aboutinductive bias helpedput thatinto perspectie a
little better It madeit moreobviousthatevenmy own learninghassuchholes,but |
amjust moreableto copewith themby makingassumptionandholding biaseshan
thesealgorithmsare.

3 Reseach ldeas

As we discussedhis materialduring class,a few ideaspoppedinto my headthat |
thoughtwould be interestingto pursuemoredeeply | don't know if they arereally
researchdeasasmuchasmentaldiversionsput | think they arecloseenough.

Real-life learning | think it would befairly interestingo write upasimpleimplemen-
tation of the FIND-S or CANDIDATE-ELIMINATION algorithmsandfeedthem
real world data. For example,| would think simple criteria for whetheror not
somebodywill likeamovie couldbedefined:movie genre numberof big-named
actors producingcompaly, etccouldbepartof it. Sincemostpeoplehave seera
largenumberof movies,therewould be a fair amountof trainingdatathatcould
befedinto thealgorithm,meaningt couldlearnrelatively quickly. It would then
be easyto useit to make predictionson moviesyou haven't seenyet, andthen
ratehow well it did. Of course the sameproblemswe talked aboutduring class
would existin suchanimplementationput if onewascarefulanddidn’t take the
resultstoo seriouslyl think this couldbe aninterestingprojectto play with.

Two algorithms together At one point in the lecture we discussechow to choose
good queriesandtraining examplesto help our machinelearnfasterandmore
usefully. After thinking aboutthata bit, | beganwonderingif it would be possi-
bleto haveto learnersvork togethemn thattask: oneto dothelearning,andthe
otherto pick goodqueriesandtraining examples.In somewaysit seemdairly
possibleto do, asthe original learnerwould just have to tell the querylearner
whetheror not it thoughtthe queryor examplewasuseful. However, it would
alsobe a bit of the blind leadingthe blind, with one learnerblindly trying to
make anotheroneunderstandvhatit thinks might be goodinformation. So, in
the endl amnot surehow usefulit would be. But it might be fun to play with
andfind out.

4 In Depth Coverage- The FIND-S Algorithm

Duringlecturewe spole of themore-general-than partialorderingrelation,whichgives
usaway to orderbooleanfunctionsaccordingto their generalityandspecificity This



relationis usedin the FIND-S algorithmto find the maximally specifichypothesighat
is still consistentvith thetrainingexamplespresentedo it.

1. Initialize h to themostspecifichypothesisn H
2. For eachpositive traininginstancer

e Foreachattributeconstraintz; in h

— If theconstrainta; is satisfiedby z
— Thendo nothing

— Elsereplacea; in h by the next mostgeneralconstraintthatis
satisfiecby x

3. Outputhypothesish

Figurel: The FIND-S algorithm[]]

As canbe seenin thealgorithmin Figurel, the FIND-S algorithmstartswith the
mostspecifichypothesisthe hypothesisvhich predicts‘no” underall circumstances.
With no training examples this hypothesiswill thereforebe maximally specific. The
algorithmtheniteratesover a list of training examples,skippingary negatvesones.
Eachpositive exampleis checledfor consisteng with the currentknowledge,andthe
hypothesids mademore generalasneeded.Sincethe hypothesids only mademore
generalwhen a new training example provesit wrong, andit is only madegeneral
enoughto accommodat¢hat nev example,the hypothesisstaysmaximally specific.
Of courseonly positive examplesareneededor this algorithmbecauseve startwith
themaostspecifichypothesiswhich effectively takesinto accountall possiblenegative
hypotheses.

UnfortunatelythesimpleFiND-S algorithmhassomeshortcomingsOnebig prob-
lemwith it is that,if therearemorethanoneconsistenhypothesest canmissthetar-
gethypothesisandreturnaless-than-optimadne. This canbehelpedby incorporating
somebacktrackingmeasuresnto the algorithm, but our simple methodhasto guard
againstsucha situation. The factthat the algorithm alwaysreturnsthe mostspecific
hypothesisanalsobea problem,asthatisn’t alwayswhatis needed Therearetimes
in reallife thatthemostgenerahypothesiss desired put this algorithmhasno way of
returningarnything but themostspecifichypothesisBut perhapsvorstof all istheneed
for all of thetrainingexamplesbeingfedinto FIND-S to be consistentThe algorithm
hasanimplicit assumptiorthatthe training examplesareall flawless,but in real life
thisis notalwaysthe case Justoneflawedexamplecancausehe FIND-S algorithmto
greatlyovergeneralizemakingthis algorithmfairly uselesgor all but themostperfect
of datasets.

Despiteits shortcomingsFIND-S is a good starteralgorithmwhoseideascanbe
adaptedo make morerobustandnoise-tolerantlgorithmssuchasthe CANDIDATE-
ELIMINATION algorithm. It alsois a goodstartingpoint for our discussiorin machine
learning,asit pointsout someof the problemshatanideathatlooksfine on papercan
havein reallife.
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