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Met a-Learning

� The ideaof meta-learningis to comeup with someprocedurefor
takinga learningalgorithm anda �xed trainingset,andsomehow
repeatedlyapplyingthe algorithm to di�erent subsets(weightings)
of the trainingsetor usingdi�erent randomchoiceswithin the
algorithm in orderto get a largeensembleof machines.

� Themachinesin the ensembleare thencombinedin someway to
de�ne the �nal outputof the learningalgorithm (e.g. classi�er)

� Thehope of meta-learningis that it can\supercharge" a mediocre
learningalgorithm into anexcellentlearningalgorithm, without the
needfor anynewideas!

� Thereis, asalways,good newsandbadnews....

{ TheBadNews:thereis (quite technically)No FreeLunch.
{ TheGood News:for manyrealworld datasets,metalearning

worksverywell.

Met a-Learning Cafeteria

� Manymeta-learningmethodsthat work well in practice.

� We will reviewthe threemainones:

{ Bagging:applyyour algorithm to bootstrapdatasetsandaverage
the predictionsof the resultingensemble.

{ Stacking:de�ne a setof modelsby restrictingthe input to
subsetsof varioussizes.UseLOO-CVto chooseweightswhich
blendthesemodels.

{ Boosting:iterativelyreweightyour dataset,placinghigher
weightson the examplesyou are gettingwrong.At each
iteration,re�t andaddthe resultto yourensemble.

Why does Met a-Learning Work?

� Eitherreducesvariancesubstantiallywithouta�ecting bias
(bagging,stacking),or viceversa(boosting).

� All meta-learningis basedon oneof two observations:
A) VarianceReduction:If we hadcompletelyindependenttraining
setsit alwayshelpsto averagetogetheranensembleof learners
becausethis reducesvariancewithoutchangingbias.
B) BiasReduction:For manysimplemodels,a weightedaverageof
modelshasmuchgreatercapacity thana singlemodel(e.g.
hyperplaneclassi�ers,single-layer networks,Gaussiandensities).So
averagingmodelscanoftenreducebiassubstantiallyby increasing
capacity.



Variance Reduction by Avera ging

� Hereis anexampleof how to show that averagingacross
independenttrainingsetsalwaysreducesexpectedsquarederror:
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Bagging (Breiman 1994)

� Bagging� bootstrapaggregation.

� Ideais simple.GenerateB bootstrapsamplesfromyouroriginal
trainingset. Trainon eachoneto get f b. Now averagethem:

f bag=
1
B

X

b

f b

� For regression,averagepredictions,for classi�cation,averageclass
probabilitiesor take the majority voteif onlyhard outputsavailable.

� Baggingapproximatesthe Bayesianposterior mean.Themore
bootstrapsyouuse,thebetter,souseasmanyasyouhavetimefor.

� Thesizeof eachbootstrapsampleis equalto the sizeof the
originaltrainingset,but theyare drawn with replacement, soeach
onecontainssomeduplicatesof certaintrainingpointsandleaves
out othertrainingpointscompletely.

Bagging Can Hur t

� Bagginghelpswhena learningalgorithm is good on averagebut
unstablewith respect to the trainingset.

� But if we baga stablelearningalgorithm, we canactuallymake it
worse.For example,if we havea Bayesoptimalalgorithm, andwe
bagit, wemightleaveout sometrainingsamplesin everybootstrap,
andsothe optimalalgorithm will neverbe ableto seethem.

� Baggingalmostalwayshelpswith regression,but evenwith
unstablelearnersit canhurt in classi�cation.If we baga poor
unstableclassi�erwe canmake it horrible.

� Example:true class= A for all inputs.
Our learnerguessesclassA with probability 0.4andclassB with
probability 0.6 regardlessof the input. (Veryunstable!).
It haserror 0.6.
But if we bagit, it will haveerror 1.

St acking (W olper t 1990)

� In bagging,we createdanensembleof modelsby creatingmany
synthetictrainingsetsusingthe bootstrap.

� We canalsocreateanensembleof modelsin otherways,e.g. by
restrictingeachmodel to look at onlya subsetof inputs,by trying
the whole\kitchen sink" of regressors or classi�ers(e.g. neuralnets
vs. logisticregressionvs. naivebayesvs. KNN).

� In stackedgeneralizationor stackingwe try to �nd the best
nonuniform weightsto averageour modelstogether:

f stack(x) =
X

m
wmf m(x)

� How shouldwe settheweights?Usingtrainingerror of eachmodel?
No! Thiswill put too muchweighton the mostcomplexmodels.



Setting the St acking Weights

� We estimatethe optimalweightsby settingthemto minimizethe
averageleave-one-outcrossvalidationerror:
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wheref � i
m is the resultof modelm trainedon all pointsexcepti .

� Theseweightscanbe foundexactlyusinglinear regression.

� This is like a generalizationof modelselectionusingLOO-CV.
Previouslywe pickedthe bestmodelandsetwmbest = 1 andall
otherwm = 0. Now we are doinga smooth weighting.

� In more advancedstackingideas,we cancombinethe models
nonlinearly anduseweightswhichdependon the input x. This is
like a mixtureof expertswherewe �t the gateusingcross-validated
trainingpointsinsteadof the usualtrainingset.

Boosting (Shapire 1990)

� Probablyoneof the threemostin
uential ideasin machinelearning
in the lastdecade,alongwith KernelmethodsandVariational
approximations.

� In the PAC framework, boostingis a way of convertinga \weak"
learningmodel(behavesslightlybetter thanchance)into a
\strong" learningmode(behavesarbitrarily closeto perfect).

� Veryamazingtheoreticalresult,but alsoleadto a verypowerful
andpracticalalgorithm whichis usedall the time in realworld
machinelearning.

� Basicidea,for binary classi�cationwith y = � 1.

f boost(x) = sign
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wheref m(x) are modelstrainedwith reweighteddatasetsDm, and
the weights� m are non-negative.

Ad aBoost Algorithm

� Setinitial observationweightswi = 1=N .

� Loop while(errm < :5) f

{ Fit the baseclassi�erto the trainingdataweightedby wi .
This resultsin the mth roundclassi�erf m(x).

{ Computeerrm =
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� Finalclassi�er:

f boost(x) = sign
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For ward St agewise Additive Modeling

� Recallthe additivemodelsetup:

f add(x) =
X

m
� mf m(x; � m)

� Theoverallfunctionis a weightedsumof simplerfunctions,each
with their own setof parameters.
e.g.: hiddenunitsin a MLP, wavelets,nodesin trees

� Theoptimizationproblemof �nding the bestf � g andf � g
simultaneouslyis usuallyextremelyhard.

� But we canusea greedyapproximation:

{ Initializef 0 = 0.
{ for m = 1 : M f

set � m; � m = argmin� ;�
P N

i=1 cost[yi ; f m� 1(xi ) + � f (xi ; � )]
setf m(x) = f m� 1(x) + � mf (x; � m)
g



Some Intuitions about Boosting

� At eachround,boostingreweightsthe examplesit is doingpoorly
on more highly.

� Theweighteachintermediateclassi�ergetsin the �nal ensemble
dependson the error rate it achievedon its weightedtrainingsetat
the time it wascreated.

� The reweightingoverobservationsselectedby boostingat each
roundis suchthat the existingensemblewouldperform at chance.

Boosting tries to minimize Exponential Loss

� An amazingfact, whichhelpsa lot to understandhow boosting
reallyworks, is that classi�cationboostingis equivalentto �tting a
greedyforward additivemodelusingthe followingcostfunction:

cost[y; f (x)] = exp(� yf (x))

� This is calledexponentiallossandit is verysimilar to otherkindsof
loss,e.g. classi�cationloss.
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Boosting as For ward Additive Modeling

� At eachroundof boostingwe mustminimize:
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Updating the obser vation weights

� Finally, we updateour approximationto get

f m(x) = f m� 1(x) + � �
mf (x; � �

m)

� Thissetsthe newweights:

wm+1
i = wm

i exp[� � myi f (xi ; �
�
m)]

= wm
i exp[� m(2emi � 1)]

= wm
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wherethe last factor of exp[� � m] just rescalesall the weights
uniformly, sowe candropit.



More on Exponential Loss

� Exponentiallossis verysimilar to otherclassi�cationlosses.

� It is minimizedby settingf (x) to onehalf the log-odds:

f � (x) =
1
2

Prob[y = 1jx]
Prob[y = � 1jx]

whichmeanswe caninterpret f (x) asthe logit transform.

� Anotherlossfunctionwith the samepopulationminimizeris the
binomialnegativelog-likelihood:

� log(1 + exp(� 2yf (x)))

� But binomiallossplaceslessemphasison the badcases(high
negativemargin), andsoit is more robustwhendatais noisy.
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