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Met a-Learning Cafeteria

Manymeta-leeningmethalsthat work well in practice.
We will reviewthe threemainones:

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

{ Stacking:de ne a setof madelsby restrictingthe input to
subset®f vaioussizes.UseLOO-CVto chamseweightswhich
blendthesemadels.

{ Boosting:iterativelyreweightyour datasetplacinghigher
weightson the examplegou are gettingwrong. At each
iteration,re t andaddthe resultto yourensemble.

Met a-Learning

Theideaof meta-lemingis to comeup with someprocedureor
takinga leaningalgaithm anda xed trainingset,andsomehe
repeatedlyapplyinghe algaithm to di erent subsetgweightings)
of the trainingsetor usingdi erent randomchoicesithin the
algaithm in orderto geta largeensemblef machines.

The machinedn the ensemblere thencombinedn someway to
de nethe nal outputof the leaningalgaithm (e.g. classi er)

The hope of meta-lemingis that it can\superchage" a media@re
leaningalgaithm into an excellenteaningalgaithm, withoutthe
needfor anynewideas!

Thereis, asalways,good newsandbadnews....

{ The BadNews:thereis (quite technicallyNo FreeLunch.

{ The Gaod News:for manyrealworld datasetsmetaleaning
works verywell.

Why does Met a-Learning W ork?

Eitherreducewvaiancesubstantiallyvithouta ecting bias
(baggingstacking)or viceversaboosting).

All meta-lemingis basedn oneof two observations:

A) VarianceReductionif we hadcompletelyndegndenttraining
setsit always helpsto average¢ogetheran ensemblef leaners
becausehis reducevaiancewithoutchangingias.

B) BiasReductionfor manysimplemadels,a weightedaveragef
maodelshasmuchgreatercapaciy thana singlemadel (e.qg.
hyperplaneclassi erssingle-lger netvorks, Gaussiadensities) So
averagingnadelscanoftenreducebiassubstantiallyy increasing
capacky.




Variance Reduction by Avera ging

Hereis an examplef how to shav that averagin@cross
independentrairgi(ngsetsal\/\ays reduceexpectedsquaederra:
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Bagging Can Hurt

Baggindhelpswhena leaningalgaithm is good on averagéout
unstablewith resgct to the trainingset.

But if we baga stableleaningalgaithm, we canactuallymale it
worse. For exampleif we havea Bayesoptimalalgaithm, andwe
bagit, we mightleaveout sometrainingsamplesn everybootstrap,
andsothe optimalalgaithm will neverbe ableto seethem.

Baggingalmostalways helpswith regressiofut evenwith
unstabldeanersit canhurtin classi cation.If we baga poor
unstableclassi enwe canmale it harible.

Exampletrue class= A for all inputs.
OurleanerguesseslassA with probabiliy 0.4 andclassB with
probabiliy 0.6 regadlessof the input. (Veryunstable!).

It haserra 0.6.

But if we bagit, it will haveerra 1.

Bagging (Breiman 1994)

Bagging bootstrapaggregation.

Ideais simple.Generatd® bootstrapsamples$rom your original
trainingset. Trainon eachoneto getf, Now averagehem:
1 X
fhag= B fp
b

For regressiorgverageredictionsfor classi cationaveragelass

probabilitiesor take the majaity voteif onlyhad outputsavailable.

Baggingappoximateshe Bayesianposterio mean.The mae
bootstrapsyou use the better, souseasmanyasyou havetime for.

The sizeof eachbootstrapsampléas equaltto the sizeof the
originaltrainingset, but they are dravn with replacemensoeach
onecontainssomeduplicate®f certaintrainingpointsandleaves
out othertrainingpointscompletely

Stacking (W olper t 1990)

In baggingwe createdan ensemblef modelsby creatingmany
synthetidrainingsetsusingthe bootstrap.

We canalsocreatean ensemblef madelsin otherways, e.g. by
restrictingeachmadelto look at onlya subsebf inputs,by trying
the whole\kitchen sink" of regresss or classi erge.g. neuralnets
vs. logisticregressioms. naivebayesvs. KNN).

In staclked generalizatioor stackingae try to nd the best
nonunifom weightsto average)t)l(r madelstogether:
fstack(X) = Wmf m(x)
m

How shouldwe setthe weights?Usingtrainingerra of eachmaodel?
No! Thiswill put too muchweighton the mostcomplexnaodels.




Setting the Stacking Weights

We estimatethe optimalweightsby settingthemto minimizethe
averagéeave-one-outrossvalidatiorerra:
X X .
Wm = argmin -y Winf m' (X))
i=1 m

#o

wheref mi is the resultof madelm trainedon all pointsexcept.
Theseweightscanbe foundexactlyusinglinea regression.

Thisis like a generalizationf madel selectiorusingLOO-CV.
Previouslywe picledthe bestmadelandsetwpest = 1 andall
otherwm = 0. Now we are doinga smath weighting.

In mae advancedtackingdeaswe cancombineghe madels
nonlinedy anduseweightswhichdepgendon the inputx. Thisis

like a mixtureof expertswherewe t the gateusingcross-validated
trainingpointsinsteadof the usualtrainingset.

Ad aBoost Algorithm

Setinitial observatiomeightsw; = 1=N.
Loopwhile(errm < :5) f
{ Fit the baseclassi erto the trainingdataweightedoy w;.
Thisresultsin thergwth roundﬁlassi erf m(x).
{ Computeerrm = jwiemi= W
(emi = 1if sigriy;] 6 signif m(x;)])
{Set m=3log(l errm)=emm]
{ Setw;  wjexd2 menmil
{m m+1
g
Finalclassi er: "
X

f boostX) = sign mf m(X)
m

#

Boosting (Shapire 1990)

Probablyoneof the threemostin uential ideasn machindeaning
in the lastdecadealongwith Kernelmethals and Variational
appoximations.

In the PAC framewrk, boostingis a way of convertinga \weak"
leaningmadel (behaveslightlybetter than chance)nto a
\strong" leaningmade (behavesrbitrarily closeto perfect).

Veryamazingheaeticalresult,but alsoleadto a verypowerful
andpracticalalgaithm whichis usedall the time in realworld
machindeaning.

Basicidea,for binay classi catiorwithy = 1.
X
fhoosfX) = sign mf m(X)
m
wheref m(x) are madelstrainedwith reweighteddatasetd m, and
the weights m are non-negative.

#

Forward Stagewise Additive Modeling

Recalthe additivemadel setLy:
fadd(X) = mfm(X; m)
m

The overalffunctionis a weightedsumof simplerfunctionsgach
with their own setof paameters.
e.g.: hiddenunitsin a MLP, waveletsnodesin trees

The optimizatiorproblemof nding the bestf g andf g
simultaneouslig usuallyextremelhad.
But we canusea greedyappaoximation
{ Initializef g = 0.
{fom=1:M f =
set m; m = argmin . iN:lcosti/i;fm 1xi) + f(xi; )]
setfm(X) = fm 1(x) + mf (X; m)
g




Some Intuitions  about Boosting

At eachround,boostingreveightsthe exampleg is doingpoorly
onmae highly

The weighteachintermediatelassi ergetsin the nal ensemble
dependsonthe erra rateit achievean its weightedrainingsetat
thetimeit wascreated.

The reveightingoverobservationselectedby boostingat each
roundis suchthat the existingensembl&ould perfam at chance.

Boosting as Forward Additive Modeling

At eachroundof boostingwe mustminimize:
X
C=exp[Vyilfm 1))+ mf (Xi; m))]
i=1

= w'exd  myif (xi; m)]
i=1

with resgctto m and m, wherew™ = exp( yifm 1(xi)).
The optimalfunctionandweightare givenby:

erm= W'y 6f(x; ml= w"

i=1 i

m(x) = argminerrm
1. 1 errm

0
m-2 errm

Boosting tries to minimize Exponential Loss

An amazingact, whichhelpsa lot to understandhow boosting
reallyworks, is that classi catiorboostingis equivalento tting a
greedyforward additivemadelusingthe followving costfunction:

costy; f (x)] = exp( yf (x))

Thisis calledexmpnentialossandit is verysimila to otherkindsof
loss,e.g. classi cationloss.
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Updating the observation weights

Finally we update our approximationto get
fm()=fm 1)+ mf m)

This setsthe newweights:

ML= wlexd  myif (Xi; m)]

=w"exd m(Zemi  1)]

wi" exfd2 memilexd  m]
wherethe lastfacta of exd m] justrescalesll the weights
unifaemly, sowe candropit.

w




More on Exponential Loss

Expmnentiallossis verysimila to otherclassi catiorlosses.
It is minimizedy settingf (x) to onehalfthe log-alds:

1 Proly = 1jx]

2Prody = 1jx]
whichmeansne caninterpet f (x) asthe logit transfom.

f(x)=

Anotherlossfunctionwith the samepopulationminimizeiis the
binomialnegativdog-lilelihad:

log1+ exd( 2yf (x)))

But binomialossplacedessemphasisn the bad caseghigh
negativeamagin), andsoit is mae robustwhendatais noisy
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