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ThePatternClassificationProblem

•i.i.d.(X,Y),(X1,Y1),...,(Xn,Yn)fromX×{±1}.

•Usedata(X1,Y1),...,(Xn,Yn)tochoosefn:X→Rwithsmall

risk,

R(fn)=Pr(sign(fn(X))6=Y)=E`(Y,f(X)).

•Naturalapproach:minimizeempiricalrisk,

R̂(f)=Ê`(Y,f(X))=
1

n

n∑

i=1

`(Yi,f(Xi)).

•Oftenintractable...

•Replace0-1loss,`,withaconvexsurrogate,φ.
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LargeMarginAlgorithms

•Considerthemargins,Yf(X).

•Defineamargincostfunctionφ:R→R
+

.

•Definetheφ-riskoff:X→RasRφ(f)=Eφ(Yf(X)).

•Choosef∈Ftominimizeφ-risk.

(e.g.,usedata,(X1,Y1),...,(Xn,Yn),tominimizeempiricalφ-risk,

R̂φ(f)=Êφ(Yf(X))=
1

n

n∑

i=1

φ(Yif(Xi)),

oraregularizedversion.)
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LargeMarginAlgorithms

•Adaboost:

−F=span(G)foraVC-classG,

−φ(α)=exp(−α),

−MinimizesR̂φ(f)usinggreedybasisselection,linesearch:

ft+1=ft+αt+1gt+1,

R̂φ(ft+αt+1gt+1)=min
α∈R,g∈G

R̂φ(ft+αg).
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LargeMarginAlgorithms

•Manyothervariants

−Supportvectormachines:

∗F=ballinreproducingkernelHilbertspace,H.

∗φ(α)=max(0,1−α).

∗AlgorithmminimizesR̂φ(f)+λ‖f‖
2
H.

−Neuralnetclassifiers

−L2Boost,LS-SVMs

−Logisticregression
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LargeMarginAlgorithms
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Overview

•Convexcostversusrisk.

•Universalconsistency.

•ConsistencyofAdaBoost.

•Futuredirections:Predictioninadversarialenvironments
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DefinitionsandFacts

R(f)=Pr(sign(f(X))6=Y)R
∗

=inf
f
R(f)risk

Rφ(f)=Eφ(Yf(X))R
∗
φ=inf

f
Rφ(f)φ-risk

η(x)=Pr(Y=1|X=x)conditionalprobability.

Notice:Rφ(f)=E(E[φ(Yf(X))|X]),andconditionalφ-riskis:

E[φ(Yf(X))|X=x]=η(x)φ(f(x))+(1−η(x))φ(−f(x)).
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Definitions

Conditionalφ-risk:

Optimal:H(η)=inf
α∈R

(ηφ(α)+(1−η)φ(−α)),

witherror:H
−

(η)=inf
α:α(2η−1)≤0

(ηφ(α)+(1−η)φ(−α)),

Difference:ψ(θ)=H
−

(
1+θ

2

)

−H

(
1+θ

2

)

.
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TheRelationshipbetweenExcessRiskandExcessφ-risk

Theorem:

1.ForanyPandf,ψ(R(f)−R
∗
)≤Rφ(f)−R

∗
φ.

2.Thisinequalitycannotbeimproved:

For|X|≥2,ε>0andθ∈[0,1],thereisaPandanfwith

R(f)−R
∗

=θ

ψ(θ)≤Rφ(f)−R
∗
φ≤ψ(θ)+ε.

3.Thefollowingconditionsareequivalent:

(a)Forη6=1/2,H
−

(η)>H(η).‘classificationcalibrated’

(b)ψ(θi)→0iffθi→0.

(c)Rφ(fi)→R
∗
φimpliesR(fi)→R

∗
.
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UniversalConsistency

•Assume:i.i.d.data,(X,Y),(X1,Y1),...,(Xn,Yn)from

fromX×Y(withY={±1}).

•Consideramethodfn=A((X1,Y1),...,(Xn,Yn)),

e.g.,fn=AdaBoost((X1,Y1),...,(Xn,Yn),tn).

Definition:Wesaythatthemethodisuniversallyconsistentif,forall

distributionsP,

R(fn)
a.s
→R

∗
.

RecallthatRistheriskandR
∗

istheBayesrisk:

R(f)=Pr(Y6=sign(f(X)),R
∗

=inf
f
R(f).
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TheApproximation/EstimationDecomposition

ψ(R(fn)−R
∗
)≤Rφ(fn)−R

∗
φ

=Rφ(fn)−inf
f∈Fn

Rφ(f)

︸︷︷︸

estimationerror

+inf
f∈Fn

Rφ(f)−R
∗
φ

︸︷︷︸

approximationerror

.

•ApproximationandestimationerrorsareintermsofRφ,notR.

•Likearegressionproblem.

•Witharichclassandsuitablemethod,Rφ(fn)→R
∗
φ.

•Universalconsistency(R(fn)→R
∗
)iffφisclassificationcalibrated.
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Overview
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•Futuredirections:Predictioninadversarialenvironments
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AdaBoost

Sample,Sn=((x1,y1),...,(xn,yn))∈(X×{±1})
n

Numberofiterations,T

Classofbasisfunctions,G

functionAdaBoost(Sn,T):

f0:=0

fortfrom1,...,T

(αt,gt):=argmin
α∈R,g∈G

1

n

n
X

i=1

exp(−yi(ft−1(xi)+αg(xi)))

ft:=ft−1+αtgt

returnfT

AdaBoostchoosesfTfromthelinearspanofG.
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Previousresults

Instead,wecouldconsideraregularizedversionofAdaBoost:

1.MinimizeR̂φ(f)overFn=γnco(G),thescaledconvexhullofG.

2.MinimizeR̂φ(f)+λn‖f‖∗,overspan(G),where

‖f‖∗=inf{γ:f∈γco(G)}.

3.AdaBoostwithstep-sizebounded:αt≤βn,t.

Forsuitablechoicesoftheparameters(γn,λn,βn),thesealgorithmsare

universallyconsistent.(LugosiandVayatis,2004),(Zhang,2004),

(ZhangandYu,2005),(Bickel,Ritov,Zakai,2006)

ForX⊂R
d
,iflogoddsratio,log(η(x)/(1−η(x))),issmooth,then

AdaBoostestimatesitasymptotically.(Jiang,2004).
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UniversalconsistencyofAdaBoost

Theorem:

IfdVC(F)<∞,

R
∗
φ=lim

λ→∞
inf{Rφ(f):f∈λco(F)},

tn→∞

tn=O(n
1−α

)forsomeα>0,

thenAdaBoostisuniversallyconsistent.
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Futuredirections:Predictioninadversarialenvironments

Predictiongame:

1.seesideinformationxt∈X,

2.makepredictionŷt∈A,

3.seeoutcomeyt∈Yandincurloss`(yt,ŷt).

Aim:chooseŷtsothat,foralldatasequences,thecumulativeregret

n∑

t=1

`(yt,ŷt)−inf
f∈F

n∑

t=1

`(yt,f(xt))

isnottoolarge.
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Futuredirections:Predictioninadversarialenvironments

Applications:

1.Computersecurity

•detectionofanomalousnetworktraffic

•virusdetection

•spamfiltering

2.Internetsearch

3.Financialportfoliooptimization
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Futuredirections:Predictioninadversarialenvironments

Adversary:controlssomedata,andbenefitsifpredictionsareincorrect.

•Performanceoflargemarginclassifiers?

•PerformanceofBayesianmethods?
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