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ABSTRACT

Featureselection,aneffective techniquefordimensionality reduction,playsan important role in
manymachinelearningsystems.Supervisedknowledgecansignificantlyimprovetheperformance.
However,facedwiththerapidgrowthofnewlyemergingconcepts,existingsupervisedmethodsmight
easilysufferfromthescarcityandvalidityoflabeleddatafortraining.Inthispaper,theauthorsstudy
theproblemofzero-shotfeatureselection(i.e.,buildingafeatureselectionmodelthatgeneralizes
wellto“unseen”conceptswithlimitedtrainingdataof“seen”concepts).Specifically,theyadopt
class-semanticdescriptions(i.e.,attributes)assupervisionforfeatureselection,soastoutilizethe
supervisedknowledgetransferredfromtheseenconcepts.Formorereliablediscriminativefeatures,
theyfurtherproposethecenter-characteristiclosswhichencouragestheselectedfeaturestocapture
thecentralcharacteristicsofseenconcepts.Extensiveexperimentsconductedonvariousreal-world
datasetsdemonstratetheeffectivenessofthemethod.
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1. INTRoDUCTIoN

Theproblemoffeatureselection(Guyon&Elisseeff,2003;Wang,Ye,Wang,&Yu,2019)hasbeen
widelyinvestigatedduetoitsimportanceforpatternrecognitionandimageprocessingsystems.This
problemcanbeformulatedasfollows:identifyanoptimalfeaturesubsetwhichprovidesthebest
tradeoffbetweenitssizeandrelevanceforagiventask.Theidentifiedfeaturesnotonlyprovidean
effectivesolutionforthetask,butalsoprovideadimensionally-reducedviewoftheunderlyingdata.

Supervisedknowledge(e.g.,labelsorpair-wiserelationships)associatedtodataiscapableof
significantly improving the performance of feature selection methods (Chandrashekar, Sahin, &
Engineering,2014).However,itshouldbenotedthatexistingsupervisedfeatureselectionmethods
arefacinganenormouschallenge—thegenerationofreliablesupervisedknowledgecannotcatch
upwiththerapidgrowthofnewly-emergingconceptsandmultimediadata.Inpractice,itiscostly
toannotatesufficienttrainingdatafornewconceptstimely,andmeanwhile,impracticaltoretrain
thefeatureselectionmodelwheneveranewconceptemerges.AsillustratedinFigure1,traditional
methodsperformwellontheseenconceptswhichhavecorrectguidance,buttheymayeasilyfailon
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theunseenconceptswhichhaveneverbeenobserved,likethenewlyinventedproduct“quadrotor”.
Therefore,theproblemofZero-shot Feature Selection (ZSFS),i.e.,buildingafeatureselectionmodel
thatgeneralizeswelltounseenconceptswithlimitedtrainingdataofseenconcepts,deservesgreat
attention.However,fewstudieshaveconsideredthisproblem.

ThemajorchallengeintheZSFSproblemishowtodeducetheknowledgeofunseenconceptsfrom
seenconcepts.Infact,theprimaryreasonwhyexistingstudiesfailtohandleunseenconceptsisthat
theyonlyconsiderthediscriminationamongseenconcepts(likethe0/1-formclasslabelsillustrated
inFigure1),suchthatlittleknowledgecouldbededucedforunseenconcepts.Toaddressthis,as
illustratedinFigure2,weadopttheclass-semanticdescriptions(i.e.,attributes)assupervisionfor
featureselection.ThisideaisinspiredbytherecentdevelopmentofZero-shotLearning(ZSL)(Farhadi,
Endres,Hoiem,&Forsyth,2009)(Guo,Ding,Han,&Gao,2017)whichhasdemonstratedthatthe
capacityofinferringattributesallowsustodescribe,compare,orevencategorizeunseenobjects.

Anattendantproblemishowtoidentifyreliablediscriminativefeatureswithattributeswhich
mightbeinaccurateandnoisy(Jayaraman&Grauman,2014).Toalleviatethis,wefurtherpropose
anovellossfunction(namedcenter-characteristic loss)whichencouragestheselectedfeaturesto
capturethecentralcharacteristicsofseenconcepts.Theoretically,thislossfunctionisavariantofthe
center loss(Wen,Zhang,Li,&Qiao,2016)whichhasshownitseffectivenesstolearndiscriminative
andgeneralizedfeaturesforcategorizingunseenobjects.

Weevaluatetheperformanceoftheproposedmethodonseveralreal-worlddatasets,including
SUN,aPYandCIFAR10.OnepointshouldbenotedisthattheattributesofCIFAR10areautomatically
generatedfromapublicWikipediatext-corpus(Shaoul,2010)byawell-knownNLPtool(Huang,
Socher,Manning,&Ng,2012).Theexperimentalevidenceshowsthatnomatterwithmanuallyor
automaticallygeneratedattributes,ourmethodgeneralizeswelltounseenconcepts.

Wesummarizeourmaincontributionsasfollows:

• WestudytheproblemofZSFS,i.e.,buildingafeatureselectionmodelwhichgeneralizeswell
tounseenconceptswithlimitedtrainingdataofseenconcepts.Toourbestknowledge,little
workhasaddressedthisproblem.

• Weproposeanefficientstrategytoreusethesupervisedknowledgeofseenconcepts.Concretely,
featureselectionisguidedbytheseenconceptattributeswhichprovidediscriminativeinformation
aboutunseenconcepts.

• Toselectmorereliablediscriminativefeatures,wefurtherencouragetheselectedfeaturesto
capturethecentralcharacteristicsofseenconcepts.Weformulatethisbyanovellossfunction
namedcenter-characteristicloss.

• Weconductextensiveexperimentsonthreebenchmarkdatasetstodemonstratetheeffectiveness
ofourmethod.

Therestofthispaperisorganizedasfollows.InSection2,webrieflyreviewsomerelatedwork
onfeatureselectionandzero-shotlearning.InSection3,weformallydefinetheproblemstudied

Figure 1. The Zero-shot Feature Selection Problem
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