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Dueto thelargevariationandrichnessof visual inputs,
statisticallearninggetsmoreandmoreconcernedin the
practiceof visualprocessingsuchasvisualtrackingand
recognition. Statisticalmodelscan be trainedfrom a
largesetof trainingdata.However, in many cases,since
it is not trivial to obtaina largelabeledandrepresenta-
tive training dataset, it would be difficult to obtain a
satisfactory generalization. Another difficulty is how
to automaticallyselect good featuresfor representa-
tion. By combiningbothlabeledandunlabeledtraining
data,thispaperproposesanew learningparadigm,self-
supervisedlearning,to investigatetheissuesof learning
bootstrappingandmodeltransduction.Inductive learn-
ing andtransductive learningarethetwo maincasesof
self-supervisedlearning, in which the proposedalgo-
rithm, Discriminant-EM(D-EM), is a specificlearning
technique.Vision-basedgestureinterfaceis employed
asa testbedin our research.

Introduction
In currentVirtualEnvironment(VE) applications,somecon-
ventionalinterfacedevices,suchaskeyboards,mice,wands
and joysticks, are inconvenient and unnatural. In recent
years,theuseof handgesturesin humancomputerinterac-
tion servesasa motivatingforcefor researchin handtrack-
ing and gesturerecognition. Although handgesturesare
complicatedto modelsincethe meaningsof handgestures
dependon peopleandcultures,a setof specifichandges-
ture vocabulary canbe alwayspredefinedin many applica-
tions, so that the ambiguitycanbe limited. Handtracking
andposturerecognitionaretwo of themaincomponentsin
vision-basedgestureinterface.

One goal of hand tracking is to locatehandregions in
video sequences.Skin color offers an effective and effi-
cient way to segmenthandregionsout. According to the
representationof color distribution in certaincolor spaces,
current techniquesof color tracking can be classifiedinto
two generalapproaches:non-parametric(Swain and Bal-
lard1991;KjeldsenandKender1996;JonesandRehg1998;
Wu, Liu, andHuang2000)andparametric(Raja,McKenna,
andGong1998).Many differentcolorspaces,suchasRGB,
HSV, N-RGB,havebeenusedin currentresearch.However,
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many of thesetechniquesareplaguedby somespecialdiffi-
cultiessuchaslargevariationin skintone,unknown lighting
conditionsanddynamicscenes.

Onepossiblesolutionis to make a genericstatisticalskin
colormodelby collectingahugetrainingdataset(Jonesand
Rehg1998)so that thegenericcolor modelcouldwork for
any userin any case.However, collectingandlabelingsuch
a hugedatabaseis not trivial. Even thoughsucha good
genericcolor model can be obtained,the skin color may
looks very different in different lighting conditions. This
color constancy problemis not trivial in color tracking.Be-
causeof dynamicscenesandchanginglighting conditions,
the color distribution over time is non-stationary, sincethe
statisticsof color distribution will changewith time. If a
color classifieris trainedundera specificcondition,it may
notwork well in otherscenarios.

In many gestureinterfaces,somesimplecontrolling,com-
mandingandmanipulativegesturesaredefinedto fulfill nat-
ural interactionsuchas pointing, navigating, moving, ro-
tating, stopping,starting,selecting,etc. View-independent
handposturerecognitionis to recognizehandsigns even
from differentviewing directions.

Oneapproachis the3D model-basedapproach,in which
the handconfigurationis estimatedby taking advantageof
3D handmodels(Davis and Shah1994; Heapand Hogg
1996; Kuch and Huang1995; Lee and Kunii 1995; Rehg
andKanade1995;Wu andHuang1999).Sincehandconfig-
urationsareindependentto view directions,thesemethods
coulddirectly achieve view-independentrecognition.How-
ever, sincea classificationof handposturesis oftenenough
in many otherapplicationssuchascommandsswitching,an
alternativeapproachis appearance-basedapproach(Cui and
Weng1996;QuekandZhao1996;TrieschandvondeMals-
burg 1996), in which classifiersare learnedfrom a set of
imagesamples. Although it is easierfor the appearance-
basedapproachto achieve user-independencethanmodel-
basedapproach,therearetwo major difficulties of this ap-
proach:automaticfeatureselectionandtrainingdatacollec-
tion. In general,good generalizationrequiresa large and
representative labeledtrainingdataset. However, to manu-
ally label a largedatasetwill be very time-consumingand
tedious.Althoughunsupervisedschemeshasbeenproposed
to clusteringtheappearancesof 3D objects(Basri,Roth,and
Jacobs1998), it is hard for pureunsupervisedapproachto
achieveaccurateclassificationwithout supervision.

In this paper, color trackingis formulatedasa transduc-



tive learningproblem,andposturerecognitionis formulated
as an� inductive learning problem. These two learning
problems are unified in a framework of self-supervised
learningin whichbothsupervisedandunsupervisedtraining
dataareemployed.

Problem Formulation
Unlabeled Data
Traditionally, featureextractionandselectionare indepen-
dentto the designationof classifier. Although the discrim-
inant analysistechniqueoffers a meansto automatically
selectand weight classification-relevant features,it puts a
harshrequirementto the training dataset: a large labeled
dataset.We do not expectdiscriminantanalysisto outputa
goodresult,unlessenoughlabeleddataareavailable.

In fact,it seemsthatit might notbenecessaryto haveev-
ery samplelabeledin supervisedlearning. A very interest-
ing resultgivenby thetheoryof thesupportvectormachine
(SVM) (Vapnik1995)is that the classificationboundaryis
relatedonly to somesupportvectors,ratherthanthe whole
dataset. Although the identificationof thesesupportvec-
tors is not trivial, it motivatesus to think aboutthe rolesof
non-supportvectors. Fortunately, it is easierto collect un-
labeleddata. The issueof combiningunlabeleddatain su-
pervisedlearningbeginsto receive moreandmoreresearch
efforts recently and the researchof this problem is still
in its infancy. Without assumingparametricprobabilistic
models,several methodsarebasedon the SVM (Gammer-
man,Vapnik, andVowk 1998;BennettandDemiriz 1998;
Joachims1999). However, whenthesizeof unlabeleddata
becomesvery large, thesemethodsneedformidablecom-
putationalresourcesfor mathematicalprogramming. An-
other difficulty of theseSVM-basedmethodsis that the
way of selectingthe kernel function is heuristic. Some
otheralternativemethodstry to fit this probleminto theEM
framework andemploy parametricmodels(Mitchell 1999;
Nigametal. 1999),andhavesomeapplicationsin text clas-
sification. Although EM offers a systematicapproachto
this problem,thesemethodslargely dependon the a priori
knowledgeabouttheprobabilisticstructureof datadistribu-
tion.

If theprobabilisticstructureof datadistribution is known,
parametersof probabilisticmodelscanbeestimatedby un-
supervisedlearningalone,but it is still impossibleto assign
classlabelswithout labeleddata(DudaandHart1973).This
fact suggeststhat labeledand unlabeledtraining dataare
both neededin learning,in which labeleddata(if enough)
canbeusedto labeltheclassandunlabeleddatacanbeused
to estimatetheparametersof generativemodels.

Self-supervised Learning
In self-supervisedlearning, thereis a hybrid training data
set� whichconsistsof a labeleddataset��� �	��

������������� �� ����������� � , where
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is featurevector,

� �
is label and

�
is

the sizeof the set,andan unlabeleddataset ��� ��
 � ��� �� ����������� � , where
�

is the sizeof the set. Generally, we
make an assumptionherethat � and � arefrom the same

distribution. Essentially, the classificationproblemcanbe
representedas:��� �! �"$#&%' �()+*-,/.1010101. 243 �5� )76 

��� � � �98$: 

�<;>=?� (1)

where
=

is a subsetof thewholedataspace@ and A is the
numberof classes.Accordingto different

=
, self-supervised

learninghasdifferentspecialcases.

The Inductive Problem When
= �B@ , self-supervised

learningbecomesinductive learning. The classificationis
representedas:� � �! �"7#C%' �()+*D,E.101010 . 2 3 �5� ) 6 
 � � � � �F8$: 
 � ; @ � (2)

Different from conventionallearningparadigms,inductive
learningdependsonbothsuperviseddataset� andunsuper-
viseddataset � . If �G�IH , it degeneratesto pureunsuper-
visedlearning. If �J�KH , it degeneratesto puresupervised
learning. Generally, we usea large unlabeledtraining set
anda relatively smalllabeledset.

The Transductive Problem When
= � � , self-

supervisedlearning becomestransductive learning. The
classificationis representedas:��� �! �"7#C%' �()+*D,E.101010 . 2L3 �5� )$6 

��� � � �98$: 

�<; � � (3)

Generally, the classifierobtainedfrom inductive learning
could be highly nonlinear, anda hugelabeledtraining set
is requiredto achieve good generalization. However, the
requirementof generalizationcould be relaxed to a subset
of thewholedataspace.Thegeneralizationof transductive
learningis only definedon theunlabeledtrainingset � , in-
steadof thewholedataspace@ .

It canbeillustratedby anexampleof non-stationarycolor
tracking,in whicheachcolorpixel will belabeledby acolor
classifieror model (

�
). In transductive learning,a color

classifier
�NM

at time frame O couldbeonly usedto classify
pixel


 ) in the currentspecificimagefeaturedataset P M so
thatthis specificclassifier

� M
couldbesimpler. Whenthere

is anew imageP M5Q , at time OSR � , thisspecificclassifier
�TM

shouldbetransducedto a new classifier
�TM5Q , which works

just for thenew imageP M5Q , insteadof P M . Theclassification
canbedescribedas:��� �! �"7# %> �()+*-,E.1010101. 2 3 �5� )$6 

�U��� M � P M5Q , 8$: 

�<; P M5Q , � (4)

where
�V�

is thelabelof


�

, and A is thenumberof classes.In
this sense,we do not carethe performanceof the classifier� M5Q , outsideP M5Q , . The transductivelearning is to trans-
ducetheclassifier

� M
to
� M5Q , given P M5Q , . Figure1 shows

thetransductionof colorclassifiers.
This transductionmay not alwaysbe feasibleunlesswe

know the joint distribution of P M and P M5Q , . Unfortunately,
suchjoint probability is generallyunknown sincewe may
not have enougha priori knowledgeaboutthe transitionin
a color spaceover time. We assumethat the classifier

�TM
at time O cangive “confident” labelsto several samplesinP M5Q , , sothat thedatain P M5Q , canbedivided into two parts:



Figure1: An illustrationof transductionof classifiers.

labeleddataset �W� �	��
 ) ��� ) ����X � � ����������� � , andunla-
beledset�F� �7
 ) ��X � � ����������� � . Here,� and � arefrom
the samedistribution. Consequently, the transductive clas-
sificationcanbe written as3. In this formulation,the spe-
cific classifier

�TM
is transducedto anotherclassifier

�TM5Q ,
by combininga largeunlabeleddatasetfrom P M5Q , .
Generative Model
We assumethat thehybrid datasetis drawn from a mixture
densitydistribution of A components

�ZY ) ��X � � ��������� A[� ,
which areparameterizedby \]� �Z^ ) ��X � � ��������� A[� . The
mixturemodelcanberepresentedas:

3 �+
 6 \ � �
2
)+*-, 3

��
 6 Y )Z_ ^ ) � 3 ��Y ) 6 ^ ) � (5)

where



is a sample drawn from the hybrid data set� �`� � . We make anotherassumptionthat each
componentin themixturedensitycorrespondsto oneclass,
i.e.

�/� ) � Y ) ��X � � ��������� A[� .
The D-EM Algorithm

In this section,we describetheEM framework andthepro-
posedD-EM algorithmto theself-supervisedlearningprob-
lem.

The EM Framework
Sincethe labelsof unlabeleddatacan be treatedas miss-
ing values,the Expectation-Maximization(EM) approach
canbe appliedto this transductive learningproblem. The
training dataset � is a union of a set of labeleddataset� anda setof unlabeledset � . Whenwe assumesample
independency, the model parameters\ can be estimated
by maximizing a posteriori probability 3 � \ 6 � � . Equiva-
lently, this can be doneby maximizing acb � 3 � \ 6 � ��� . Letd � \ 6 � � �'a5b � 3 � \ � 3 � � 6 \ ��� , andwe have

d � \ 6 � � �eacb � 3 � \ ��� R fhgji$kla5b �
2
)+*-, 3

��m )76 \ � 3 ��

� 6 m ) _ \ ���

R f g i$noacb � 3 �5� � � m � 6 \ � 3 �+
 � 6 � � � m � _ \ �U� (6)

Whenintroducinga binaryindicator p � � ��q�� , ����������q�� 2 � ,
where

q � ) � � if f
� � � m ) , and

q � ) �'r otherwise,we have:d � \ 6 � ��st� �ua5b � 3 � \ ���
R fhgji$v

2
)+*-,

q�� ) a5b � 3 ��m )�6 \ � 3 ��

� 6 m ) _ \ ���

TheEM algorithmestimatestheparameters\ by aniter-
ativehill climbing procedure,which alternatively calculatesw �xst�

, the expectedvaluesfor all unlabeleddata,and es-
timatesthe parameters\ given

w �xst�
. The EM algorithm

generallyreachesa local maximumof
d � \ 6 � � . It consists

of two iterativesteps:y E-step:set zs|{~} Q ,�� � w�� s 6 � _ z� {~} ���y M-step:set z� {~} Q ,�� �� �"7#�%' �(�� 3 � � 6 � _ zst{~}
Q ,�� �

where zs|{~} � and z� {~} � denotetheestimationfor
s

and \ at
the � -th iterationrespectively.

If theprobabilisticstructure,suchasthenumberof com-
ponentsin mixture models,is known, EM could estimate
trueprobabilisticmodelparameters.Otherwise,theperfor-
mancecould be very bad. A Gaussiandistribution is often
assumedto representaclass.Unfortunately, thisassumption
is ofteninvalid in practice.

The D-EM Algorithm
Sincewegenerallydonotknow theprobabilisticstructureof
datadistribution,EM oftenfails whenstructureassumption
doesnot hold. Oneapproachto this problemis to try every
possiblestructureandselectthebestone.However, it needs
more computationalresources.An alternative is to find a
mappingsuchthatthedataareclusteredin themappeddata
space,in which the probabilisticstructurecouldbe simpli-
fied andcapturedby simplerGaussianmixtures. TheMul-
tiple DiscriminantAnalysis(MDA) techniqueoffers a way
to relax the assumptionof probabilisticstructure,andEM
suppliesMDA a large labeleddataset to selectmost dis-
criminatingfeatures.

MDA is a naturalgeneralizationof Fisher’s linear dis-
crimination(LDA) in thecaseof multiple classes(Dudaand
Hart 1973). The basicideabehindMDA is to find a linear
transformation� to mapthe original � , dimensionaldata
spaceto a new ��� spacesuchthat the ratio of thebetween-
classscatterand the within-classscatteris maximizedin
somesense.Detailscanbefoundin (DudaandHart 1973).
MDA offers a meansto catch major differencesbetween
classesanddiscountfactorsthat arenot relatedto classifi-
cation.Somefeaturesmostrelevantto classificationareau-
tomaticallyselectedor combinedby the linearmapping�
in MDA, althoughthesefeaturesmay not have substantial
physicalmeaningsany more. Anotheradvantageof MDA
is that thedataareclusteredto someextent in theprojected
space,which makesit easierto selectthestructureof Gaus-
sianmixturemodels.

It is apparentthatMDA is asupervisedstatisticalmethod,
which requiresenoughlabeledsamplesto estimatesome



statisticssuch as mean and covariance. By combining
MDA

�
with the EM framework, our proposedmethod,

Discriminant-EMalgorithm(D-EM), is sucha way to com-
binesupervisedandunsupervisedparadigms.Thebasicidea
of D-EM is to enlarge the labeleddataset by identifying
some“similar” samplesin theunlabeleddataset,sothatsu-
pervisedtechniquesaremadepossiblein suchan enlarged
labeledset.

D-EM beginswith a weakclassifierlearnedfrom the la-
beled set. Certainly, we do not expect much from this
weak classifier. However, for eachunlabeledsample


 ) ,
the classificationconfidence� ) � �/� ) } � ��� � ��������� A[�
canbegivenbasedon theprobabilisticlabel � ) � � d ) } � ���� ��������� A[� assignedby this weakclassifier.

d ) } � 3 � ��� 
 )�6 Y } � 3 ��Y } �2} *-, 3 � � � 
 ) 6 Y } � 3 ��Y } � (7)

� ) } �uacb � 3 � � � 
 ) 6 Y } ��� ��� � ��������� A (8)

Euqation(8)is justaheuristicto weightunlabeleddata

 ) ;

� , althoughtheremaybemany otherchoices.
After that,MDA is performedon the new weighteddata

set ������� �7
 ) � � ) � � ) 8|: 
 ) ; ��� , by which the
dataset ��� is linearly projectedto a new spaceof dimen-
sion AI� � but unchangingthe labelsand weights, z���� ��� 
 ) ��� ) 8�: 
 ) ; ��� � ��� 
 ) � � ) � � ) 8o: 
 ) ; ��� .
Then parameters

�
of the probabilistic modelsare esti-

matedon z� , sothattheprobabilisticlabelsaregivenby the
Bayesianclassifieraccordingto Equation(7).Thealgorithm
iteratesoverthesethreesteps,“Expectation-Discrimination-
Maximization”. The following is the descriptionof the D-
EM algorithm.

Discriminant-EM algorithm (D-EM)
inputs: labeledset � , unlabeledset�
output: classifierwith parameters 
begin Initialize: numberof components¡¢¤£�¥§¦?¨�© �oª«�¬�­�®<£9¯�°�±�²/­�³´®+µ�±�¶·©+¢¹¸ �Dªº ¬�­�®<£9¯�°�±�²/­�³´®+µ�±�¶·©+¢¹¸ �lª  £�¥§¨-¯[©x«�¬�­�® ª

D-E-M iteration
E-step:» «5¼¾½U­�«¿£9À·¼Z½´­�«xµ�¶ÂÁÂ©   ¸ º ¬�­�® ªÃ ­�µ�ÁhÄ�®<£�ÅÆ­�µ�ÁhÄ�®jµ�¶hÁÂ© » «x¼Z½´­�« ªÇLÈ £ � É�� ¸ » «x¼Z½U­�«�¸ Ã ­�µ�ÁhÄ�®EÊ
D-step:¢¤£�¥§¦?¨�© Ç È ª«�¬�­�®<£9¯�°�±�²/­�³´®+µ�±�¶·©+¢¹¸ �Dªº ¬�­�®<£9¯�°�±�²/­�³´®+µ�±�¶·©+¢¹¸ �lªËÇ £K«�¬�­�® É º ¬�­�®E¸ » «x¼Z½´­�«�¸ Ã ­�µ�ÁhÄ�®EÊ
M-step:  £�¥§¨-¯[© ËÇ ª

return  
end

It shouldbenotedthat the simplificationof probabilistic
structuresis not guaranteedin MDA. If the componentsof
datadistribution are mixed up, it is very unlikely to find
such a linear mapping. In this case,nonlinearmapping
shouldbefoundsothatsimpleprobabilisticstructurecould

beusedto approximatethedatadistribution in the mapped
dataspace.Generally, we useGaussianor 2-orderGaussian
mixtures. Our experimentsshow that D-EM works better
thanpureEM.

Experiments
In our experiments,color trackingis formulatedasa trans-
ductive problemthat is describedbefore,andhandposture
recognitionis treatedasan inductive problem.The investi-
gationof theeffectof self-supervisionandtheeffectiveness
of D-EM arereported.

Color Tracking
Although thesecompact3-D color spaceshave substantial
physicalmeanings,noneof themis foundto beableto give
satisfactorycolorinvariantsthroughdifferentlighting condi-
tions.ConsideringthatHSV colorspaceis notalineartrans-
formationof RGBspace,we try to useahigherdimensional
color space(6-D) by combiningHSV andRGB spaces.In
oneof the experiments,to evaluateour algorithmin color
tracking,we assumethesegmentationis known to calculate
classificationerrors,althoughsucherrorsarenot available
in realapplications.We usetwo “hand images”(resolution� r¾r�ÌÎÍ/Ï ), whereP , is asegmentedimage,andP$� is thesame
as P , exceptthat the color distribution of P�� is transformed
by shifting the R elementof every pixel by 20 suchthat P �
looks like addinga red filter. A color classifieris learned
for P , with errorratelessthan5%. In this simplesituation,
this color classifierwould fail to correctlysegmenthandre-
gion from P � , sincethe skin color in P � is muchdifferent.
Actually, it haserrorrateof 35.2%on P�� .
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Figure2: (a)showsthecomparisonbetweenEM andD-EM.
(b) showstheeffectof numberof labeledandunlabeleddata
in D-EM

Figure 2(a) shows the comparisonbetweenEM and D-
EM, in which D-EM givesa lower classificationerror rate
(6.9%vs. 24.5%).Wefeedthealgorithmadifferentnumber
of labeledandunlabeledsamples.The numberof labeled
datais controlledby the confidencelevel. In this experi-
ment,confidencelevel is thesameasthesizeof thelabeled
set. In general,combiningunlabeleddatacan largely re-
ducetheclassificationerrorwhenlabeleddataarevery few.
Whenusing20%(1500)unlabeleddata,thelowesterrorrate
achievedis 27.3%.Whenusing50%(3750)unlabeleddata,
the lowesterror ratedropsto 6.9%. The transducedcolor



classifiergivesaround20%moreaccuracy, which is shown
in FigureÐ 2(b).

Figure3: HandLocalizationby D-EM

We alsoperformreal experimentsby implementingthis
trackingalgorithm,which runsat 15-20Hzon a singlepro-
cessorSGI O2 R10000workstation.Figure3 shows anex-
ampleof handlocalizationin a typical lab environment. In
Figure3, theskin color in differentpartsof handarediffer-
ent.Thecameramovesfrom downwardsto upwardsandthe
lighting conditionson thehandaredifferent.Handbecomes
darkerwhenit shadesthelight sourcesin severalframes.

Hand Posture Recognition
The gesturevocabulary in our gestureinterfaceis 14. The
handlocalizationsystemis employedto automaticallycol-
lect handimageswhich serve as the unlabeleddata,since
thelocalizationsystemonly outputsboundingboxesof hand
regions, regardlessof hand postures. A large unlabeled
databasecan be easily constructed. Currently, there are
14,000unlabeledhandimagesin our database.It should
be notedthat the boundingboxesof someimagesare not
tight,whichintroducenoiseto thetrainingdataset.For each
postureclass,somesamplesaremanuallylabeled.To inves-
tigatetheeffect of usingunlabeleddataandto comparedif-
ferentclassificationalgorithms,we constructa testingdata
set,whichconsistsof 560labeledimages.

Physical (P-) and mathematical(M-) featuresare both
used as hand representationin our experiments. Gabor
wavelet filters with 3 levels and4 orientationsareusedto
extract12texturefeatures,eachof which is thestandardde-
viation of thewaveletcoefficientsfrom onefilter. 10 coeffi-
cientsfrom theFourierdescriptorareusedto representhand
shapes.We alsousesomestatisticssuchasthe handarea,
contourlength,total edgelength,density, and2-ordermo-
mentsof edgedistribution. Therefore,we have28 low-level
imagefeaturesin total. After resizingtheimagesto Ñ¾r[Ì�Ñ¾r ,
somemathematicalfeaturesareextractedby PCA.

We feedthealgorithma differentnumberof labeledand
unlabeledsamples.In this experiment,we use500, 1000,
2500,5000,7500,10000,12500unlabeledsamplesand42,
56, 84, 112, 140 labeleddata,respectively. In this exper-
iment, we usethe mathematicfeaturesextractedby PCA
with 22 principalcomponents,andthedimensionfor MDA
is setto 10. As shown in Figure4(a),in general,combining

someunlabeleddatareducethe classificationerrorby 20%
to 30%.
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Figure4: (a) shows theeffect of labeledandunlabeleddata
in D-EM. (b) shows theeffectof thedimensionof PCAand
MDA in D-EM

In Figure4(b), we studythe effect of the dimensionpa-
rametersin PCA andMDA. If lessprincipalcomponentsof
PCAareused,someminorbut importantdiscriminatingfea-
turesmay be neglectedso that thoseprincipal components
maybeinsufficient to discriminatedifferentclasses.On the
otherhand,if moreprincipalcomponentsof PCAareused,it
would includemorenoise.Therefore,thenumberof princi-
pal componentsof PCA is animportantparameterfor PCA.
Thedimensionof MDA rangesbetween1 to A�� � , whereA is thenumberof classes.We areinterestedin a lower di-
mensionalspacein whichdifferentclassescanbeclassified.
In thisexperiment,weuse112labeleddataand10000unla-
beleddata,andwe find thata gooddimensionparameterof
PCA is around20 to 24,and8 to 13 for MDA.

Fourclassificationalgorithmsarecomparedin thisexper-
iment.For M-Features,thenumberof principalcomponents
of PCA is set to 22, anda setof 560 labeleddatais used
to performMDA with dimensionof 10. Using1000labeled
trainingdata,the multi-layerperceptronusedin this exper-
iment hasone hidden layer of 25 nodes. We experiment
with two schemesof thenearestneighborclassifier. Oneis
just of 140 labeledsamples,andtheotheruses140 labeled
samplesto bootstraptheclassifierby a growing scheme,in
which newly labeledsampleswill beaddedto theclassifier
accordingto their labels.Thelabeledandunlabeleddatafor
bothEM andD-EM are140and10000,respectively. Table
1 shows thecomparison.

Algorithm P-FeaturesM-Features

Multi-layer Perceptron 33.3% 39.6%
NearestNeighbor 30.2% 35.7%

NearestNeighbor(growing) 15.8% 20.3%
EM 21.4% 20.8%

D-EM 9.2% 7.6%

Table1: Comparisonamongdifferentalgorithms

As shown in Table 1, the D-EM algorithm outperforms
the other three methods. The multi-layer perceptronis
oftentrappedin local minima in this experiment.Thepoor
performanceof the nearestneighborclassifieris partly due



to the insufficient labeleddata. Whenthe growing scheme
is used,Ò it reducesthe error by 15%, sinceit automatically
expendsthe storedtemplates.The problemof this scheme
is that it is affectedby the orderof inputs,becausethereis
no confidencemeasurementin growing so that the error of
labeling will be accumulated.PureEM algorithm hardly
convergesto asatisfactoryclassificationin ourexperiments.
However, D-EM endsup with a prettygoodresult.

Conclusion
This paperpresentsa study of a new learning paradigm,
namedself-supervisedlearning,which employs bothsuper-
visedandunsupervisedtraining datasets. Inductive learn-
ing andtransductive learningcanbe treatedastwo special
casesof thisnew learningparadigm.Onepossibleapproach
in self-supervisedlearningis basedon the EM framework.
Integrating discriminantanalysisand the EM framework,
the proposedDiscriminant-EM(D-EM) algorithm offers a
meansto relax the assumptionof probabilistic structures
of datadistribution and automaticallyselecta good clas-
sification features. In vision-basedgestureinterface,hand
tracking and hand posturerecognitionoffer two applica-
tionsof self-supervisedlearning.Experimentsshow thatthe
proposedD-EM algorithmoutperformssomeotherlearning
techniques,andself-supervisedhasmany potentialapplica-
tions.

Oneof the future researchdirectionsof this approachis
to explorethenonlinearcaseof MDA. LikenonlinearSVM,
somekernelfunctionsshouldbe studied.The convergence
and stability analysisshould be performedin our future
research. Model transductionby using both labeledand
unlabeleddatais an interestingresearchtopic, which needs
moreinvestigation.
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