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Abstract

Dueto thelargevariationandrichnessof visualinputs,
statisticalearninggetsmoreandmoreconcernedn the
practiceof visualprocessinguchasvisualtrackingand
recognition. Statisticalmodelscan be trainedfrom a
largesetof trainingdata.However, in mary casessince
it is nottrivial to obtaina large labeledandrepresenta-
tive training dataset, it would be difficult to obtaina
satishctory generalization. Another difficulty is how
to automatically selectgood featuresfor representa-
tion. By combiningbothlabeledandunlabeledraining
data,this papemproposesnew learningparadigmself-
supervisedearning to investigateheissuef learning
bootstrappingandmodeltransductionInductive learn-
ing andtransductie learningarethe two main casef
self-supervisedearning, in which the proposedalgo-
rithm, Discriminant-EM(D-EM), is a specificlearning
technique. Vision-basedjestureinterfaceis emplo/ed
asatestbedn ourresearch.

I ntroduction

In currentVirtual Environment(VE) applicationssomecon-
ventionalinterfacedevices,suchaskeyboardsmice,wands
and joysticks, are incorvenientand unnatural. In recent
years,the useof handgesturesn humancomputerinterac-
tion senesasa motivatingforcefor researchn handtrack-
ing and gesturerecognition. Although hand gesturesare
complicatedto modelsincethe meaningsof handgestures
dependon peopleand cultures,a setof specifichandges-
ture vocahulary canbe alwayspredefinedn mary applica-
tions, so that the ambiguity canbe limited. Handtracking
andposturerecognitionaretwo of the main componentsn
vision-basedjesturdnterface.

One goal of handtrackingis to locate handregionsin
video sequences.Skin color offers an effective and effi-
cientway to sggmenthandregionsout. Accordingto the
representatiomf color distribution in certaincolor spaces,
currenttechniquesof color tracking can be classifiedinto
two generalapproachesnon-parametriqSwain and Bal-
lard 1991 ;KjeldsenandKenderl996;JonesandRehgl1998;
Wu, Liu, andHuang2000)andparametriqRaja,McKenna,
andGong1998).Many differentcolor spacessuchasRGB,
HSV, N-RGB, have beenusedin currentresearchHowever,
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mary of thesetechniquesreplaguedby somespecialdiffi-
cultiessuchaslargevariationin skintone,unknown lighting
conditionsanddynamicscenes.

Onepossiblesolutionis to make a genericstatisticalskin
colormodelby collectingahugetrainingdataset(Jonesand
Rehg1998)so thatthe genericcolor modelcould work for
ary userin ary case.However, collectingandlabelingsuch
a huge databases not trivial. Even thoughsucha good
genericcolor model can be obtained,the skin color may
looks very differentin differentlighting conditions. This
color constang problemis nottrivial in colortracking. Be-
causeof dynamicscenesand changinglighting conditions,
the color distribution over time is non-stationarysincethe
statisticsof color distribution will changewith time. If a
color classifieris trainedundera specificcondition, it may
notwork well in otherscenarios.

In mary gesturenterfacessomesimplecontrolling,com-
mandingandmanipulatve gesturesredefinecdto fulfill nat-
ural interactionsuch as pointing, navigating, moving, ro-
tating, stopping,starting,selecting,etc. View-independent
hand posturerecognitionis to recognizehand signs even
from differentviewing directions.

Oneapproachis the 3D model-base@pproachijn which
the handconfigurationis estimatecdby taking advantageof
3D hand models(Davis and Shah1994; Heap and Hogg
1996; Kuch and Huang 1995; Lee and Kunii 1995; Rehg
andKanadel995;Wu andHuang1999). Sincehandconfig-
urationsareindependento view directions,thesemethods
coulddirectly achieve view-independentecognition.How-
ever, sincea classificationof handpostureds oftenenough
in mary otherapplicationssuchascommandswitching,an
alternatve approachs appearance-basegpproach{Cui and
Weng1996;QuekandZhao1996;Trieschandvonde Mals-
burg 1996), in which classifiersare learnedfrom a set of
image samples. Although it is easierfor the appearance-
basedapproachto achiese userindependencéhan model-
basedapproachtherearetwo major difficulties of this ap-
proach:automatideatureselectionandtrainingdatacollec-
tion. In general,good generalizatiorrequiresa large and
representatie labeledtraining dataset. However, to manu-
ally label a large datasetwill be very time-consumingand
tedious.Althoughunsupervisedchemesasheenproposed
to clusteringtheappearancesf 3D objects(BasriRoth,and
Jacobs1998),it is hardfor pure unsupervise@dpproacho
achieve accurateclassificatiorwithout supervision.

In this paper color trackingis formulatedasa transduc-



tive learningproblem,andposturerecognitionis formulated
as an inductive learning problem. Thesetwo learning
problems are unified in a framework of self-supervised
learningin whichbothsupervise@ndunsupervisetraining
dataareemployed.

Problem Formulation
Unlabeled Data

Traditionally, featureextractionand selectionare indepen-
dentto the designatiorof classifier Althoughthe discrim-
inant analysistechniqueoffers a meansto automatically
selectand weight classification-releant features,it putsa
harshrequiremento the training dataset: a large labeled
dataset. We do not expectdiscriminantanalysisto outputa
goodresult,unlessenoughabeleddataareavailable.

In fact,it seemghatit mightnotbenecessaryo have ev-
ery samplelabeledin supervisedearning. A very interest-
ing resultgivenby thetheoryof the supportvectormachine
(SVM) (Vapnik 1995)is that the classificationboundaryis
relatedonly to somesupportvectors,ratherthanthe whole
dataset. Although the identificationof thesesupportvec-
torsis nottrivial, it motivatesus to think aboutthe rolesof
non-supportvectors. Fortunately it is easierto collect un-
labeleddata. Theissueof combiningunlabeleddatain su-
pervisedearningbeginsto receve moreandmoreresearch
efforts recently and the researchof this problemis still
in its infang. Without assumingparametricprobabilistic
models,several methodsare basedon the SVM (Gammer
man, Vapnik, and Vowk 1998; Bennettand Demiriz 1998;
Joachimsl999). However, whenthe size of unlabeleddata
becomesvery large, thesemethodsneedformidable com-
putationalresourcedor mathematicaprogramming. An-
other difficulty of these SVM-basedmethodsis that the
way of selectingthe kernel function is heuristic. Some
otheralternatve methodsry to fit this probleminto the EM
frameavork andemploy parametricomodels(Mitchell 1999;
Nigametal. 1999),andhave someapplicationsn text clas-
sification. Although EM offers a systematicapproachto
this problem,thesemethoddargely dependon the a priori
knowledgeaboutthe probabilisticstructureof datadistribu-
tion.

If the probabilisticstructureof datadistributionis known,
parametersf probabilisticmodelscanbe estimatedoy un-
supervisedearningalone,but it is still impossibleto assign
clasdabelswithoutlabeleddata(DudaandHart1973).This
fact suggestghat labeledand unlabeledtraining dataare
both neededn learning,in which labeleddata(if enough)
canbeusedto labelthe classandunlabelediatacanbeused
to estimatehe parametersf generatre models.

Self-supervised Learning

In self-supervisedearning, thereis a hybrid training data
setD which consistof alabeleddatasetl = {(x;,y;),i =

1,..., N}, wherex; is featurevector, y; is labeland N is
the sizeof the set,andanunlabeleddataset!/ = {x;,i =
1,..., M}, where M is the size of the set. Generally we

make an assumptiorherethat £ andi/ arefrom the same

distribution. Essentially the classificationproblemcanbe
representeds:

yi = arg 4Tr17,a,mcp(yj|xi,£,u 1 Vx; € 0) Q)
j=1,...,

whereV is a subsebf the whole dataspace? andC is the
numberof classesAccordingto different®, self-supervised
learninghasdifferentspecialcases.

The Inductive Problem When¥ = Q, self-supervised
learningbecomesdnductive learning. The classificationis
representeds:

yi = arg _Trllaxcp(yﬂxi,ﬁ,u :Vx; € Q) (2)
J=1,...,

Differentfrom corventionallearning paradigms,nductive
learningdepend®nbothsupervisedlatasetL andunsuper
viseddataset!{. If £ = ¢, it degenerateso pureunsuper
visedlearning. If U = ¢, it degenerateso puresupervised
learning. Generally we usea large unlabeledtraining set
andarelatively smalllabeledset.

The Transductive Problem When ¥ = U, self-
supervisedlearning becomestransductie learning. The
classifications representeds:

Yy = arg _n}axcp(yﬂxi,ﬁ,u :Vx; €U) 3
J=1sess

Generally the classifierobtainedfrom inductive learning
could be highly nonlinear and a hugelabeledtraining set
is requiredto achievze good generalization. However, the
requirementbf generalizatiorcould be relaxed to a subset
of the whole dataspace.The generalizatiorof transductie
learningis only definedon the unlabeledraining seti/, in-
steadof thewhole dataspace.

It canbeillustratedby anexampleof non-stationargolor
tracking,in which eachcolor pixel will belabeledby acolor
classifieror model (M). In transductie learning,a color
classifierM; attime framet could be only usedto classify
pixel x; in the currentspecificimagefeaturedataset/, so
thatthis specificclassifier); couldbesimpler Whenthere
isanew imagel,; attimet + 1, this specificclassifierM,
shouldbetransducedo a new classifierM,; whichworks
justfor thenew imagel; 1 insteadof I;. Theclassification
canbedescribeds:

y; = arg j:ﬂlwxcp(yﬂxi, M, Ly : V% € Ip1)  (4)

wherey; isthelabelof x;, andC' isthenumberof classeslin

this sensewe do not carethe performanceof the classifier
M, outsidel, ;. Thetransductivdearningis to trans-
ducethe classifierM; to M1 givenl; ;. Figurel showns
thetransductiorof color classifiers.

This transductionmay not always be feasibleunlesswe
know the joint distribution of I; and I; ;. Unfortunately
suchjoint probability is generallyunknowvn sincewe may
not have enougha priori knowledgeaboutthe transitionin
a color spaceover time. We assumethat the classifier M
attime ¢ cangive “confident” labelsto several samplesn
I;+1, sothatthedatain I;,; canbedividedinto two parts:



Figurel: An illustrationof transductiorof classifiers.

labeleddatasetL = {(x;,y;),j = 1,..., N}, andunla-
beledset!/ = {x;,j =1,...,M}. Here,£ andl{ arefrom
the samedistribution. Consequentlythe transductie clas-
sificationcanbe written as 3. In this formulation,the spe-
cific classifierM, is transducedo anotherclassifier M,
by combiningalarge unlabeledatasetfrom 7, ;.

Generative M odel

We assumehatthe hybrid datasetis dravn from a mixture
densitydistribution of C' component¢;,j = 1,...,C},
which areparameterizetty ® = {0;,j = 1,...,C}. The
mixturemodelcanberepresenteds:

C
P(x|©) = 3 plxlesiOp(csle) O

where x is a sample dravn from the hybrid data set
D = LJU. We make anotherassumptionthat each
componenin the mixture densitycorresponds$o oneclass,

i.e.{yj:cj,jzl,...,C}.

The D-EM Algorithm

In this section,we describethe EM framework andthe pro-
posedD-EM algorithmto the self-supervisedearningprob-
lem.

The EM Framework

Sincethe labelsof unlabeleddatacan be treatedas miss-
ing values,the Expectation-Maximization(EM) approach
canbe appliedto this transductie learningproblem. The
training datasetD is a union of a setof labeleddataset
L anda setof unlabeledsetl/. Whenwe assumesample
independeny, the model parameterd® can be estimated
by maximizing a posteriori probability p(®|D). Equiva-
lently, this can be doneby maximizinglg(p(®|D)). Let
(®|D) =1g(p(®)p(D|O®)), andwe have

C
1(©D) =1g(p(®)) + Y _ 18> p(0;|®)p(xi|0;; ©))

x; €U Jj=1

+ > la(ply: = 0il©O)p(xily; = 0;:©))  (6)

x; €L
Whenintroducinga binaryindicatorz; = (z;1, ..., zic),
wherez;; = 1iff y; = O;, andz;; = 0 otherwisewe have:

[(©|D, 2) =1g(p(®))

C
+ Z Z 2ij 1g(p(0;]©)p(x:|O;; ©))

x;€D j=1

The EM algorithmestimateshe parameter® by aniter-
ative hill climbing procedurewhich alternatvely calculates
E(Z2), the expectedvaluesfor all unlabeleddata,and es-
timatesthe parameter® given E(Z). The EM algorithm
generallyreachesa local maximumof [(®|D). It consists
of two iterative steps:

o E-step:setZ(+t1) = E[Z|D; 6]
o M-step:set®"*1) = arg maz, p(©|D; Z+-+1)

whereZ®) and©*) denotethe estimationfor Z and® at
the k-th iterationrespectiely.

If the probabilisticstructure suchasthe numberof com-
ponentsin mixture models,is known, EM could estimate
true probabilisticmodel parametersOtherwise the perfor
mancecould be very bad. A Gaussiardistribution is often
assumedo represenaclass.Unfortunatelythisassumption
is ofteninvalid in practice.

The D-EM Algorithm

Sincewe generallydonotknow theprobabilisticstructureof
datadistribution, EM oftenfails whenstructureassumption
doesnot hold. Oneapproacho this problemis to try every
possiblestructureandselectthebestone. However, it needs
more computationakesources.An alternatve is to find a
mappingsuchthatthe dataareclusteredn the mappediata
spacejn which the probabilisticstructurecould be simpli-
fied and capturedby simpler Gaussiammixtures. The Mul-
tiple DiscriminantAnalysis (MDA) techniqueoffers a way
to relax the assumptiorof probabilisticstructure,and EM
suppliesMDA a large labeleddatasetto selectmostdis-
criminatingfeatures.

MDA is a natural generalizationof Fishers linear dis-
crimination(LDA) in the caseof multiple classes(Dudand
Hart 1973). The basicideabehindMDA s to find a linear
transformationW to mapthe original d; dimensionaldata
spaceto a new ds spacesuchthattheratio of the between-
classscatterand the within-classscatteris maximizedin
somesense Detailscanbefoundin (DudaandHart 1973).
MDA offers a meansto catch major differencesbetween
classesaanddiscountfactorsthat are not relatedto classifi-
cation. Somefeaturesnostrelevantto classificatiorareau-
tomaticallyselectedbr combinedby the linear mappingW
in MDA, althoughthesefeaturesmay not have substantial
physicalmeaningsary more. Anotheradwantageof MDA
is thatthe dataareclusteredo someextentin the projected
spacewhich makesit easierto selectthe structureof Gaus-
sianmixturemodels.

It is apparenthatMDA is asupervisedtatisticaimethod,
which requiresenoughlabeledsamplesto estimatesome



statistics such as mean and covariance. By combining
MDA with the EM framework, our proposedmethod,
Discriminant-EMalgorithm(D-EM), is suchaway to com-
binesupervisedndunsupervisegaradigmsThebasicidea
of D-EM is to enlage the labeleddataset by identifying
some"similar” samplesn theunlabeleddataset,sothatsu-
pervisedtechniquesare madepossiblein suchan enlaged
labeledset.

D-EM beginswith a weak classifierlearnedfrom the la-
beled set. Certainly we do not expect much from this
weak classifier However, for eachunlabeledsamplex;,
the classificationconfidencew; = {wjr, k = 1,...,C}
canbegivenbasedn the probabilisticlabell; = {i;.,k =
1,...,C} assignedy this weakclassifier

p(WTx;ep)p(er)
St D(WTx; | )p(cr)

wik = lg(p(Wxjlep) k=1,...,C (8)

Euqgation(8)s justa heuristicto weightunlabeleddatax; €
U, althoughtheremaybe mary otherchoices.

After that, MDA is performedon the new weighteddata
setD’ = LU{x;,1;,w; : Vx; € U}, by which the
datasetD’ is linearly projectedto a new spaceof dimen-
sion C' — 1 but unchangingthe labelsand weights, D =
{WTXj,yj : VXj S E} U{WTXj,lj,Wj : VX]' < Z/{}
Then parametersd of the probabilistic models are esti-
matedon D, sothatthe probabilisticlabelsaregivenby the
Bayesiarclassifieraccordingto Equation(7).The algorithm
iteratesoverthesethreesteps;'Expectation-Discrimination-
Maximization”. The following is the descriptionof the D-
EM algorithm.

Discriminant-EM algorithm (D-EM)
inputs labeledset£, unlabeledseti/
output classifierwith parameter®
begin Initialize: numberof componentg”
W — MDA(L)
Iset — Projection(W, L)
uset < Projection(W,U)
©® — MAP(lset)
D-E-M iteration
E-step:
plabel «— Labeling(®, uset)
weight «— W eighting(plabel)
D' — L|J{U, plabel, weight}

()

Lk =

W — MDA(D)
lset «— Projection(W, L)
uset «— Projection(W,U)
D — lset (U{uset, plabel, weight}

M-step:
© — MAP(D)
return®
end

It shouldbe notedthat the simplificationof probabilistic
structureds not guaranteedn MDA. If the component®of
datadistribution are mixed up, it is very unlikely to find
such a linear mapping. In this case, nonlinearmapping
shouldbe found sothat simpleprobabilisticstructurecould

be usedto approximatethe datadistribution in the mapped
dataspace Generallywe useGaussiaror 2-orderGaussian
mixtures. Our experimentsshov that D-EM works better
thanpureEM.

Experiments

In our experimentscolor trackingis formulatedasa trans-

ductive problemthatis describecbefore,andhandposture
recognitionis treatedasan inductive problem. The investi-

gationof the effect of self-supervisiorandthe effectiveness
of D-EM arereported.

Color Tracking

Although thesecompact3-D color spaceshave substantial
physicalmeaningsnoneof themis foundto be ableto give
satishctorycolorinvariantshroughdifferentlighting condi-
tions. ConsideringhatHSV colorspacéds notalineartrans-
formationof RGB spacewe try to usea higherdimensional
color space(6-D) by combiningHSV andRGB spaces.In
one of the experimentsto evaluateour algorithmin color
tracking,we assumehe segmentations known to calculate
classificationerrors,althoughsucherrorsare not available
in real applications.We usetwo “handimages”(resolution
100 x 75), wherel; isaseggmentedmage,andl; isthesame
as; exceptthatthe color distribution of I is transformed
by shifting the R elementof every pixel by 20 suchthat I,
looks like addinga redfilter. A color classifieris learned
for I; with errorratelessthan5%. In this simplesituation,
this color classifierwould fail to correctlysegmenthandre-
gion from I, sincethe skin color in I is muchdifferent.
Actually, it haserrorrateof 35.2%on I5.

error rate
error rate
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Figure2: (a) shavsthecomparisorbetweereEM andD-EM.
(b) shavstheeffect of numberof labeledandunlabelediata
in D-EM

Figure 2(a) showvs the comparisonbetweenEM and D-
EM, in which D-EM givesa lower classificationerror rate
(6.9%vs. 24.5%).We feedthealgorithmadifferentnumber
of labeledand unlabeledsamples. The numberof labeled
datais controlled by the confidencelevel. In this experi-
ment,confidencdevel is the sameasthe sizeof thelabeled
set. In general,combiningunlabeleddatacan largely re-
ducethe classificatiorerrorwhenlabeleddataarevery few.
Whenusing20%(1500)unlabeleddata thelowesterrorrate
achievedis 27.3%.Whenusing50% (3750)unlabeleddata,
the lowesterror rate dropsto 6.9%. The transducecolor



classifiergivesaround20% moreaccurag, whichis shovn

el

Illjl_ll.‘i

Figure3: HandLocalizationby D-EM

We also performreal experimentsby implementingthis
trackingalgorithm,which runsat 15-20Hzon a single pro-
cessorSGI 02 R10000workstation. Figure 3 shavs an ex-
ampleof handlocalizationin atypical lab environment. In
Figure 3, the skin color in differentpartsof handarediffer-
ent. Thecameramovesfrom downwardsto upwardsandthe
lighting conditionson the handaredifferent. Handbecomes
darkerwhenit shadeghelight sourcesn severalframes.

Hand Posture Recognition

The gesturevocahulary in our gestureinterfaceis 14. The
handlocalizationsystemis employedto automaticallycol-
lect handimageswhich sene asthe unlabeleddata, since
thelocalizationsystenmonly outputsbhoundingboxesof hand
regions, regardlessof hand postures. A large unlabeled
databasecan be easily constructed. Currently there are
14,000unlabeledhandimagesin our database.It should
be notedthat the boundingboxes of someimagesare not
tight, whichintroducenoiseto thetrainingdataset. For each
postureclass somesamplesaremanuallylabeled.To inves-
tigatethe effect of usingunlabeleddataandto comparedif-
ferentclassificationalgorithms,we constructa testingdata
set,which consistof 560labeledimages.

Physical (P-) and mathematical(M-) featuresare both
used as hand representationin our experiments. Gabor
wavelet filters with 3 levels and 4 orientationsare usedto
extract12 texturefeaturesgachof whichis the standardle-
viation of the waveletcoeficientsfrom onefilter. 10 coefi-
cientsfrom the Fourierdescriptorareusedto represenhand
shapes.We alsousesomestatisticssuchasthe handarea,
contourlength, total edgelength, density and 2-ordermo-
mentsof edgedistribution. Therefore we have 28 low-level
imagefeaturesn total. After resizingtheimagesto 20 x 20,
somemathematicafeaturesareextractedby PCA.

We feedthe algorithma differentnumberof labeledand
unlabeledsamples.In this experiment,we use 500, 1000,
2500,5000,7500,10000,12500unlabeledsamplesand42,
56, 84, 112, 140 labeleddata,respectiely. In this exper
iment, we use the mathematicfeaturesextractedby PCA
with 22 principal componentsandthe dimensionfor MDA
is setto 10. As shown in Figure4(a),in generalcombining

someunlabeleddatareducethe classificationerror by 20%
to 30%.

error rate
error rate

number of unlabeled data ’ Dimension of PCA
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Figure4: (a) shavsthe effect of labeledandunlabeleddata
in D-EM. (b) shavs theeffect of thedimensionof PCA and
MDA in D-EM

In Figure 4(b), we studythe effect of the dimensionpa-
rametersn PCA andMDA. If lessprincipalcomponent®f
PCAareused someminor butimportantdiscriminatingfea-
turesmay be neglectedso that thoseprincipal components
may beinsufiicient to discriminatedifferentclassesOn the
otherhand,if moreprincipalcomponentsf PCAareusedit
wouldincludemorenoise.Therefore the numberof princi-
pal component®f PCA is animportantparametefor PCA.
The dimensionof MDA rangeshetweenl to C — 1, where
C is thenumberof classesWe areinterestedn alower di-
mensionakpacedn which differentclasseganbe classified.
In this experimentwe usell2labeleddataand10000unla-
beleddata,andwe find thata gooddimensionparametenf
PCAis around20to 24,and8 to 13 for MDA.

Four classificatioralgorithmsarecomparedn this exper
iment. For M-Featuresthe numberof principalcomponents
of PCA is setto 22, anda setof 560 labeleddatais used
to performMDA with dimensionof 10. Using 1000labeled
training data,the multi-layer perceptrorusedin this exper
iment hasone hiddenlayer of 25 nodes. We experiment
with two scheme®f the nearesheighborclassifier Oneis
just of 140labeledsamplesandthe otheruses140labeled
sampledo bootstrapthe classifierby a growing schemeijn
which newly labeledsampleswill be addecto the classifier
accordingo theirlabels.Thelabeledandunlabeleddatafor
bothEM andD-EM are140and10000,respectiely. Table
1 shovsthecomparison.

Algorithm P-Features M-Features
Multi-layer Perceptron 33.3% 39.6%
NearesNeighbor 30.2% 35.7%
NearesNeighbor(graving)  15.8% 20.3%
EM 21.4% 20.8%
D-EM 9.2% 7.6%

Tablel: Comparisoramongdifferentalgorithms

As shavn in Table 1, the D-EM algorithm outperforms
the other three methods. The multi-layer perceptronis
oftentrappedin local minimain this experiment. The poor
performanceof the nearesheighborclassifieris partly due



to the insufficient labeleddata. Whenthe growing scheme
is used,it reduceghe error by 15%, sinceit automatically
expendsthe storedtemplates.The problemof this scheme
is thatit is affectedby the orderof inputs, becauseahereis

no confidencemeasuremerin growing sothatthe error of

labeling will be accumulated. Pure EM algorithm hardly

convergesto a satishctoryclassificatiorin our experiments.
However, D-EM endsup with a prettygoodresult.

Conclusion

This paperpresentsa study of a new learning paradigm,
namedself-supervisedkarning,which employs both super

vised and unsupervisedraining datasets. Inductive learn-
ing andtransductie learningcanbe treatedastwo special
casef this new learningparadigm.Onepossibleapproach
in self-supervisedearningis 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-
sificationfeatures. In vision-basedyestureinterface,hand
tracking and hand posturerecognition offer two applica-
tionsof self-supervisetkarning.Experimentshav thatthe

proposed-EM algorithmoutperformssomeotherlearning
techniquesandself-supervisethasmary potentialapplica-
tions.

One of the future researctdirectionsof this approachs
to explorethe nonlinearcaseof MDA. Like nonlinearSVM,
somekernelfunctionsshouldbe studied. The corvergence
and stability analysisshould be performedin our future
research. Model transductionby using both labeledand
unlabeleddatais aninterestingresearchopic, which needs
moreinvestigation.
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