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Abstract

We addresshe posemismatchproblemwhich canoccurin faceveri“cation systemghathave only a single(frontal) faceimageavailable
for training. In the framavork of a Bayesianclassi“er basedon mixturesof gaussiansthe problemis tackledthrough extending each
frontal facemodelwith arti“cially synthesizednodelsfor non-frontalviews. The synthesianethodsarebasedon severalimplementations
of maximumlikelihood linear regression(MLLR), aswell as standardmulti-variatelinear regression(LinReg). All synthesisechniques
rely on prior informationandlearnhow facemodelsfor the frontal view arerelatedto facemodelsfor non-frontalviews. The synthesis
and extensionapproachis evaluatedby applyingit to two faceveri“cation systems:a holistic system(basedon PCA-derved features)
and a local featuresystem(basedon DCT-derived features).Experimentson the FERET databasesuggestthat for the holistic system,
the LinReg-basedechniqueis more suitedthanthe MLLR-basedtechniquesfor the local featuresystem the resultsshav that synthesis
via a new MLLR implementationobtainsbetterperformancehan synthesisbasedon traditional MLLR. The resultsfurther suggesthat
extendingfrontal modelsconsiderablyreduceserrors.|t is alsoshowvn that the local featuresystemis lessaffectedby view changegshan
the holistic system;this can be attributed to the parts basedrepresentatiorof the face,and, due to the classi“er basedon mixtures of
gaussiansthe lack of constraintson spatialrelationsbetweenthe faceparts,allowing for deformationsand movementsof faceareas.
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1. Intr oduction

Biometric recognition systemsbasedon face images
(herewe meanbothidenti“cation andveri“cation systems)
have attractedmuchresearchinterestfor quite sometime.
Applicationsincludesurnweillance,forensics tfransactiorau-
thentication,and various forms of accesscontrol, suchas
immigration checkpointsand accesgo digital information
[1...4]

Contemporaryapproachesare able to achieve low er-
ror rateswhen dealingwith frontal faces(seefor example
Refs.[5,6]). In orderto handlenon-frontal faces previously
proposedextensionsto 2D approachesnclude the use of
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training images(for the personto be recognized)at multi-

ple views [7...9]In someapplicationssuchassuneillance,
theremaybe only onereferencémage(e.g.,apassporpho-
tograph)for thepersorto bespottedln asuneillancevideo
(e.g. at an airport), the poseof the faceis usually uncon-
trolled, thus causinga problemin the form of a mismatch
betweenthe training andthe testposes.

While it is possibleto use3D approacheso addresshe
singletraining poseproblem[10,11], in this paperwe con-
centrateon extendingtwo 2D-basedechniquesWe extend
a local feature approach(basedon DCT-derived features
[12,13)) andaholisticapproacibasedn PCA-derived fea-
tures[14,15)). In bothcasesve employ a Bayesiarclassi‘er
basedon gaussiamixture models(GMMs) [16,17] which
is centralto our extensions.

The PCA/GMM systemis an extreme example of a
holistic systemwhere the spatial relations betweenface
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characteristicgsuchasthe eyesandnose)arerigidly kept.
Contrarily, the DCT/GMM approachs anextremeexample
of alocal featureapproachalsoknown asa partsbasedap-
proach[13]). Here,the spatialrelationsbetweenfaceparts
are largely not used,resultingin robustnesdo translations
of the facewhich canbe causecy anautomaticfacelocal-
ization algorithm[18,19] In betweenthe two extremesare
systemdrasedon multiple templatematching[20], modular
PCA [9], Pseudo2D hiddenMarkov models[21...23hnd
approachebasedon elasticgraphmatching[24,25]. As an
in-depthreview of facerecognitionliteratureis beyond the
scopeof this paper the readeris directedto the following
review articles[26...29Furtherintroductoryandreview ma-
terial aboutthe biometrics“eld in generalcanbe foundin
Refs.[3,30...32]

In general,an appearance-basddcerecognitionsystem
canbe thoughtof asbeingcomprisedof

1. Facelocalizationandsegmentation,
2. featureextractionandclassi“cation.

The “rst stageusually providesa size normalizedfaceim-
age (with eyesat “x ed locations).lllumination normaliza-
tion may also be performed(however, it may not be not
necessaryf the featureextraction methodis robustto illu-

mination changes)In this work we exclusively deal with
the classi“cationproblem,andpostulatethatthe facelocal-
izationstephasbeenperformedcorrectly Recentreviews of
facelocalizationalgorithmscanbe foundin Refs.[33,34]

Therearethreedistinctcon“gurationsof how a classi“er
canbe used:the closedsetidenti“cation task, the openset
identi“cation task,andthe veri“cation task! In closedset
identi“cation, the job is to assigna given faceinto one of
K faceclasseqwhereK is the numberof knowvn faces).In
opensetidenti“cation, thetaskis to assigna givenfaceinto
oneof K + 1 classeswherethe extra classrepresentsan
sunknownZor «previously unseenZace.In the veri“cation
taskthe classi“er mustassigna given faceinto one of two
classeseitherthefaceis the onewe arelooking for, or it is
not. Theveri“cation andopensetidenti“cation tasksrepre-
sentoperationin an uncontrolledenvironment[35], where
ary facecould be encounteredln contrast,the closedset
identi“cation taskassumeshat all the facesto be encoun-
teredarealreadyknown.

In this paper we proposeto addresshe single training
poseproblemby extendingeachstatisticafrontalfacemodel
with arti“cially synthesizednodelsfor non-frontal views.
We proposeto synthesizehe non-frontalmodelsvia meth-
ods basedon several implementationf maximumlik eli-
hoodlinear regression(MLLR), aswell asstandardmulti-
variatelinearregressionLinReg). MLLR was originally de-
velopedfor tuning speechrecognitionsystemq36], andto
our knowledgethis is the “rst time it is being adaptedor
faceveri“cation.

Lveri“cation is also known as authentication.

FRONTAL
GENERIC MODEL

NON FRONTAL
GENERIC MODEL

LEARN AND APPLY
TRANSFORMATION X

ADAPTATION

APPLY
TRANSFORMATION X

FRONTAL
CLIENT MODEL

NON FRONTAL
CLIENT MODEL

Fig. 1. An interpretationof synthesizinga non-frontalclient modelbased
on how the frontal genericmodelis transformedo a non-frontalgeneric
model.

In the proposedMLLR-basedapproach,prior informa-
tion is usedto constructgeneric face modelsfor differ-
ent views. A genericGMM doesnot representa speci“c
persons face,instead it representsa populationof faces,
or interpretedalternatvely, a sgenericZface. In the “eld
of speechbasedidentity veri“cation, an analogougyeneric
modelis known asa world modelandasa UniversalBack-
ground Model [17,37] Eachnon-frontalgenericmodelis
constructedy learningandapplyinga MLLR-basedtrans-
formation to the frontal genericmodel. When we wish to
obtaina persons non-frontalmodel,we “rst obtainthe per
sons frontal model via adapting[17] the frontal generic
model;a non-frontalfacemodelis thensynthesizedy ap-
plying the previously learnedtransformatiorto the persons
frontal model.In orderfor the systemto automaticallyhan-
dle the two views, a persons frontal modelis extendedby
concatenating with thenewly synthesizednodel. Thepro-
cedurds thenrepeatedor otherviews. An interpretatiorof
this procedurds shown in Fig. 1.

The LinReg approachis similar to the MLLR-basedap-
proachdescribedhbore. The maindifferences thatit learns
a commonrelationbetweentwo setsof featurevectors,in-
steadof learningthe transformatiorbetweengenericmod-
els.In our casethe LinReg techniqueis applicableonly to
the holistic systemwhile the MLLR-basedmethodsareap-
plicableto both holistic andlocal featurebasedsystems.

Previous approacheso addressingingleview problems
include the synthesisof new images at previously unseen
views; some examples are optical "ow based methods
[38,39] andlinear objectclasseq40]. To handleviews for
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which there are no training images,an appearance-based

facerecognitionsystemcould then utilize the synthesized
images.The proposedmodel synthesisand extensionap-
proachis inherentlymoreef‘cient, astheintermediarysteps

of imagesynthesisandfeatureextraction(from synthesized

images)are omitted.

The model extensionpart of the proposedapproachis
somevhat similar to Ref. [8], where featuresfrom mary
realimageswereusedto extenda persons facemodel.This
is in contrastto the proposedapproachwherethe models
aresynthesizedo representhefaceof a personfor various
non-frontalviews, withouthaving accesgo thepersonsreal
images.The synthesipartis somavhatrelatedto Ref.[41]
wherethe sjetsZin the nodesof an elasticgrapharetrans-
formedaccordingto a geometridrameawvork. Apartfrom the
inherentdifferencedn the structureof classi“ers(i.e. elas-
tic graphmatchingcomparedo a Bayesianclassi“er), the
proposedsynthesisapproachdiffersin thatit is basedon a
statisticalframework.

Therestof thispapelis structuredasfollows. In Section2,
we brie"y describehedatabasesedin theexperimentsand
the pre-processingf imagesIn Section3, we overview the
DCT- andPCA-basedeatureextractiontechniquesSection
4 providesaconcisadescriptiorof theGMM-based:lassi“er
andthe differenttraining stratgjiesusedwhendealingwith
DCT and PCA derived features.In Section5 we summa-
rize MLLR, while in Section6 we describemodelsynthesis
techniquesasedon MLLR and standardmulti-variatelin-
earregressionSection7 detailsthe processf extendinga
frontal modelwith synthesizedon-frontalmodels.Section
8 is devotedto experimentsevaluatingthe proposedsynthe-
sistechniquesandthe useof extendedmodels.Conclusions
andfuture areasof researcharegiven in Section9.

2. Databasesetup and pre-processing

In our experimentswe utilized a subsetof faceimages
from the FERET databasd42]. Speci“cally, we usedim-
agesfrom the ba, bb, bc, bd, be, bf, bg, bh andbi portions,
which represenviews of 200 persondor approximately0
(frontal),+ 60 ,+40 ,+25 ,+15,515,S25,540 and
S60 , respectiely.

The 200 personswere split into three groups:group A,
group B andan impostorgroup. Thereare 90 peopleeach
in groupA andB, and20 peoplein theimpostorgroup.The
classIDs for eachgrouparegiven in AppendixA. Example
imagesare shovn in Fig. 2. Throughoutthe experiments,
groupA is usedasa sourceof prior informationwhile the
impostorgroupandgroup B are usedfor veri“cation tests.
For mostexperimentghereare90trueclaimantaccesseand
90x 20= 1800impostorattacksperangle(with the view of
impostorfacesmatchingthe testingview). This restriction
is relaxed in later experiments.

To reducethe effectsof facialexpressiongandhair styles,
closely croppedfacesare used[43]; facewindows, with a

Fig. 2. Exampleimagesfrom the FERET databasdor 0 (frontal), + 25
and + 60 views; note that the anglesare approximate.

Fig. 3. Extractedfacewindows from imagesin Fig. 2.

sizeof 56 rows and64 columns areextractedbasednman-
ually foundeye locations As in this paperwe areproposing
extensiongo existing 2D approachesye obtainnormalized
facewindows for non-frontalviews in the sameway as for

the frontal view (i.e. the location of the eyesis the same
in eachfacewindow). This hasa signi“cant side effect: for

large deviations from the frontal view (suchas S60 and
+60 ) the effective size of facial characteristicds signi“-

cantly largerthanfor the frontal view. The non-frontalface
windows thus differ from the frontal facewindows dueto

out-of-planerotation of the face and scale.Exampleface
windows areshavn in Fig. 3.

3. Feature extraction
3.1. DCT-basedsystem

In this work we utilize the DCTmod2featureextraction
techniqudg12], whichis amodi“ed form of DCT-basedea-
ture extraction. First, a given faceimageis analyzedon a
block by block basis;eachblock is Np x Np (herewe use
Np = 8) and overlapsneighbouringblocks by No pixels.
Eachblock is decomposedn termsof orthogonal2D dis-
cretecosinetransform(DCT) basisfunctions[44]. A feature
vectorfor a given block is thenconstructedas

h h

— h 1T
x=[ "eo Yco "c1 Yo "c2 Veaczcaro-omsil',

@)

where ¢, representghe nth DCT coefcient, while hcn
and Ve, representhe horizontaland vertical delta coef-
“cients, respectiely. The deltasare computedusing DCT
coefcients extractedfrom neighbouringolocks.Compared
to standardCT featureextraction[22], the“rst threeDCT
coefcients arereplacedby their respectie horizontaland
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Fig. 4. Graphicalexampleof the spatialarea(shadedusedin DCTmod?2
featureextractionfor Np = 4; left: No = 0; right: No = 2.

Table 1
Numberof DCTmod2featurevectorsextractedfrom a 56 x 64 faceusing
Np = 8 andvarying overlap

Overlap(Np) Vectors(Ny) Spatialwidth
0 30 24
1 3B 22
2 56 20
3 80 18
4 143 16
5 255 14
6 621 12
7 2585 10

It also shavs the effective spatial width (& height) in pixels for each
featurevector

vertical deltasas a way of preservingdiscriminative infor-

mationwhile alleviating the effectsof illumination changes.

Note that this feature extraction is only possiblewhen a
given block hasvertical and horizontalneighboursin this
studywe useM = 15 (choicebasedon Ref. [12]), result-
ing in an 18-dimensionafeaturevectorfor eachblock. A
further study of this featureextractiontechniqueis given in
Ref.[45].

The degreeof overlap (Np) hastwo effects: the “rst is
that as overlapis increasedhe spatialareausedto derive
onefeaturevectoris decreasedseeFig. 4 for anexample);
the seconds thatasthe overlapis increasedhe numberof
featurevectorsextractedfrom animagegrows in aquadratic
manner Table 1 shavs the amountof featurevectorsex-
tractedfrom a 56 x 64 facewindow usingour implementa-
tion of the DCTmod2extractor As will be shavn later, the
largerthe overlap(andhencethe smallerthe spatialareafor
eachfeaturevector),the morethe systemis robustto view
changes.

3.2. PCA-basedsystem

In PCA-basedeatureextraction[14,15], a givenfaceim-
ageis representedby a matrix containinggrey level pixel
values.The matrix is then corvertedto a facevector f, by
concatenatingll thecolumnsA D-dimensionafeaturevec-
tor, X, is thenobtainedby

x=UT(fSTf), 2)

whereU containsD eigervectors(correspondingo the D
largesteigervalues)of the training datacovariancematrix,
andf is the meanof training facevectors.In our experi-
mentswe usefrontal facesfrom groupA to “nd U andf .

It mustbe emphasizedhatin the PCA-basedapproach,
onefeaturevectorrepresentsheentireface(i.e. it is aholis-
tic representation)yvhile in the DCT approachonefeature
vectorrepresentenly a smallportionof theface(i.e. it is a
local featurerepresentation).

4. GMM-based classi“er

The distribution of training featurevectorsfor eachper
sons faceis modeledby a GMM [12,13,17] Thereis also
a secondarymodel, the genericmodel, which modelsthe
distribution of a populationof faces,or interpretedalterna-
tively, it representsgenericZface.

In the veri“cation task we wish to “nd out whethera
set of (test) featurevectors, X = {x; iN=V1, extracted from
an unknowvn persons face,belongsto personC (which we
will referto asclient C) or someoneelse(i.e. this is a two
classrecognitiontask).We “rst “nd the likelihood of setX
belongingto client C with

Ny
PXlc)= P&l c), )
i=1

whereP (x| )= [ wgN (x| g, ¢) and ={wg, g,
g}gfl. Here,N (x| , )isaD-dimensionabaussiariunc-

tion with mean anddiagonalcovariancematrix

_ oIS 3(xS )T xS )]

N (], ) PR ELETE (4)

c is the parametessetfor client C, Ng is the numberof
gaussiansand wy is the weight for gaussiang (with con-

straints Nfl wg=1and g:wg 0). Secondlywe obtain
P(X] generid. Which s the likelihoodof setX describing
someoneelses face(which we shallreferto asanimpostor

face).A log-likelihoodratio is thenfound using

(X] ¢ generid
= logP (X] ¢) S logP (X] generio- (5)

The veri“cation decisionis reachedas follows: given a
thresholdt, the set X (i.e. the facein question)is classi-
“ed asbelongingto client C when (X| ¢, generic) t

or to animpostorwhen (X| ¢, generid <t . Note that

(X| ¢. generid canbeinterpretedasanopinionof how

morelikely setX representglient Ces facethananimpos-
torss face,and hencecanalsobe usedin an opensetiden-
ti“cation system.Methodsfor obtainingthe parameteiset
for the genericmodel and eachclient model are described
in thefollowing sections.
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Notethatin (3) eachvectorin thesetX ={ x; }iNz"1 was as-
sumedto beindependenandidentically distributed[16,46]
Whenusinglocal featuresthisresultsin thespatialrelations
betweerfacepartsto be not used,resultingin robustnesgo
translationsof the face[18,19]

4.1. Classi“er training for the DCT-basedsystem

First, the parametersfor the generic model are ob-
tained via the expectationmaximization (EM) algorithm
[16,17,47] usingall 0 datafrom groupA. Here,the EM
algorithmtunesthe modelparameter$o optimizethe maxi-
mumlik elihoodcriterion. The parameter$ ) for eachclient
modelarethenfound by usingthe clients training dataand
adaptingthe genericmodel. The adaptationis traditionally
doneusinga form of maximuma posteriori(MAP) estima-
tion [17,48]. In this work we shall alsoemploy the MLLR
model transformationapproachesas adaptationmethods.
The choiceof the adaptatiortechniquedependon the non-
frontal modelsynthesismethodutilized later (Section6).

4.2. Classi“er training for the PCA-basedsystem

The subsebf the FERET databasehatis utilized in this
work hasonly onefrontal imageper personIn PCA-based
featureextraction, this resultsin only one training vector
leadingto necessargonstraintsn the structureof the clas-
si“er andthe classi“ers training paradigm.

The genericmodelandall client modelsfor frontal faces
areconstrainedo have only onecomponen{i.e. onegaus-
sian), with a diagonalcovariancematrix? The meanand
the covariancematrix of the genericmodelaretakento be
the meanand the covariancecovariancematrix of feature
vectorsfrom groupA, respectiely. Insteadof adaptatior(as
donein the DCT-basedsystem),eachclient modelinherits
thecovariancematrixfrom thegenericnodel.Moreover, the
meanof eachclient modelis takento bethe singletraining
vectorfor thatclient.

4.3. Error measues

Therearetwo typesof errorsthatcanoccurin a veri“ca-
tion system:afalseacceptancéFA), which occurswhenthe
systemacceptsan impostorface,or a falserejection(FR),
which occurswhenthe systemrefusesa true face.The per
formanceof veri“cation systemsis generallymeasuredn
termsof falseacceptanceate (FAR) andfalserejectionrate
(FRR),de"“ned as

numberof FAs

FAR = _ — (6)
numberof impostorfacepresentations

numberof FRs
FRR= — )
numberof true facepresentations

2 The assumptiorof a diagonalcovariancematrix is supportecby the
factthat PCA derived featurevectorsare decorrelated16,46]

To aid theinterpretatiorof performancethetwo errormea-
suresare often combinedinto one measurecalledthe half
totalerrorrate(HTER),whichis de“nedasHTER= (FAR+
FRR)/ 2. The HTER canbe thoughtof asa particularcase
of the decisioncostfunction (DCF) [49,50}

DCF= cos(FR) - P (trueface - FRR
+ cost(A) - P (impostorface - FAR, (8)

whereP (trueface is the prior probability that a true face
will bepresentedo thesystempP (impostorface istheprior
probabilitythatanimpostorfacewill bepresentedgost(FR)
is the costof a FR andcost(RA) is the costof a FA. For the
HTER, we have P (true face = P (impostorface = 0.5 and
the costsaresetto 1.

A particularcaseof the HTER, known asthe equalerror
rate (EER), occurswhen the systemis adjusted(e.qg. via
tuningthethresholdsothatFAR= FRRonaparticulardata
set.We usea global threshold(commonacrossall clients)
tunedto obtainthelowestEER on thetestset,following the
approactoften usedin spealer veri“cation [3,50].3

5. Maximum lik elihood linear regression

IntheMLLR framevork[36,52), theadaptatiorof agiven
modelis performedin two steps.in the “rst stepthe means
areupdatedvhile in thesecondstepthe covariancematrices
areupdated suchthat

PXI) PXI) PX]), )

where hashboth meansand covariancesupdatedwhile
hasonly meanaupdatedTheweightsarenot adaptedasthe
main differencesare assumedo be re”ectedin the means
andcovariances.

5.1. Adaptationof means

Eachadaptedneanis obtainedby applyingatransforma-
tion matrix W to eachoriginal mean:

g= Ws g, (10)

where g=[1 g]T andWs isaD x (D + 1) transformation
matrix which maximizesthe likelihood of given training
data.For Ws sharedby Ns gaussianigr}f‘fl (seeSection
5.3 belaw), the generalform for “nding Ws is

Nv Ns 5
P(orlxi, ) a%i;
i=1r=1
Nv Ns 5
= P@lx. ) 3'Ws g g, (11)
i=1r=1

3We note that the posteriorselectionof the thresholdcan place an
optimistic bias on the results[51].
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where

wgN (Xi| g, gq)
P, )= o
n=1WnN Xi] n, n)

12)

As furtherelucidationis quite tedious thereadetis referred
to Ref.[36] for the full solutionof Ws.

Two forms of Wgs were originally proposed:full and
«diagonalZ[36]. We shall refer to MLLR transformation
with a full transformationmatrix as ful-MLLR. Whenthe
transformationmatrix is forcedto be ediagonalZ jt hasthe
following form

W11 Wip2 0 R 0
w1 0 waz - 0

Wg = . . . . . (13)
WD, 1 0 0 WD,D+1

We shall referto MLLR transformatiorwith a diagonalZ
transformationmatrix as diag-MLLR We proposea third
form of MLLR, wherethe «diagonalZelementsare setto
one,i.e.

W11 1 0 --- 0
W2 1 o1 ---0

Ws = S . (14)
WD, 1 o0 --- 1

In otherwords,eachmeanis transformecdy addingan off-
set;thusEq. (10) canbe rewritten as

9= gt s (15)

where s maximizesthe likelihood of given training data.
This leadsto the following solution:

Ns Ny ] S1
s= Parlxi, ) g*
r=1i=1
Ns Ny 3
x Pl ) $¥:8 o) . (16)
r=1i=1

The derivation for the above solutionis given in Appendix
B. We shallreferto this form of MLLR asoffsetMLLR.

5.2. Adaptationof covariancematrices

Oncethe new meansare obtained,eachnewn covariance
matrix is found using[52]:

g = BgHsBg, 17)
where
Bg= C5%, (18)

coCl= St (19)

Here, Eq. (19) is a form of Choleslk decompositior53].
Hs, sharedoy Ns gaussian$gr}'r\‘fl, is found with

N N ~ -

mfCE L 21P(orlxi, )6 S g)(i S g)ICq}
N N '
i:vl [:Sl P(arlxi, )

(20)

The covariancetransformatiormay be eitherfull or diag-
onal. Whenthe full transformationis used,full covariance
matricescan be producedeven if the original covariances
werediagonalto begin with. To avoid this, the off-diagonal
elementof Hg canbe setto zero.In this work we restrict
oursehesto the useof diagonalcovariancematricesto re-
ducethe numberof parameterghat needto be estimated.
For full covariancematricesthe datasetmay not be large
enoughto robustly estimatethe transformatiorparameters,
which could resultin the transformedcovariancematrices
beingill-conditioned[52].

5.3. Rgressionclasses

If eachgaussiarns transformedndividually, thenfor full-
MLLR thereareD?+ 2D parameters$o estimateper gaus-
sian(i.e.D x (D + 1) parameter$or eachmeanandD pa-
rameterdor eachcovariancematrix); for diag-MLLR, there
areD + D + D = 3D parameterandfor offset-MLLR there
areD + D = 2D parametersldeally eachgaussiarwould
have its own transformhowever in practicalapplicationghe
training dataset may not be large enoughto reliably esti-
matethe requirednumberof parametersOneway of work-
ing aroundthe smalltraining datasetproblemis to sharea
transformacrosstwo or more gaussian$36,52] We de“ne
which gaussiangre to sharea transformby clusteringthe
gaussiandasedon the distancebetweertheir means.

We de“ne a regressionclassas {gr}:\‘fl whereg; is the
rth gaussiarin the class;all gaussiangn a regressionclass
sharethe samemeanand covariancetransformsin our ex-
perimentsve varythenumberof regressiorclasse$rom one
(all gaussianshareonemeanandonecovarianceransform)
to 32 (eachgaussiarhasits own transform).The numberof
regressionclassess denotedasNRr.

6. Synthesizingclient modelsfor non-frontal views
6.1. DCT-basedsystem

In the MLLR-basedmodel synthesistechnique we “rst
transformusingprior information,thefrontal genericnodel
into anon-frontalgenerianodelfor angle . Forfull-MLLR
anddiag-MLLR, theparametersvhich describeghetransfor
mationof themeansandcovariancesare ={ Wy, Hg}’g\'fl,

while for offset-MLLR theparameterare ={ g,Hg}gfl.
Wy, ¢ andHg arefoundasdescribedn Section5. When
severalgaussiansharethe sametransformatiorparameters,
the sharedparametersare replicatedfor eachgaussianin
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guestion.To synthesizea client modelfor angle , thepre-
viously learnedtransformationsare appliedto the clients
frontal model. The weights are kept the sameas for the
frontalmodel.Moreover, eachfrontal clientmodelis derived
from the frontal genericmodelby MLLR.

6.2. PCA-basedsystem

For thePCA-basedystemweutilize MLLR-basedmodel
synthesidgn a similar way as describedn the previous sec-
tion. Theonly differencds thateachnon-frontalclientmodel
inheritsthe covariancematrix from the correspondingion-
frontal genericmodel. Moreover, as eachclient model has
only onegaussianye notethatthe MLLR transformations
areesingle pointto singlepointZtransformationswherethe
pointsarethe old andnev meanvectors.

As describedn Sectiord.2,themeanof eachclientmodel
is takento bethesingletrainingvectoravailable.Thusin this
caseatransformationn thefeaturedomainis equivalentto a
transformatiorin the modeldomain.lt is thereforepossible
to usetransformationsvhich arenot of the esingle point to
singlepointZtype.Let ussuppose¢hatwe have thefollowing
multi-variatelinear regressionmodel:

B= AW, (21)
b1 1 al Wl,l Wl,D
b, 1 a W21 W2,D
.= : . . (22)
by 1 ay Wp+11 WD+1,D

whereN > D + 1, with D being the dimensionalityof a

and b. W is a matrix of unknovn regressionparameters.
Underthe sum-of-least-squaragsgressiorncriterion, W can

be foundusing[53]:

W = (ATA)SIATB. (23)

Comparedo MLLR, thistypeof regressiorfnds acommon
relation betweentwo setsof points; henceit may be more
accuratethan MLLR. Given a setof PCA-derved feature
vectorsfrom groupA, representindacesat0 and , we

“nd W. We canthensynthesizehe singlemeanfor  from
clientCes0 meanusing
=[1 (%)Nw. (24)

We shall refer to this PCA-speci“clinear regressionbased
techniqueas LinRey. We note that for this synthesistech-
nique, (D + 1) x D = D2 + D parametersneedto be
estimated.

7. Extending frontal models

In orderfor thesystento automaticallyhandlenon-frontal
views, eachclients frontal modelis extendedby concate-
nating it with synthesizechon-frontalmodels.The frontal

S
o, 4 8 6\»*
Very, 4p 16 p°

7 32

Fig. 5. Performancef the DCT-basedsystemtrainedandtestedon frontal
facesfor varying degreesof overlapandnumberof gaussiansTraditional
MAP-basedtraining was used.

genericmodel is also extendedwith non-frontal generic
models.Formally, an extendedmodelis createdusing:

extended. o +60 +40 . 840 560

= g (25)
[

where © represents frontal model, is a setof angles,
eg., ={0,+60,...,+15,S15,...,S60},and is
anoperatorfor joining GMM parametesets.Let ussuppose
we have two GMM parametesets, * and ¥, comprisedof
parameterdor N§ and Né gaussianstespectiely. The
operatoris de“ned asfollows:

zZ_ X y

) N N
S}gfl { W)gly éa é}g:G]_! (26)

where = NX/(NX+ N%)and =18

X X

={ wg, ¢

8. Experiments and discussion
8.1. DCT-basedsystem

In the“rst experimentwe studiedhow the overlapsetting
in the DCTmod2featureextractorandnumberof gaussians
in the classi“er affects performanceand robustnessClient
modelsweretrainedon frontal facesandtestedon facesat
0 and+ 40 views;impostorfacesmatchedhetestingview.
Traditional MAP adaptationwas usedto obtain the client
models.Results,in termsof EER (Section4), areshownn in
Figs.5 and6.

Whentestingwith frontal faces,the overall trendis that
asthe overlap increasesnore gaussiansare neededo de-
creaseheerrorrate. This canbeinterpretedasfollows: the
smallerthe areausedin the derivation of eachfeaturevec-
tor, themoregaussianarerequiredto adequatelynodelthe
face.Whentestingwith non-frontalfacesthe overall trend
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Fig. 6. Performanceof the DCT-basedsystemtrained on frontal faces
andtestedon +40 faces,for varying degreesof overlap and numberof
gaussiansTraditional MAP-basedtraining was used.

is that as the overlap increasesthe lower the error rate.
Thereis alsoa lessde“ned trend whenthe overlapis four
pixels or greater:the more gaussiansthe lower the error
rate*  While not shown here,the DCT-basedsystemob-
tainedsimilar trendsfor non-frontalviews otherthan+ 40 .
The bestperformancefor +40 facesis achieved with an
overlap of seven pixels and 32 gaussiansresultingin an
EER closeto 10%. We chosethis con“gurationfor further
experiments.

In the secondexperimentwe evaluatedthe performance
of modelssynthesizedia the full-MLLR, diag-MLLR and
offset-MLLR techniquesfor varying numberof regression
classes.Resultsare presentedin Tables2...5As can be
obsened, the ful-MLLR techniquefalls apartwhenthere
are two or more regressionclasses.lts best results (ob-
tained for one regressionclass)are in some casesworse
than for standardfrontal models. Frontal client models,
obtained by using ful-MLLR as an adaptationmethod,
resultedin an EER of 0% for frontal facesfor all con“g-
urationsof regressionclassesThus while the full-MLLR
transformationis adequatdor adaptingthe frontal generic
model to frontal client models,the synthesisresultssug-
gestthat the transformationis only reliable when applied
to the speci“c model it was trainedto transform.Further
investigation of the sensitvity of the ful-MLLR trans-
form, presentedn AppendixC, shavs thatthe ful-MLLR
transformis easily affectedby the starting point. We con-
jecture that this is probably due to the training data set
being too small to robustly estimatethe transformation
parameters.

Comparedo full-MLLR, the diag-MLLR techniqueob-
tains lower EERs (Table 3). We note that the number of
transformationparameterdor diag-MLLR is signi“cantly

4This is true up to a point: eventually the error rate will go up as
therewill be too mary gaussiango train adequatelywith the small size
of the training data set. Preliminary experimentsshaved that there was
little performancegain when using more than 32 gaussians.

lessthan for full-MLLR. The overall error rate (acrossall
angles)decreasess the numberof regressionclassesn-
crease$rom oneto eight;the performancehendeteriorates
for higher numbersof regressionclasses.The resultsare
consistentvith the scenariahatoncethe numberof regres-
sion classegeaches certainpoint, the training datasetis
too small to obtain robust transformationparametersThe
bestperformancepbtainedat eightregressiorclassesis for
all anglesbetterthan the performanceof standardfrontal
models.

Theoffset-MLLR techniqugTable4) hasthelowestEERS
whencomparedo ful-MLLR anddiag-MLLR. It mustbe
noted that it also hasthe leastnumberof transformation
parametersThe overall error rate consistentlydecreaseas
the numberof regressionclassesncreasegrom oneto 32.
The bestperformancepbtainedat 32 regressionclassesis
for all anglesbetterthanthe performancef standardrontal
models.

8.2. PCA-basedsystem

In the“rst experimentwe studiedhow the dimensionality
of the featurevectorsusedin the PCA-basedystemaffects
robustnesgo varying pose.Client modelswere trainedon
frontal facesandtestedon facesfrom S60 to+60 views;
impostorfacesmatchedthe testingview. Resultsfor S60
to 0 areshawn in Fig. 7 (resultsfor +15 to +60 , not
shawvn here,have very similar trends).

As canbe obsered, a dimensionalityof at least40 is re-
quiredto achieve perfectveri“cation on frontal faces(this
is consistentwith the resultspresentedn Ref. [23]). For
non-frontal facesat + 60 and =40 , the error rate gen-
erally increasesas the dimensionalityincreasesand satu-
rateswhen the dimensionalityis about15. Hencethereis
somevhat of a trade-of betweenthe error rateson frontal
facesand non-frontalfaces,controlledby the dimensional-
ity. Sincein this work we are pursuingextensionsto stan-
dard 2D approachesthe dimensionalityhasbeen“x ed at
40 for further experiments.Using a lower dimensionality
of, say 4, offers better performancefor non-frontalfaces,
however it comesat the costof an EER of about10% on
frontal faces.

We note that the PCA-basedsystem(which is holistic
in nature)is much more affected by view changesthan
the DCT-basedsystem.This can be attributed to the rigid
preseration of spatialrelationsbetweenfaceareaswhich
is in contrastto the DCT/GMM-basedapproach,where
the spatialrelationsbetweenfacepartsare very loose.The
loosespatialrelationsallow for thedeformationsandmove-
mentsof faceareaswhich canoccurdueto view changes.
Interestingly recentempirical evidence suggeststhat hu-
mans recognizefacesby parts rather than in a holistic
mannerf54].

In the secondexperimentwe evaluatedthe performance
of models synthesizedusing LinReg and MLLR-based
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Table 2

EER performanceof full-MLLR synthesistechniquefor varying numberof regressionclasses

Angle Nr=1 Nr =2 NR =4 Nr =8 Nr = 16 NRr = 32
S60 23.58 48.83 49.50 49.56 49.94 49.81
S40 13.11 49.61 49.58 49.50 49.47 49.56
§25 5.81 50.39 49.56 49.56 49.97 49.64
S15 1.58 49.83 49.47 49.67 49.75 49.69
+15 1.28 50.19 49.58 49.61 49.81 49.58
+25 4.69 50.17 49.67 49.69 49.97 49.56
+40 9.39 49.25 49.67 49.67 49.64 49.53
+60 19.53 49.81 49.64 49.81 49.75 49.64
Table 3

EER performanceof diag-MLLR synthesistechniquefor varying numberof regressionclasses

Angle Nr=1 NR =2 NR =4 Nr =8 NR = 16 NR = 32
$60 23.56 22.69 22.11 18.33 23.67 32.61
S40 11.86 11.97 11.14 11.19 15.28 25.17
§25 5.25 5.72 4.75 3.86 8.06 16.75
S15 1.64 1.58 1.56 1.50 3.53 16.81
+15 1.36 1.36 1.33 1.36 2.50 15.67
+25 4.97 4.42 4.36 3.69 5.92 20.72
+40 8.97 8.33 7.86 8.78 17.14 29.28
+60 19.81 16.97 16.86 15.31 31.22 31.25
Table 4

EER performanceof offset-MLLR synthesistechniquefor varying numberof regressionclasses

Angle Nr=1 Nr =2 NR =4 Nr =8 NRr = 16 NR = 32
S$60 23.31 22.78 22.47 19.67 16.97 17.94
S40 12.28 11.00 10.06 10.83 9.25 7.94
$25 4.89 5.31 4.64 3.72 3.33 3.44
S15 1.58 1.58 1.56 1.53 1.44 1.44
+15 1.36 1.36 1.33 1.33 1.42 1.42
+25 4.94 4.67 4.42 3.33 3.08 3.28
+40 9.00 7.42 7.08 7.42 6.81 6.67
+60 19.86 18.94 18.81 17.11 15.44 14.33
Table 5 Resultsin Table 6 shav that model synthesiswith full-
EER performancefor standardfrontal models (obtainedvia traditional MLLR and diag—MLLR was unsuccessfulSincethe Lin-

MAP-basedtraining) and modelssynthesizedor non-frontal anglesvia

MLLR-basedtechniques Reg techniqueworks quite well and hasa similar number

of free parametergasfull-MLLR, we attribute the failure of

Angle  Standard ful-MLLR  diag-MLLR  offset-MLLR ful-MLLR anddiag-MLLR to their sensitvity to the start-
(frontal models) (Nr=1)  (Nr=8)  (Nr=32) ing point, which is describedn Appendix C. While mod-

860 22.72 2358 18.33 17.94 elssynthesizedy offset-MLLR exhibit betterperformance

$40 1147 13.11 11.19 7.94 than standardrontal models,they are easily outperformed

S25 572 5.81 3.86 3.44 by modelssynthesizedia the LinReg technique This sup-

S15 283 1.58 1.50 1.44 ; ; : - L

t15 564 108 136 Lao portsthe view thatesingle point to singlepointZtypetrans-

15 504 169 369 308 f_ormations(suc_hasMLLR) arelessusefulfor a systemuti-

+40 10.11 9.39 8.78 6.67 lizing PCA derved features.

+60  24.72 19.53 15.31 14.33

Bestresultfor a given angleis indicatedby an asterisk. 8.3. Performanceof extendedrontal models

In the experimentsdescribedn Sections8.1 and 8.2, it
techniquesAs thereis only onegaussiarper client model, was assumedhat the angle of the faceis known. In this
therewas only oneregressionclassfor MLLR techniques. sectionwe progressiely remove this constraintandpropose
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Fig. 7. Performanceof PCA-basedsystem(trained on frontal faces)for
increasingdimensionalityand the following angles:S$60 , S40 , $25 ,
$15 and0 (frontal).

to handlevarying poseby extending eachclients frontal
modelwith the clients synthesizedhon-frontalmodels.

In the “rst experimentwe comparedhe performanceof
extendedmodelsto frontal modelsand modelssynthesized
for a speci“c angle;impostorfacesmatchedthe testview.
For the DCT-basedsystem eachclients frontal modelwas
extendedwith modelssynthesizedby theoffset-MLLR tech-
nique (with 32 regressionclasses)for the following an-
gles:+ 60, +40 and+ 25 . Synthesizednodelsfor + 15
werenotusedsincethey providedlittle performancéene“t
over the0 model(seeTable5). The frontal genericmodel
was also extendedwith non-frontalgenericmodels.Since
eachfrontal modelhad 32 gaussianseachextendedmodel
had224gaussiang-ollowing theoffset-MLLR-basednodel
synthesisparadigm,eachfrontal client model was derived
from the frontal genericmodelusingoffset-MLLR.

For the PCA-basedsystem modelsynthesisvas accom-
plishedusing LinReg. Eachclients frontal model was ex-
tendedfor the following angles:+60, £40, +25 and
+15 . The frontal genericmodel was also extendedwith
non-frontalgenericmodels.Since eachfrontal model had
onegaussianeachextendedmodelhadnine gaussians.

Table 7

EER performanceof frontal, synthesizedand extendedfrontal models,
DCT-derived features;offset-MLLR-basedtraining (frontal models)and
synthesis(non-frontalmodels)was used

Angle Frontal Synth. Ext.
$60 28.22 17.94 18.25
$40 15.17 7.94 9.36
S25 6.06 3.44 3.28
315 1.61 1.44 1.64
+15 1.44 1.42 1.67
+25 5.67 3.28 3.53
+40 9.39 6.67 5.94
+60 23.75 14.33 16.56
Table 8

EER performanceof frontal, synthesizedand extendedfrontal models,
PCA features;LinReg model synthesiswas used

Angle Frontal Synth. Ext.

360 40.97 14.92 15.33
$40 32.61 17.19 17.56
325 19.31 15.78 14.94
S15 8.69 6.44 9.17
+15 10.39 5.72 3.67
+25 20.83 7.78 8.11
+40 34.36 15.00 15.67
+60 44.92 14.89 16.08

As can be seenin Tables7 and 8, for most angles
only a small reductionin performanceis obsened when
comparedto models synthesizedfor a speci“c angle.
Theseresults suggestthat the model extension approach
could be used instead of selecting the most appropri-
ate synthesizedmodel (via detection of the face an-
gle), thus reducing the compleity of a multi-view face
veri“cation system.

In the “rst experimentimpostorattacksand true claims
were evaluatedfor eachangleseparatelyln the secondex-
perimentwe relaxedthis restrictionandallowedtrue claims
and impostorattacksto comefrom all angles,resultingin
90x 9= 810trueclaimsand90x 20x 9= 16200impostor
attacks;anoverall EER was thenfound. For bothDCT- and

Table 6

EER performancecomparisornbetweenfrontal modelsand synthesizechon-frontalmodelsfor the PCA-basedsystem

Angle Frontal ful-MLLR diag-MLLR offset-MLLR LinReg
S60 40.97 49.67 50.00 38.56 14.92
S40 32.61 50.00 49.97 25.75 17.19
S25 19.31 49.69 49.75 13.81 15.78
S15 8.69 49.58 49.72 6.86 6.44
+15 10.39 49.67 49.69 8.36 5.72
+25 20.83 49.58 49.97 14.00 7.78
+40 34.36 49.78 50.00 28.97 15.00
+60 44.92 49.83 49.47 38.44 14.89

Bestresultfor a given angleis indicatedby an asterisk.
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Table9
Overall EER performanceof frontal and extendedfrontal models
Featuretype Model type

Frontal Extended
PCA 27.34 11.51
DCT 14.82 10.96

PCA-basedystemgwo typesof modelswereused:frontal

and extended.For the DCT-basedsystem,frontal models
were derived from the genericmodel using offset-MLLR.

From the resultspresentedn Table 9, it can be obsered

thatmodelextensionreducegheerrorratein bothPCAand
DCT-basedsystemswith the DCT-basedsystemachiering

thelowestEER. Thelargesterrorreductionis presenin the

PCA-basedsystem wherethe EER is reducedby approxi-
mately58%:;for the DCT-basedsystemthe EERis reduced
by approximately26%.

9. Conclusionsand futur e work

In this paper we addressedhe posemismatchproblem
which canoccurin faceveri“cation systemghat have only
a single (frontal) faceimage available for training. In the
framework of a Bayesianclassi“er basedon mixtures of
gaussiansthe problemwas tackledthroughextendingeach
frontal face model with arti“cially synthesizednodelsfor
non-frontal views. The synthesiswas accomplishedvia
methodsbasedon sereral implementationsof maximum
likelihood linear regression (MLLR) (originally devel-
opedfor tuning speechrecognitionsystems)and standard
multi-variate linear regression (LinReg). To our knowl-
edgethis is the “rst time MLLR hasbeenadaptedor face
veri“cation.

All synthesistechniquesrely on prior information and
learnhow facemodelsfor thefrontal view arerelatedto face
modelsatnon-frontalviews. Thesynthesisindextensionap-
proachwas evaluatedby applyingit to two faceveri“cation
systemsa holistic system(utilizing PCA derived features)
anda local featuresystem(usingDCT derived features).

Experimenton the FERET databassuggesthat for the
PCA-basedsystem,the LinReg technique(which is based
on a commonrelation betweentwo setsof points)is more
suitedthanthe MLLR-basedtechniquegwhich areesingle
pointto singlepointZtransformsn the PCA-basedystem).
For the DCT-basedsystem,the resultsshowv that synthesis
viaanew MLLR implementatiorobtainsbetterperformance
thansynthesidbasedon traditionalMLLR (mainly dueto a
lowernumberof freeparameters)heresultsfurthersuggest
thatextendingfrontal modelsconsiderablyeducesrrorsin
both systems.

Theresultsalsoshow thatthestandard CT-basedsystem
(trainedon frontal faces)is lessaffectedby view changes
than the PCA-basedsystem.This can be attributed to the

parts basedrepresentatiorof the face (via local features)
and,dueto theclassi“erbasedn mixturesof gaussianghe
lack of constraintson spatialrelationsbetweenface parts.
The lack of constraintsallows for deformationsand move-
mentsof faceareaswhich canoccurdueto view changes.
This is in contrastto the PCA-basedystem where,dueto
the holistic representationthe spatial relationsare rigidly
kept. Interestingly recentempirical evidencesuggestghat
humansrecognizefacesby partsratherthanin a holistic
manner54].

Futureareasof researchincludewhetherit is possibleto
interpolatebetweentwo synthesizednodelsto generatea
third model for a view for which thereis no prior infor-
mation.A relatedquestionis how mary discreteviews are
necessaryo adequatelycover a wide rangeof poses.The
dimensionalityreductionmatrix U in the PCA approactwas
de“nedusingonly frontal faceshigherperformancenaybe
obtainedby incorporatingnon-frontalfaces.The local fea-
ture/GMM approachcan be extendedby embeddingposi-
tion informationinto eachfeaturevector[19,21], thusplac-
ing a weak constrainton the face areaseachgaussiarcan
model (as opposedto the currentabsenceof constraints).
Thisin turn couldmake thetransformatiorof frontal models
to non-frontalmodelsmoreaccurateasdifferentfaceareas
effectively smoveZ in differentways whenthereis a view
changeAlternatively, the GMM-basedclassi“er canbe re-
placedwith a (more comple) pseudo-2Dhidden Markov
model-basecclassi“er [19,21,22] where thereis a more
stringentconstrainton thefaceareasnodeledby eachgaus-
sian. Lastly, it would be usefulto evaluatealternatve size
normalizationapproachesn order to addressthe scaling
problemmentionedn Section2.
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Appendix A. ClassIDs for group A, B and the impostor
group

Classedor groupA: 00019,00029,00268,00647,00700,
00761,01013...01018,1020...0103R,1034...01048,1050,
01052,01054...01066,1068...01076,1L078...01080,1083,
01084,01085,01086,01088...0109R,1094,01098,01101,
01103,01106,01108,01111,01117,01124,01125,01156,
01162,01172.
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Classes for group B: 01095...0109701099, 01100,
01102,01104,01105,01107,01109,01110,01112...011186,
01118...01120,1122,01127...01136,1138...0114R1144,
01146...01150,1152...0115H81157...011601163...01168,
01170,01171,01173...01178,1180...012021204...01206.

Classedor impostorgroup 01019,01033,01049,01051,
01053,01067,01077,01082,01087,01093,01121,01123,
01126,01137,01143,01145,01151,01169,01179,01203.

Appendix B. Derivation of offset-MLLR

In the offset-MLLR approacheachmeanis rede“nedas
[c.f. Eq. (10)]:

9= ot o (27)

where ¢ maximizesthe likelihood of given training data.

SubstitutingEq. (27) into Eq. (4) resultsin

P(Xl g» g) §

_ OPsV2xS{ g+ D' §TxS{ g+ oh]
(2)P7?] glv2 '

(28)

In the framework of the EM algorithm,we assumehat our
training dataX is incompleteand assumethe existenceof
missingdataY ={ y; iN:Vl, wherethevaluesof y; indicatethe
mixture component(i.e. the gaussianthat egenerated; .
Thusy; [ 1,Ng] i andy; = mif theith featurevector(x;)
was sgeneratedby the mth gaussianAn auxiliary function
is de“ned asfollows:

Q(, %)= EyflogP (X, Y] )X, °ld7. (29)
It canbe shawn [47], thatmaximizingQ( , ©!d ), i.e.:
NeW = agmaxQ( , %) (30)

resultsin P (X| M%) P (x| °ld ) (i.e. the likelihood of
thetraining dataX increases)Evaluatingthe expectationin
Eq. (29) resultsin [55]

Q( , old )
Ng Ny
= logIwg]P (glxi, °9)
g=1li=1
Ng Ny
+ loglP (| ¢ o)IP(alxi, °9) (31)
g=1li=1
= Q1+ Qz, (32)
where
old . old old
Pal, O )= o S le L aT ) ey

he wold N (x| 91, old )

A commonmaximizationtechniques to take the derivative
of Q( , old ) with respectto the parameterto be maxi-
mizedandsetthe resultto zero. Sincewe areinterestedn
“nding ¢, we only needto take the derivative of Qo:

Ng Ny
0= — loglP (xi| g, @)IP(@lxi, °9) (34)
9 g=1i=1
N Nv 4
= — éz(xi S{ g+ DT
9 g=1i=1
x SH6S{ g+ o) P(alxi, old (35)
Ny )
= P (g|xi, Old) gSl(Xi S{ g+ o) (36)

i=1
whereS (D/2) log(2 ) andS (1 2) log(| g|) wereomitted
in Eg. (35) sincethey vanishwhen taking the derivative.
Re-arrangindgeq. (36) yields
NP @lxi, 99 )%
Ny oy
SubstitutingEq. (37) into Eq. (27) yields

NV p(glx, ©d)x
N p(glx, °d)

(38)

which is the standardmaximum likelihood re-estimation
formula for the mean.Following [36], we modify the re-

estimationformula for tied transformatiorparameterge.g.

asingle sharedoy all means)lf s issharedoy Ns gaus-
sians{gr}'3,, Eq. (35) is modi“ed to

Ns Ny

L1 L
0= — S50 S{ g+ P
S r=11i=1
x SHxS{ g+ s P(alx, ) (39)
Ns Ny .
= Plarlxi, ©9) S14S{ ¢+ s, (40)
r=11i=1
which leadsto
Ns Ny ) S1
s= P (or|xi, Old) Srl
r=1i=1
Ns Ny .
x P, 99) S1xS o) . (41)
r=1i=1

Appendix C. Analysis of MLLR sensitvity

The resultspresentedn Section8.1 shaw that the full-
MLLR techniqueis only reliable when applieddirectly to



300 C. Sandesonet al. / Pattern Recgnition 39 (2006) 288..302

Table 10

Mean of the average log-likelihood (Eq. (42)) computedusing + 60
genericmodel;the+ 60 genericmodelwas derived from anoisecorrupted
frontal genericmodel using a “ xed transform (either full-MLLR, diag-
MLLR or offset-MLLR)

Noise variance ful-MLLR diag-MLLR offset-MLLR
0 3 S74.81 S74.81 S74.81
1x 1057 §76.51 $74.81 $74.81
1x 10°6 §78.76 §74.81 §74.81
1x 10°° §$83.34 §74.81 §74.81
1x 1054 $91.63 §74.82 §74.81
1x 10°3 §119.95 §74.85 §74.81
1x 10°2 §367.01 §75.14 §$74.81
1x 1051 §24657x 10t §75.55 §74.82
1 §31349x 107 $76.80 $74.92
1x 10+1 §20579% 103 §78.29 §75.96
1x 1072 §17271x 104 §84.32 §81.59
1x 103 §28312x 10° §104.29 §95.81

the speci“c modelit was trainedto transform,making the
full-MLLR transformunsuitabl€or modelsynthesigwhere
a related model is transformed,insteadof the model for
which the transformationwas learned).In this section,we
explore this obsenation further by measuringhow sensi-
tive the full-MLLR, diag-MLLR and offset-MLLR trans-
formsareto perturbation®f the modelthey weretrainedto
transform.

Thesensitvity is measurea@sfollows. Thetransformation
of the frontal genericmodelto a + 60 genericmodel is
learned(using 32 regressionclasses)nd the averagelog-
likelihoodof + 60 datafrom groupA is found:

1
+60 _ +60
A (X] generic) T Ny logP (X| generic)' (42)

The meanvectors of the frontal generic model are then
«corruptedZby adding gaussiamoisewith zero meanand
variouslevels of variance Formally

CorrupteqT _ original
[ g - [ g.d
where 4 4 isthedth elemenbf gandR(0, )isagaussian
distributed randomvariable with zero meanand variance

2. The previously learnedtransformatioris appliedto the
«corruptedZfrontal genericmodel to obtain a scorruptedZ
+60 genericmodel. The averagelog-likelihood of + 60
datafrom groupA is thenfound asper Eq. (42). This pro-
cessis repeateden timesfor eachvariancesettingandthe
meanof theaveragdog-likelihoodis taken. Themeanvalue
representhon well the transformedmodel representghe

+ R(0, 13-4, (43)

+ 60 data;thelowerthevalue,theworsetherepresentation.

Resultsare presentedn Table 10.

By treatingthe meanvectorsof frontal client modelsas
noisy instancesf the frontal genericmodel meanvectors
(wherethefrontal clientmodelswerederived from the orig-
inal frontal genericmodel), it is possibleto measurethe

overall svarianceZof the frontal meanvectors;this is the

variancethat a synthesigechniqguemusthandle.While the

frontal client modelsalso differ from the frontal generic
modelin their covariancematriceswe believe thisapproach
neverthelesprovidessuggestie results.

The ful-MLLR, diag-MLLR and offset-MLLR ap-
proachegor deriving frontal clientmodels(from theoriginal
frontal genericmodel) obtainedsimilar overall svarianceZ
of frontal client meansof around 90. From the results
shawvn in Table 10 it can be obsered that the ful-MLLR
transformationis easily affectedby small perturbationsof
the frontal genericmodel. Closeto level of the required
variance (i.e. at 100), the full-MLLR approachproduces
a +60 genericmodel which very poorly representghe
dataon which the transformwas originally trained.In com-
parison,the diag-MLLR and offset-MLLR transformsare
largely robustto perturbationf the frontal genericmodel,
with the offset-MLLR approachthe moststable.
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