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Abstract

Objectdetectionand recaynition systemssud as face
detectos andfacerecaynizes, are oftentrainedsepaately
and opermatedin a feed-forwad fashion. Selectinga small
numberof featuesfor thesetasksis importantto prevent
over tting andreducecomputation.However, whena sys-
temhassud relatedor sequentiatasks,selectingfeatues
for thesetasksindependentlynaynot be optimal. \e pro-
posea framavork for choosingfeatuesto be shaked be-
tweenobjectdetectionand recaynition tasks. Theresultis
a systenthat achievesbetterperformanceby joint training
and is fasterbecausesomefeaturesfor identi cation have
alreadybeencomputedor detection.\We demonstate with
experimentsn text detectionand characterrecaynition for
imagesof scenes.

1. Intr oduction

Many real-world problemsmustsolve multiple classi -
cationtaskssimultaneouslyr have tasksthatareorganized
hierarchicallyor sequentially For example,a vision sys-
tem may needto discriminatebetweencars, people,text,
andbackgroundasgenericclasseswhile alsorecognizing
particularcars,people,andletters. We shall de ne the de-
tectiontaskasdeterminingwhetheranimageregion corre-
sponddo anobjectfrom aclassof interest(e.g.,characters)
or not. The recognitiontaskis de ned as discriminating
amongmembersf thatclass(e.g.,if thisis acharacteris it
ap oragq?). Oftenthe detectionandrecognitiontasksare
treatedin a hierarchicalor sequentiamannerby rst run-
ning a detectorandthenfeedingdetectionsnto an appro-
priaterecognizer This work seeksto knit theseprocesses
moretightly by consideringhemjointly.

Constructinga classi er for ataskinvolvesmary issues,

Figure 1. The detectiontask must only discriminatecharacters
(top) from backgroundpatches(bottom), while the recognition
taskmustidentify the centerectharacter

includingascertaininghe quality andnecessarguantityof
ary training dataand decidingwhich featuresor obsena-
tionsarerelevantto the decisionmakingprocess.Two rea-
sonsfor limiting the numberof featuresinvolved in clas-
si cation include preventing over- tting and reducingthe
amountof computatiomeededo reacha decision.Models
with too mary featuresrrelevantto a classi cationtaskare
proneto poorgeneralizatiorperformancesincethey are t
to unnecessargonstraintsEvenwhenaproblemwith over
tting is not manifest,if certainfeaturesare redundanbor
unnecessarfor reachinga decision,the classi cation pro-
cesscanbe expeditedby eliminatingthe needto compute
them.

Featureselectionmay be importantfor both detection
andrecognition the primarydifferencebeingthe generality
of the classi cationtasks. However, if theseproblemsare
treatedin isolation,we may not achiere a featureselection
thatis optimal—in computationalor accurag terms—for



thejoint detection-recognitioproblem.

We proposea framework for jointly consideringthe
more genericobject classdetectionand more speci ¢ ob-
jectrecognitiontaskswhenselectingfeatures.While some
featureswill undoubtedlybe usefulprimarily for detecting
objectclassesand otherswill have the greatestutility for
recognizingobjectsin aparticularclass theremaybesome
featureswith utility for bothtasks.Whenthisis the casea
methodaccountingfor overlapin utility may have two ad-
vantagesFirst, a featureusefulfor objectrecognitionmay
boostdetectionratesfor the classby incorporatingmore
object-speci cinformationin the search. Second,f such
dual-usefeatureshave alreadybeencomputedfor the pur
posesof detection,they may subsequentlye utilized for
recognition, effectively reducingthe amountof computa-
tion necessaryo make a classi cation.

2. RelatedWork

Several generalframenorks exist for selectingfeatures.
The two most basic are greedy forward and badkward
schemes.Forward schemesncrementallyadd featuresto
a modelbasedon somecriterion of featureutility. Exam-
plesof thisincludework by Viola andJoneq16], who use
single-featuralecisionstumpsasweaklearnersn a boost-
ing framewvork and add featureswith the lowestweighted
errorto theensembleA similar forward methodby Berger
etal. [2] involvesaddingonly thosecandidateghat most
increasethe likelihood of a probabilistic model. Back-
ward schemesby contrastselectvely prunefeaturesrom
amodel. TheLaplacian( ;) prior for neuralnetworks,max-
imum entrofy models/ogisticregressiongtc.[17] belongs
to this categgory. In this scheme featuresare effectively
eliminatedfrom amodelduringtrainingby xing theircor
respondingveightsto zero.Many othervariantsfor select-
ing a subsedf featuresarepossible seeBlum andLangley
[3] for amorethoroughreview.

Featureselectionfor object detectionand recognition
schemegenerallyinvolve oneof afew variants.TheViola-
Jonesbjectdetecto16] emplgys outputsof simpleimage
differencefeaturesyhicharesimilarto wavelets.Thereare
mary possible Iters, only someof which arediscrimina-
tive, soaselectiornprocesss requiredprimarily for compu-
tationalef ciency. Othermethodsuseimagefragmentsor
patchesasfeaturedescriptors.Thesepatchesnay betaken
directly from theimage[15, 1], or anintermediatavavelet-
basedepresentatiofil1]. Thesehigh-dimensionaleatures
canbedenselysampledandvectorquantizedo createadis-
cretecodebookrepresentationWinn et al. [18] iteratively
meige codewordsthatdo not contrikute to discrimination.
Alternately LeCunet al. [7] learn (ratherthan selectfor)
adiscriminative intermediatdeaturerepresentationThese
modelsarerelatedto the Fukushimas Neocognitron6], a
modelwith hierarchicaprocessindor invariantrecognition
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Figure2. An exampleobjectclasshierarcly for images. Object
classdetectionis ®nding instancesn the secondcolumn, while
recognitionis identifying instancesn thethird column.

basedon successie stagef local templatematchingand
spatialpooling.

Torralbaetal. [14] have shovn thatjointly selectingfea-
turesfor detectingseveral objectclassegeneralizebetter
andreducesherequisitethe numberof features.Ourwork
synthesizesnary of theseideas,addingthe objectrecogni-
tion taskto the competitionfor featureresources.

3. Detectionand RecognitionModel

Our underlying classi cation and feature selection
schemels probabilistic. Given an obsenation vectorthe
goal is to determinewhetherit belongsto somegeneral
classof interest,andif so, to recognizeit asa particular
known object. Let x representheinputvectorandy 2 Y
theassociatedabel. In the simplestcase thereis oneclass
of interestto detect(e.g., characters)so the label space
is partitionedinto labelsfrom that objectclassand “back-
ground; Y = Y[ fbg. Thisgeneralizegasilyto multiple
classegSeeFigure2).

We usea discriminative maximumentropy model[2] for
classi cation:

. 1
Plyix; :F)  —exp( (y) F(x);y2Y: (1)
where F is a vector of featurescalculatedon the input
obsenation x, parameters are class-speci cweightson
thesefeaturesZ is anormalizingconstanensuringthe ex-
pressionis a properprobability Given a labeledsetof in-
dependentexamplesD =  y(;x()  the parameters
of the modelmay be optimizedby a maximuma posteriori
(MAP) estimate Thecorrespondin@bjective function
yO F x® logz
(2)

is corvex whentheprior onthemodelparameterp( j )

. X
logp( j )+

L( ;F;D)



is corvex. Thusaglobalmaximum b canbefoundvia con-
vex optimization.

Two separateclassi cation mechanismsre often used
for detectionand recognition problems. Formally, this
meansrst optimizing a detectionmodelwith parameters

p Wherethelabelw 2 fc;bg is eitherthe genericchar
acterclassc or backgroundb. Then,given a detectionof
someclass,(w = c¢) Yy 2 Y¢) aqueryis madeto arecog-
nition modelfor that classwith parameters g to assigna
charactefabely 2 Y.. Model (1) discriminatesamongall
charactetabelsandbackgroundsimultaneouslyAlterna-
tively, the probability may be factorizedby introducingthe
detectiornvariablew:

P(WjXx; piFp)p(yjw;x; riFRr);
3)

wherew 2 fc;bg,y 2 Y andthejoint modelparameters
andfeatureg- aretheresultof concatenatinghe detection
andrecognitionmodels'parameterandfeatures.The rst
termis the probabilityfor detectionwhile the seconderm,
conditionedon the detectionresult, is the probability for
recognition. The value of y determinesv. Thus,logical
implicationdictatesthe probabilityfor y = b is unity when
w = b, andzerofor all othery. Corversely the probability
fory = bis zeroandwhenw = c.

Detectionandrecognitionmodelsmaybetrainedin one
of threefashions. An integratedmodel like (1) may be
trained. The modelmay be factorizedlike (3) andtrained
jointly. In this casethe objective function would have the
form

p(w;yjx; ;F)

Ly( ;F;D)=L( p;Fp;D)+ L( r:Fr;D) (4)

Finally, the detectionand recognitioncomponentf the
factorizednodelmaybetrainedindependentlyThewealth
of literature focusing strictly on detectionor recognition
schemedndicateshisis themostcommonapproach.

Onedisadwantageof the factorizedindependenscheme
is that theremay be intra-classvariationsthat are hard to
capturewith a genericdetectorfor someobjectclassesal-
lowing explicit consideratiorof individual knowvn objects
atthe detectionstagecould amelioratethe issue.Addition-
ally, if detectortrainingis independenof theidenti cation
problem, and vice-versa,the featuresusedto make a de-
tectiondecisionmay not overlapwith the featuresusedfor
identi cation, possiblyincreasinghetotal amountof com-
putation.In the next section,we elaborateon our proposed
methodfor joint trainingandfeatureselection.

4. Feature Selection

Our algorithm for selecting featuresfollows that of
Bemeretal. [2]. It is a greedyforward methodthat in-
crementallyaddsthefeatureproviding thegreatestncrease

in the objective function (2). A setof candidatefeatures
G (x) areproposedvith correspondingarameters . Con-
catenatinghesefeaturesand parametersvith the original
modelsF and , yieldsthemodel

. 1
Pyix; SF9)= S exp( (y) F)+ (¥) G();
)
whereF°= F G and °= .
Thethegain of the featuress assessedith the optimal
parameteraluesfor the modelwith new features

G(G;D)=L RF%D L BED :  (6)

Thisis equivalentto alikelihood-ratiotestof the two mod-

els F;D and F% D . Thus,a modelis built by itera-

tively addingthe highest-@in featureuntil the increasein
log-likelihoodis negligible or somemaximumnumberof
featureds reached.

Sincemary candidatdeaturesmayneedto be examined
at every iteration, approximationsare helpful for speeding
the process First, only the parameters for the candidate
featuresG are optimized[2], leaving b x edin the gain
calculation(6). This cangreatly reducethe searchspace.
Secondyve calculatethe gainson arepresentatie subseof
thetrainingdata,andthencalculatethe gainsof only thetop
featuresonthefull data.

Whentwo separatelassi ersaretrainedin a pipelined
framework, the gain of a featureis only measuredvith re-
spectto a particulartask, detectionor recognition. How-
ever, theentireend-to-endaskof detectiorandrecognition
yieldsadifferentrankingof thefeatures.

5. Text Detectionand Recognition

Ourgoalis to detectandrecognizeext in unconstrained
images Herewe describeheimagefeaturesve useandthe
datausedto evaluatethe method.

5.1.Features

Severalauthorshave demonstratethatedgesandtextu-
ral featuresareusefulfor text detection5, 4, 19, 13]. Most
of thesesystemgalo a preliminarylayoutanalysisandthen
passthe detectionregionsto commercialrecognitionsys-
tems. However, Chenet al. [4] and Thillou et al. [13]
describecharacteisolationstratgiesandemploy theirown
characteclassi ers(aFisherlineardiscriminantandneural
network, respectiely).

Ourfeaturesaremainly derived from the steerablgyra-
mid waveletbasis[12], which roughly modelsthe “simple
cells” in aninitial layerof processindn mammaliarvisual
systems.The wavelet coefcients arecomple, represent-
ing outputsfrom evenandodd paired lters. Takingcom-
plex magnitudeyieldsphasénvariantresponsesimilarto
compl cellsin biologicalsystems.



/S

\

e
/
X w ot ft(x)

Figure3. PatchfeaturemapcomputationThereis anormalization

anddownsamplingoetweerw andt, andanothewdilation between
t andf .

Onepool of featuredntendedprimarily to facilitatetext
detectionare a set of image and wavelet statisticsorigi-
nally craftedfor texture synthesiq9]. Theseinclude im-
agestatistics(four centralmomentsplus min and max) at
several scales,meansof wavelet channelmagnitudesand
local auto- and cross-correlatiorof wavelet channels.Al-
thoughoriginally intendedto be computedylobally over an
imageof ergodic texture, we computethemlocally over a
smallimageregion, which may be ef ciently achieved by
convolution.

Chenetal. [4] train a subsequentharacteclassi er di-
rectly onthelocal waveletfeatures However, suchamodel
may not be robustto imagedeformationsindeed research
in cognitive psychologyby Rehling[10] indicatesthattwo
mechanismsperatén humancharacterecognition:anini-
tial “ at” recognizelike Chensthatis fast,andasecondary
hierarchicalparts-basednodellike LeCun's corvolutional
network [7] thatis slower but more accurate. Following
this hierarchicaframeavork, we addtemplatefeatureso the
candidatepool.

First, the wavelet magnitudesarelocally normalizedby
a processsimilar to that of SIFT descriptord8]. At each
location,all the waveletmagnitudesn alocal window are
normalizedto a unit *; norm,clippedat a threshold(0.2in
our experiments),andre-normalized keepingthe normal-
ized valuesof the centerlocation. To decreasespatialand
phasesensitvity, theimageswaveletmagnitudegaredown-
sizedby taking the maximumover a smallwindow within
eachchannel(a simple morphologicaldilation). Template
featurest are small patchesextractedfrom thesesubsam-
pled wavelet magnitudesand subsequentiynormalizedto
have zeromeanandunit “; norm.

Featuremaps are computedfrom thesetemplatesby
cornvolving the images normalized downsampledvavelet
bandmagnitudesv with the correspondinghanneldrom
the templatet and summingthe output over all channels
c. Lett® representhe normalizedwaveletcoefcient mag-
nitudesof somechannel(e.g., scaleand orientation)c for

Figure4. Samplepatchtemplateandfeaturemapoutputs.

atemplate thenthe correspondindeaturemapcalculation
for animagex having wavelet coefcient magnitudesw
(normalizedanddownsampled)s

X
fe()= t° we @)

[

where is the corvolution operator The featuremapf

is thensubjectto anotherdownsamplingoperationfor even
furtherspatialpoolinganddimensionalityreduction.An il-

lustrationof the imageto featuremap calculationis given
in Figure3. Resultingtemplatefeaturemapoutputs(Figure
4) maybetransformedo avectorandaddedo theclassi -
cationmodel(1) asentriesin F (x). Thegoalwill thenbe
to selectthe templatesmostusefulfor a particulartask,be
it detectionjdenti cation, or both.

6. Experiments

In this section,we comparethreetraining and feature
selectionstratgyiesfor detectionandrecognition:thejoint,
integratedall-way classi er, a factoredbut jointly trained
classi er, andindependentlyrainedclassi ers.

6.1.Data

To test our hypothesisthat joint feature selectioncan
improve speedandaccurayg, we needdatawith labelsfor
backgroundand characters. A set of 300 imagestaken
from scenesrounda downtown areahave hadtext regions
masled,andsquaregpatchef variousscalefrom thenon-
text regionsare extractedandlabeledas background.Ex-
amplesarein the bottomof Figurel.

Ratherthan manuallycrop andlabel individual charac-
ters from actualimageregions, we generatesimilar syn-
thetic characteimages.Thereare 62 characterg26 upper
case,26 lower case,10 digits) in our alphabetto be rec-
ognizedY.. Thecharactersvererenderedn 954fontsata
pixel heightof 25 (roughly12.5pxx-height)andcenteredn
a 32x32pixel window. Neighboringcharactersvere sam-
pledfrom bigramslearnedon a corpusof Englishtext and
placedwith uniform randomkerning. The trigram image
wasthensubjectto a randomdistortioninvolving contrast,
brightnesspolarity, scale,sheayandrotation,followed by
zero-meanGaussiamoise. The degree of noiseand dis-
tortionsaremodelledafterthe text from our scenemages.



Figure5. Syntheticcharacteimagesusedfor experiments.

Adding thesefactorsto the datasetallows the classi er to
learnthemandprovidesa reasonableéestbedwithout hav-
ing to manuallygroundtruth individual charactersn mary
images.Thelabelof thesecharactewindows is the center
character Examplescharactersreshownn in Figure5, and
maybecomparedo characterérom actualimagesof scene
text in Figurel. Note thatthe recognitiontaskinvolvesno
charactelsggmentation—thecharacteiin the centerof the
window mustberecognizedn the presenc®f neighboring
charactef‘clutter.”

For the non-signbackgroundtlass,our training setcon-
sistsof roughly 65,000windows at multiple scalesfrom
77 imagesof outdoor scenes. The foreground character
classconsistsof nearly30,000charactewindows (eachof
62 charactersn 467 fonts). Sincetext is actuallyrarerin
naturalsceneswe weightall the datainstancesn training
andtestevaluationsuchthat characterdave a classprior
of 1e 4; in otherwords, the ratio of text to background
is almostoneto ten-thousand.The testsetis roughly the
samesize but comesfrom a differentsetof sceneimages
andfonts. (Indeed;f we usethe samefontsfor testingeven
with differentdistortionsapplied therecognitiorresultsare
muchhigher)

As shawn in Figure 3, the wavelettransformof a given
32 32 patchis downsizedto 16 16 andthe resulting
featuremapis downsizedto 4 4 for a very compactrep-
resentatiorof responsefor eachfeature.

In all cases, a Laplacian prior p( j ) [/
exp( Kk k;) was used, and the value of the hyper
parameter waschosenby cross-alidation. The training
setwas split in two, half was usedfor training, and the
value of thatyielded the highestlikelihood on the the
other half wasthenusedon the entiretraining set. All of
the featureswere includedfor cross-alidation, since we
do not a priori know which might be useful. However,
a slightly smaller portion of the training data was used
sinceall featuredor all instancesgxceedednemorylimits.
Sincelesstraining datais available, this likely resultsin
a strongerprior than necessary Corversely only a few
featuresareactuallyusedin theinitial training stagessoa
strongprior may be of somevalue.
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Figure 6. Comparisorof featureselectionstratgies. Seetext for
details.(Note: This®gureis bestviewedin color)

6.2.Results

In this sectionwe presentheresultsof our experiments.
Section6.3 containsananalysisanddiscussiorof thesere-
sultsin greateretail.

Figure6 shaws the comparatie resultsof thefeaturese-
lection stratgjies. Characteraccurag is the accurag on
all testcharacteinstances—t@ositively contribute, anin-
stancemustnotonly bedetectedastext but alsobecorrectly
identi ed. Charactedetectiorcurvesarequalitatively simi-
lar betweerthethreemethodsput aremuchhighersincean
instancemustonly beclassi edassomecharacteto becor
rect. Thefalsepositive rateis givenfor therelative weight-
ing of theinstanceslescribedbore, thoughtheactualnum-
bersare quite small: each“row” of plusesconstitutesone
absolutefalsepositive, sothatthe mostfor theindependent
methodis three,while the joint methodyields sixteenat its
peak.

Theindependentethodhaslower characteaccuracies,
but also a lower false positive rate. Therefore,we need
a single measurethat accountsfor the detectionrate/flse
positive trade-of andincorporatesaccurag. Theinforma-
tion retrieval communityencountershesamessuewith the
precisionandrecall metrics,unifying themin the so-called
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“F-measuré, which is their harmonicmean. Unlike the

arithmeticmean,the harmonicmeanis much more sensi-
tive to differencesbetweenthe valuesbeing averagedand

will hew closerto the “outliers” This canmoreaccurately
re ect poor performancealong a particulardimensionby

preventingit from beingaveragedut. To unify thecharac-
ter accurayg andfalsepositive ratein our system,we pro-

poseto usethe harmonicmeanof characteraccurag and

thetrue negative rate(or, oneminusthefalsepositive rate).

In anROC curwe, thisis atype of outliersensitve distance
measurdrom a particularpoint on the curve (given by the

classi er), to the upperleft cornerof the unit cube,which

anoptimal ROC curve would passthrough.

Figure7 compareghe gainsof somefeaturesunderthe
different selectionstrategjies during a round of featurese-
lection. In eachgraph, ve featuresfor a particulartask
areuniformly sampledrom bestto worst,andthe gainsof
thesefeaturesinderall thetasksis shavn. To normalizethe
gainsfor comparisoneachis divided by themaximumgain
in theroundfor its particularselectionstrateyy.

Given a x ed total numberof features,we calculate
the numberof featuresallotedto detectionandrecognition
taskg(accordingo theirindependenfeatureselectionsjhat
resultsin anoptimal G-measureasshavn in thetop of Fig-
ure8. Figure9 shownstherelative improvement

1 G,

R=1
1 G

®)

(orreductionin “error”) betweerthe G-measuref thejoint
selectionG; andthe optimalindependenselectionG,.

We may alsotake a cascade@dpproacho detectionand
recognition. The independenthtrainedclassi ers operate
in a sequentiafashion— rstdetection thenrecognition—
while thejoint modelevaluateghe entirehypothesispace.
We iteratively computefeaturesuntil the posteriorentrogy
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Figure 9. Relative improvement(seeEq. 8) of joint featurese-
lection over independenfeatureselectiongiven optimal feature

allotment.
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Figure10. Comparisorof featureselectiorstratgiesfor cascaded
classi®cation.

of the task at hand(detection,recognition,or both in the
caseof the joint model) decreaseso some pre-speci ed
fraction of the initial entrogy, at which point the classi -

cationis acceptedFor instancewith no featuregheinitial

entrofy is afunctionof the numberof classesn thetask:

H3 = log2
HR =  log62
H? = log 63: (9)

Whenwe addthetopk featurego themodel,theprobability
distribution changesyielding a new entropy H*. We thus
addthetop featureauntil

H k

HO
Theindependentlassi ersdo this sequentially rst for the
detectiontaskusingH p, the posteriorentrogy of w), then,
if necessaryxing w andusingHg, the posteriorentrogy
of y. Figure 10 shaws the sumof k on the entiretestset
while varying thresholds for both the joint andindepen-
dentmodels.

(10)
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Figure1l. All falsepositive predictionsfor the joint model(top)
andindependentodels(bottom).

6.3.Discussion

Our experimental results demonstratethe superiority
of joint featureselectionover the traditional independent
methodsin severalways. The rst and mostobvious way
is thatthe G-measureof joint methoddominateshe inde-
pendenimethodfor any numberof features.Thisis shovn
by the consistentl3-50%errorreductionin Figure9. Even
if the relative improvementwasmoremodestthe problem
of determiningthe optimal allotmentof featureso the de-
tectionandrecognitiontaskwould remain. If the purpose
of featureselectionis to minimize the amountof necessary
computationpnemust gure into thecalculationhow mary
featurego use. The problemwith theindependeniethod
is givena featurebandwidtha priori, the featureallotments
will undoubtedlydependnthetask.To determinghenum-
ber of featuresthat shouldbe usedfor detectionwould re-
quire an additionallevel of optimizationto nd the maxi-
mumshawn in Figure8.

One of the interestingpropertiesof the joint methods
performancés thegreatimprovementovertheindependent
methodwhen there are fewer featuresavailable; the joint
featureselectiorstratgy rampsup muchmorequickly. The
reasorfor this canbeseerby examiningthegainsshovnin
Figure?. In this round,the top featureselectedor the de-
tectiontaskhasalmostno valuefor recognition. With this
strat@y, by thetime acharacters detectedthefeatureghat
have beencomputedwill beof little helpin actuallyidenti-
fying thecharacterBy contrastthetop featurefor thejoint
taskhasmodestvalue for both detectionand recognition.
Adding this featureto the classi er notonly aidsin detect-
ing charactersbut very early on the systemis alsoableto
identify mary morecharacteraswell.

Thetypical approacho detectionandrecognitionis se-

Features

Features

guential. Under sucha stratgy, the independentietector
selects20 featuresbefore the model likelihood plateaus,
while the independentecognizerselects35 features. For
ary window detectedastext, the detectorwill have calcu-
lated 20 features,and then an additional 35 featureswill
be calculatedfor recognition. Sincethe prior probability
for text is very small, the total additional computationis
modest. However, asthe numberof objectclassegyrowns
(asin Figure 2), the requisite numberof queriesto the
class-speci crecognizergetsmuchlarger, andthe impact
of additionalfeaturecomputationfor recognitionbecomes
non-ngligible. For multiclassdetectionand recognition
schemeso befeasible thefeaturedearnedor selectednust
considetthetaskin its entirety Figure10 demonstratethat
evenfor acascadedpproactto classi cation,thejoint fea-
ture selectionstratgy requiresthe computationfar fewer
featuremapsfor equivalentperformance.

7.Conclusions

The typical approachto image understandingnvolves
trainingsystemcomponentindividually. Unfortunatelyer-
rorspropagtingthroughsequentiabystemsanhave com-
poundednegative effects. Furthermorejf resourcege.g.,
features)can be sharedamongthe componentstraining
componentindependentlywill make their resourcegoo
specializedo be usefulfor ary othertask. Therefore,we
have proposedo extendtheideaof sharedeatureselection
to thethetaskof objectclassdetectionanda morespeci ¢
objectrecognition.

We have laid out three frameworks for feature
selection—thausual,which selectsfeaturesindependently
for the detectionandrecognitiontask,andtwo othersthat
jointly selectfeaturesfor the entire detectionandrecogni-
tion task,onebeingfactorized.Our resultsshav thatcon-
siderationof the entire end-to-endtask yields greaterac-
curag. In asystemwith limited computationakesources,
joint featureselectionobviatesthe needto optimizefeature
allocationfor differenttasks.

In more generalsystemstherewill be mary detection



and recognitiontasks. The bene t of multi-purposedis-
criminative featuresfor thesesystemswill be even larger
thandemonstratetiere. With morecomplec objectclasses
to detectknowledgeof individual memberscanhelpboost
detectiorrates,andhaving featureghatareusefulfor mul-
tiple taskscangreatlyreducethe necessargmountof com-
putation.

While recentresearchthasfocusedon developing high
accuray, specializedsystemdor taskssuchasfacedetec-
tion, our resultsindicateit may betime to considemreturn-
ing to frameworksthatallow joint trainingof thesepowerful
new modelson broaderend-to-endasks.
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