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Abstract

Objectdetectionand recognition systems,such as face
detectorsandfacerecognizers,areoftentrainedseparately
and operatedin a feed-forward fashion. Selectinga small
numberof features for thesetasksis important to prevent
over-�tting andreducecomputation.However, whena sys-
temhassuch relatedor sequentialtasks,selectingfeatures
for thesetasksindependentlymaynot beoptimal. We pro-
posea framework for choosingfeatures to be shared be-
tweenobjectdetectionandrecognition tasks.Theresultis
a systemthat achievesbetterperformanceby joint training
and is fasterbecausesomefeaturesfor identi�cation have
alreadybeencomputedfor detection.We demonstratewith
experimentsin text detectionandcharacterrecognition for
imagesof scenes.

1. Intr oduction

Many real-world problemsmustsolve multiple classi�-
cationtaskssimultaneouslyor have tasksthatareorganized
hierarchicallyor sequentially. For example,a vision sys-
tem may needto discriminatebetweencars,people,text,
andbackgroundasgenericclasses,while alsorecognizing
particularcars,people,andletters.We shallde�ne thede-
tectiontaskasdeterminingwhetheranimageregion corre-
spondsto anobjectfrom aclassof interest(e.g.,characters)
or not. The recognitiontask is de�ned as discriminating
amongmembersof thatclass(e.g.,if this is acharacter, is it
a p or a q?). Often thedetectionandrecognitiontasksare
treatedin a hierarchicalor sequentialmannerby �rst run-
ning a detectorandthenfeedingdetectionsinto an appro-
priaterecognizer. This work seeksto knit theseprocesses
moretightly by consideringthemjointly.

Constructingaclassi�er for a taskinvolvesmany issues,

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

includingascertainingthequalityandnecessaryquantityof
any training dataanddecidingwhich featuresor observa-
tionsarerelevantto thedecisionmakingprocess.Two rea-
sonsfor limiting the numberof featuresinvolved in clas-
si�cation include preventing over-�tting and reducingthe
amountof computationneededto reacha decision.Models
with toomany featuresirrelevantto aclassi�cationtaskare
proneto poorgeneralizationperformancesincethey are�t
tounnecessaryconstraints.Evenwhenaproblemwith over-
�tting is not manifest,if certainfeaturesareredundantor
unnecessaryfor reachinga decision,theclassi�cationpro-
cesscanbe expeditedby eliminatingthe needto compute
them.

Featureselectionmay be important for both detection
andrecognition,theprimarydifferencebeingthegenerality
of the classi�cation tasks. However, if theseproblemsare
treatedin isolation,we maynot achieve a featureselection
that is optimal—in computationalor accuracy terms—for
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thejoint detection-recognitionproblem.
We proposea framework for jointly consideringthe

moregenericobjectclassdetectionandmorespeci�c ob-
ject recognitiontaskswhenselectingfeatures.While some
featureswill undoubtedlybeusefulprimarily for detecting
object classesand otherswill have the greatestutility for
recognizingobjectsin aparticularclass,theremaybesome
featureswith utility for bothtasks.Whenthis is thecase,a
methodaccountingfor overlapin utility mayhave two ad-
vantages.First, a featureusefulfor objectrecognitionmay
boostdetectionratesfor the classby incorporatingmore
object-speci�cinformation in the search.Second,if such
dual-usefeatureshave alreadybeencomputedfor the pur-
posesof detection,they may subsequentlybe utilized for
recognition,effectively reducingthe amountof computa-
tion necessaryto makeaclassi�cation.

2. RelatedWork

Several generalframeworks exist for selectingfeatures.
The two most basic are greedy forward and backward
schemes.Forward schemesincrementallyadd featuresto
a modelbasedon somecriterion of featureutility. Exam-
plesof this includework by Viola andJones[16], who use
single-featuredecisionstumpsasweaklearnersin a boost-
ing framework andaddfeatureswith the lowestweighted
errorto theensemble.A similar forwardmethodby Berger
et al. [2] involvesaddingonly thosecandidatesthat most
increasethe likelihood of a probabilistic model. Back-
wardschemes,by contrast,selectively prunefeaturesfrom
amodel.TheLaplacian(`1) prior for neuralnetworks,max-
imumentropy models,logistic regression,etc. [17] belongs
to this category. In this scheme,featuresare effectively
eliminatedfrom amodelduringtrainingby �xing theircor-
respondingweightsto zero.Many othervariantsfor select-
ing asubsetof featuresarepossible;seeBlum andLangley
[3] for amorethoroughreview.

Featureselectionfor object detectionand recognition
schemesgenerallyinvolveoneof afew variants.TheViola-
Jonesobjectdetector[16] employsoutputsof simpleimage
differencefeatures,whicharesimilar to wavelets.Thereare
many possible�lters, only someof which arediscrimina-
tive,soaselectionprocessis requiredprimarily for compu-
tationalef�ciency. Othermethodsuseimagefragmentsor
patchesasfeaturedescriptors.Thesepatchesmaybetaken
directly from theimage[15, 1], or anintermediatewavelet-
basedrepresentation[11]. Thesehigh-dimensionalfeatures
canbedenselysampledandvectorquantizedto createadis-
cretecodebookrepresentation.Winn et al. [18] iteratively
mergecodewordsthatdo not contribute to discrimination.
Alternately, LeCunet al. [7] learn (ratherthanselectfor)
a discriminative intermediatefeaturerepresentation.These
modelsarerelatedto theFukushima's Neocognitron[6], a
modelwith hierarchicalprocessingfor invariantrecognition
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Figure2. An exampleobjectclasshierarchy for images. Object
classdetectionis ®nding instancesin the secondcolumn,while
recognitionis identifying instancesin thethird column.

basedon successive stagesof local templatematchingand
spatialpooling.

Torralbaetal. [14] haveshown thatjointly selectingfea-
turesfor detectingseveral objectclassesgeneralizesbetter
andreducestherequisitethenumberof features.Our work
synthesizesmany of theseideas,addingtheobjectrecogni-
tion taskto thecompetitionfor featureresources.

3. Detectionand RecognitionModel

Our underlying classi�cation and feature selection
schemeis probabilistic. Given an observation vector the
goal is to determinewhetherit belongsto somegeneral
classof interest,and if so, to recognizeit as a particular
known object. Let x representthe input vectorandy 2 Y
theassociatedlabel. In thesimplestcase,thereis oneclass
of interestto detect(e.g., characters),so the label space
is partitionedinto labelsfrom that objectclassand“back-
ground,” Y = Yc [ f bg. Thisgeneralizeseasilyto multiple
classes(SeeFigure2).

Weuseadiscriminativemaximumentropy model[2] for
classi�cation:

p(y j x ; � ; F ) �
1
Z

exp(� (y) � F (x)) ; y 2 Y; (1)

where F is a vector of featurescalculatedon the input
observation x, parameters� areclass-speci�cweightson
thesefeatures,Z is a normalizingconstantensuringtheex-
pressionis a properprobability. Given a labeledsetof in-
dependentexamplesD =

� �
y( i ) ; x ( i )

�	
i , the parameters

of themodelmaybeoptimizedby a maximuma posteriori
(MAP) estimate.Thecorrespondingobjective function

L (� ; F; D) � logp(� j � )+
X

i

�
�

y( i )
�

�F
�

x ( i )
�

� logZ

(2)
is convex whentheprior on themodelparametersp(� j � )
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is convex. Thusaglobalmaximumb� canbefoundvia con-
vex optimization.

Two separateclassi�cation mechanismsare often used
for detectionand recognition problems. Formally, this
means�rst optimizing a detectionmodelwith parameters
� D wherethe label w 2 f c; bg is either the genericchar-
acterclassc or backgroundb. Then,given a detectionof
someclass,(w = c ) y 2 Yc) a queryis madeto a recog-
nition model for that classwith parameters� R to assigna
characterlabely 2 Yc. Model (1) discriminatesamongall
characterlabelsandbackgroundssimultaneously. Alterna-
tively, theprobabilitymaybefactorizedby introducingthe
detectionvariablew:

p(w; y j x ; � ; F ) � p(w j x; � D; FD) p(y j w; x; � R; FR) ;
(3)

wherew 2 f c; bg, y 2 Y andthejoint modelparameters�
andfeaturesF aretheresultof concatenatingthedetection
andrecognitionmodels'parametersandfeatures.The�rst
termis theprobabilityfor detection,while thesecondterm,
conditionedon the detectionresult, is the probability for
recognition. The valueof y determinesw. Thus, logical
implicationdictatestheprobabilityfor y = b is unity when
w = b, andzerofor all othery. Conversely, theprobability
for y = b is zeroandwhenw = c.

Detectionandrecognitionmodelsmaybetrainedin one
of three fashions. An integratedmodel like (1) may be
trained. The modelmay be factorizedlike (3) andtrained
jointly. In this case,theobjective functionwould have the
form

L J (� ; F; D) = L (� D; FD; D) + L (� R; FR; D) (4)

Finally, the detectionand recognitioncomponentsof the
factorizedmodelmaybetrainedindependently. Thewealth
of literature focusing strictly on detectionor recognition
schemesindicatesthis is themostcommonapproach.

Onedisadvantageof the factorizedindependentscheme
is that theremay be intra-classvariationsthat arehard to
capturewith a genericdetectorfor someobjectclasses;al-
lowing explicit considerationof individual known objects
at thedetectionstagecouldamelioratetheissue.Addition-
ally, if detectortrainingis independentof theidenti�cation
problem,and vice-versa,the featuresusedto make a de-
tectiondecisionmaynot overlapwith thefeaturesusedfor
identi�cation, possiblyincreasingthetotal amountof com-
putation.In thenext section,we elaborateon our proposed
methodfor joint trainingandfeatureselection.

4. FeatureSelection

Our algorithm for selecting featuresfollows that of
Berger et al. [2]. It is a greedyforward methodthat in-
crementallyaddsthefeatureproviding thegreatestincrease

in the objective function (2). A set of candidatefeatures
G (x) areproposedwith correspondingparameters� . Con-
catenatingthesefeaturesandparameterswith the original
model's F and� , yieldsthemodel

p(y j x ; � 0; F 0) =
1
Z

exp(� (y) � F (x) + � (y) � G (x)) ;

(5)
whereF 0 =

�
F G

�
and� 0 =

�
� �

�
.

Thethegain of thefeaturesis assessedwith theoptimal
parametervaluesfor themodelwith new features

G(G; D) = L
�

b� 0; F 0; D
�

� L
�

b� ; F; D
�

: (6)

This is equivalentto a likelihood-ratiotestof thetwo mod-

els
�

F; b�
�

and
�

F 0; b� 0
�

. Thus,a model is built by itera-
tively addingthe highest-gain featureuntil the increasein
log-likelihood is negligible or somemaximumnumberof
featuresis reached.

Sincemany candidatefeaturesmayneedto beexamined
at every iteration,approximationsarehelpful for speeding
theprocess.First, only theparameters� for thecandidate
featuresG are optimized[2], leaving b� �x ed in the gain
calculation(6). This cangreatly reducethe searchspace.
Second,wecalculatethegainsonarepresentativesubsetof
thetrainingdata,andthencalculatethegainsof only thetop
featureson thefull data.

Whentwo separateclassi�ersaretrainedin a pipelined
framework, thegain of a featureis only measuredwith re-
spectto a particulartask,detectionor recognition. How-
ever, theentireend-to-endtaskof detectionandrecognition
yieldsadifferentrankingof thefeatures.

5. Text Detectionand Recognition

Ourgoalis to detectandrecognizetext in unconstrained
images.Herewedescribetheimagefeaturesweuseandthe
datausedto evaluatethemethod.

5.1.Features

Severalauthorshave demonstratedthatedgesandtextu-
ral featuresareusefulfor text detection[5, 4, 19, 13]. Most
of thesesystemsdo a preliminarylayoutanalysis,andthen
passthe detectionregions to commercialrecognitionsys-
tems. However, Chenet al. [4] and Thillou et al. [13]
describecharacterisolationstrategiesandemploy theirown
characterclassi�ers(aFisherlineardiscriminantandneural
network, respectively).

Our featuresaremainlyderivedfrom thesteerablepyra-
mid waveletbasis[12], which roughlymodelsthe “simple
cells” in aninitial layerof processingin mammalianvisual
systems.The wavelet coef�cients arecomplex, represent-
ing outputsfrom evenandoddpaired�lters. Takingcom-
plex magnitudesyieldsphaseinvariantresponses,similar to
complex cellsin biologicalsystems.
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Figure3.Patchfeaturemapcomputation.Thereis anormalization
anddownsamplingbetweenw andt , andanotherdilationbetween
t andf .

Onepool of featuresintendedprimarily to facilitatetext
detectionare a set of image and wavelet statisticsorigi-
nally craftedfor texture synthesis[9]. Theseinclude im-
agestatistics(four centralmomentsplus min andmax) at
several scales,meansof wavelet channelmagnitudes,and
local auto-andcross-correlationof wavelet channels.Al-
thoughoriginally intendedto becomputedgloballyoveran
imageof ergodic texture, we computethemlocally over a
small imageregion, which may be ef�ciently achieved by
convolution.

Chenet al. [4] train a subsequentcharacterclassi�er di-
rectlyon thelocalwaveletfeatures.However, suchamodel
maynot berobustto imagedeformations.Indeed,research
in cognitive psychologyby Rehling[10] indicatesthat two
mechanismsoperatein humancharacterrecognition:anini-
tial “�at” recognizerlikeChen'sthatis fast,andasecondary
hierarchicalparts-basedmodel like LeCun's convolutional
network [7] that is slower but more accurate. Following
thishierarchicalframework,weaddtemplatefeaturesto the
candidatepool.

First, thewaveletmagnitudesarelocally normalizedby
a processsimilar to that of SIFT descriptors[8]. At each
location,all thewaveletmagnitudesin a local window are
normalizedto a unit `2 norm,clippedat a threshold(0.2 in
our experiments),andre-normalized,keepingthe normal-
ized valuesof the centerlocation. To decreasespatialand
phasesensitivity, theimage'swaveletmagnitudesaredown-
sizedby taking themaximumover a small window within
eachchannel(a simplemorphologicaldilation). Template
featurest aresmall patchesextractedfrom thesesubsam-
pled wavelet magnitudesand subsequentlynormalizedto
have zeromeanandunit `1 norm.

Featuremaps are computedfrom thesetemplatesby
convolving the image's normalized,downsampledwavelet
bandmagnitudesw with thecorrespondingchannelsfrom
the templatet and summingthe output over all channels
c. Let t c representthenormalizedwaveletcoef�cient mag-
nitudesof somechannel(e.g.,scaleandorientation)c for

Figure4. Samplepatchtemplateandfeaturemapoutputs.

a template,thenthecorrespondingfeaturemapcalculation
for an imagex having wavelet coef�cient magnitudesw
(normalizedanddownsampled)is

f t (x) =
X

c

t c � w c (7)

where� is the convolution operator. The featuremap f t

is thensubjectto anotherdownsamplingoperationfor even
furtherspatialpoolinganddimensionalityreduction.An il-
lustrationof the imageto featuremapcalculationis given
in Figure3. Resultingtemplatefeaturemapoutputs(Figure
4) maybetransformedto avectorandaddedto theclassi�-
cationmodel(1) asentriesin F (x). Thegoalwill thenbe
to selectthe templatesmostusefulfor a particulartask,be
it detection,identi�cation, or both.

6. Experiments

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

6.1.Data

To test our hypothesisthat joint featureselectioncan
improve speedandaccuracy, we needdatawith labelsfor
backgroundand characters. A set of 300 imagestaken
from scenesarounda downtown areahave hadtext regions
masked,andsquarepatchesof variousscalesfrom thenon-
text regionsareextractedandlabeledasbackground.Ex-
amplesarein thebottomof Figure1.

Ratherthanmanuallycrop andlabel individual charac-
ters from actual imageregions, we generatesimilar syn-
theticcharacterimages.Thereare62 characters(26 upper
case,26 lower case,10 digits) in our alphabetto be rec-
ognizedYc. Thecharacterswererenderedin 954fontsat a
pixel heightof 25(roughly12.5pxx-height)andcenteredin
a 32x32pixel window. Neighboringcharactersweresam-
pled from bigramslearnedon a corpusof Englishtext and
placedwith uniform randomkerning. The trigram image
wasthensubjectto a randomdistortioninvolving contrast,
brightness,polarity, scale,shear, androtation,followedby
zero-meanGaussiannoise. The degreeof noiseand dis-
tortionsaremodelledafter the text from our sceneimages.
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Figure5. Syntheticcharacterimagesusedfor experiments.

Adding thesefactorsto thedatasetallows theclassi�er to
learnthemandprovidesa reasonabletestbedwithout hav-
ing to manuallygroundtruth individual charactersin many
images.Thelabelof thesecharacterwindows is thecenter
character. Examplescharactersareshown in Figure5, and
maybecomparedto charactersfrom actualimagesof scene
text in Figure1. Notethat therecognitiontaskinvolvesno
charactersegmentation—thecharacterin the centerof the
window mustberecognizedin thepresenceof neighboring
character“clutter.”

For thenon-signbackgroundclass,our trainingsetcon-
sistsof roughly 65,000windows at multiple scalesfrom
77 imagesof outdoor scenes. The foreground character
classconsistsof nearly30,000characterwindows (eachof
62 charactersin 467 fonts). Sincetext is actuallyrarer in
naturalscenes,we weightall thedatainstancesin training
and testevaluationsuchthat charactershave a classprior
of 1e � 4; in otherwords, the ratio of text to background
is almostoneto ten-thousand.The testset is roughly the
samesizebut comesfrom a differentsetof sceneimages
andfonts. (Indeed,if weusethesamefontsfor testingeven
with differentdistortionsapplied,therecognitionresultsare
muchhigher.)

As shown in Figure3, thewavelet transformof a given
32 � 32 patchis downsizedto 16 � 16 and the resulting
featuremapis downsizedto 4 � 4 for a very compactrep-
resentationof responsesfor eachfeature.

In all cases, a Laplacian prior p(� j � ) /
exp(� � k� k1) was used, and the value of the hyper-
parameter� waschosenby cross-validation. The training
set was split in two, half was usedfor training, and the
value of � that yielded the highestlikelihood on the the
otherhalf wasthenusedon the entire training set. All of
the featureswere included for cross-validation, sincewe
do not a priori know which might be useful. However,
a slightly smaller portion of the training data was used
sinceall featuresfor all instancesexceededmemorylimits.
Since less training data is available, this likely resultsin
a strongerprior than necessary. Conversely, only a few
featuresareactuallyusedin the initial trainingstages,soa
strongprior maybeof somevalue.
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Figure6. Comparisonof featureselectionstrategies. Seetext for
details.(Note: This®gureis bestviewedin color.)

6.2.Results

In thissection,wepresenttheresultsof ourexperiments.
Section6.3containsananalysisanddiscussionof thesere-
sultsin greaterdetail.

Figure6 shows thecomparative resultsof thefeaturese-
lection strategies. Characteraccuracy is the accuracy on
all testcharacterinstances—topositively contribute,an in-
stancemustnotonly bedetectedastext but alsobecorrectly
identi�ed. Characterdetectioncurvesarequalitatively simi-
lar betweenthethreemethods,but aremuchhighersincean
instancemustonly beclassi�edassomecharacterto becor-
rect.Thefalsepositive rateis givenfor therelative weight-
ingof theinstancesdescribedabove,thoughtheactualnum-
bersarequite small: each“row” of plusesconstitutesone
absolutefalsepositive,sothatthemostfor theindependent
methodis three,while thejoint methodyieldssixteenat its
peak.

Theindependentmethodhaslowercharacteraccuracies,
but also a lower falsepositive rate. Therefore,we need
a singlemeasurethat accountsfor the detectionrate/false
positive trade-off andincorporatesaccuracy. The informa-
tion retrieval communityencountersthesameissuewith the
precisionandrecallmetrics,unifying themin theso-called
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Figure8. Optimalallotmentof detectionandrecognitionfeatures
versustotal numberof featureswith independentsubtaskselec-
tion. For total featuresgreaterthan12, the spaceof possibleal-
lotmentsis sub-sampled;barsshow the fractionstestedthat are
nearestto theoptimal.

“F -measure,” which is their harmonicmean. Unlike the
arithmeticmean,the harmonicmeanis muchmoresensi-
tive to differencesbetweenthe valuesbeingaveragedand
will hew closerto the“outliers.” This canmoreaccurately
re�ect poor performancealong a particulardimensionby
preventingit from beingaveragedout. To unify thecharac-
ter accuracy andfalsepositive ratein our system,we pro-
poseto usethe harmonicmeanof characteraccuracy and
thetruenegative rate(or, oneminusthefalsepositive rate).
In anROC curve, this is a typeof outlier-sensitive distance
measurefrom a particularpoint on thecurve (givenby the
classi�er), to the upper-left cornerof the unit cube,which
anoptimalROCcurvewouldpassthrough.

Figure7 comparesthegainsof somefeaturesunderthe
differentselectionstrategiesduring a roundof featurese-
lection. In eachgraph, � ve featuresfor a particular task
areuniformly sampledfrom bestto worst,andthegainsof
thesefeaturesunderall thetasksis shown. To normalizethe
gainsfor comparison,eachis dividedby themaximumgain
in theroundfor its particularselectionstrategy.

Given a �x ed total number of features,we calculate
thenumberof featuresallotedto detectionandrecognition
tasks(accordingto theirindependentfeatureselections)that
resultsin anoptimalG-measure,asshown in thetopof Fig-
ure8. Figure9 shows therelative improvement

R = 1 �
1 � GJ

1 � GI
(8)

(or reductionin “error”) betweentheG-measureof thejoint
selectionGJ andtheoptimalindependentselectionGI.

We mayalsotake a cascadedapproachto detectionand
recognition. The independentlytrainedclassi�ers operate
in a sequentialfashion—�rst detection,thenrecognition—
while thejoint modelevaluatestheentirehypothesisspace.
We iteratively computefeaturesuntil theposteriorentropy
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Figure 9. Relative improvement(seeEq. 8) of joint featurese-
lection over independentfeatureselectiongiven optimal feature
allotment.
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Figure10.Comparisonof featureselectionstrategiesfor cascaded
classi®cation.

of the task at hand(detection,recognition,or both in the
caseof the joint model) decreasesto somepre-speci�ed
fraction of the initial entropy, at which point the classi�-
cationis accepted.For instance,with no featurestheinitial
entropy is a functionof thenumberof classesin thetask:

H 0
D = � log2

H 0
R = � log62

H 0
J = � log63: (9)

Whenweaddthetopk featuresto themodel,theprobability
distribution changes,yielding a new entropy H k . We thus
addthetop featuresuntil

H k

H 0 < � (10)

Theindependentclassi�ersdo thissequentially, �rst for the
detectiontaskusingHD, theposteriorentropy of w), then,
if necessary, �xing w andusingH R, the posteriorentropy
of y. Figure10 shows the sumof k on the entire testset
while varying thresholds� for both the joint andindepen-
dentmodels.
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Figure7. Relativegainsof featuresfor differenttasksduringthe®fth roundof forwardselection.Seetext for a full explanation.
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6.3.Discussion

Our experimental results demonstratethe superiority
of joint featureselectionover the traditional independent
methodsin several ways. The �rst andmostobvious way
is that the G-measureof joint methoddominatesthe inde-
pendentmethodfor any numberof features.This is shown
by theconsistent13-50%errorreductionin Figure9. Even
if therelative improvementwasmoremodest,theproblem
of determiningtheoptimalallotmentof featuresto thede-
tectionandrecognitiontaskwould remain. If the purpose
of featureselectionis to minimizetheamountof necessary
computation,onemust�gure into thecalculationhow many
featuresto use.Theproblemwith the independentmethod
is givena featurebandwidtha priori, thefeatureallotments
will undoubtedlydependonthetask.Todeterminethenum-
berof featuresthat shouldbeusedfor detectionwould re-
quire an additionallevel of optimizationto �nd the maxi-
mumshown in Figure8.

One of the interestingpropertiesof the joint method's
performanceis thegreatimprovementover theindependent
methodwhen thereare fewer featuresavailable; the joint
featureselectionstrategy rampsupmuchmorequickly. The
reasonfor thiscanbeseenby examiningthegainsshown in
Figure7. In this round,the top featureselectedfor thede-
tectiontaskhasalmostno valuefor recognition.With this
strategy, by thetimeacharacteris detected,thefeaturesthat
have beencomputedwill beof little helpin actuallyidenti-
fying thecharacter. By contrast,thetop featurefor thejoint
taskhasmodestvalue for both detectionand recognition.
Adding this featureto theclassi�er not only aidsin detect-
ing characters,but very earlyon thesystemis alsoableto
identify many morecharactersaswell.

Thetypical approachto detectionandrecognitionis se-

quential. Undersucha strategy, the independentdetector
selects20 featuresbefore the model likelihood plateaus,
while the independentrecognizerselects35 features.For
any window detectedastext, the detectorwill have calcu-
lated 20 features,and then an additional35 featureswill
be calculatedfor recognition. Sincethe prior probability
for text is very small, the total additionalcomputationis
modest. However, as the numberof object classesgrows
(as in Figure 2), the requisitenumberof queriesto the
class-speci�crecognizersgetsmuchlarger, andthe impact
of additionalfeaturecomputationfor recognitionbecomes
non-negligible. For multiclassdetectionand recognition
schemesto befeasible,thefeatureslearnedor selectedmust
considerthetaskin its entirety. Figure10demonstratesthat
evenfor acascadedapproachto classi�cation,thejoint fea-
ture selectionstrategy requiresthe computationfar fewer
featuremapsfor equivalentperformance.

7. Conclusions

The typical approachto imageunderstandinginvolves
trainingsystemcomponentsindividually. Unfortunately, er-
rorspropagatingthroughsequentialsystemscanhave com-
poundednegative effects. Furthermore,if resources(e.g.,
features)can be sharedamongthe components,training
componentsindependentlywill make their resourcestoo
specializedto be useful for any other task. Therefore,we
haveproposedto extendtheideaof sharedfeatureselection
to thethetaskof objectclassdetectionanda morespeci�c
objectrecognition.

We have laid out three frameworks for feature
selection—theusual,which selectsfeaturesindependently
for the detectionandrecognitiontask,andtwo othersthat
jointly selectfeaturesfor the entiredetectionandrecogni-
tion task,onebeingfactorized.Our resultsshow thatcon-
siderationof the entire end-to-endtask yields greaterac-
curacy. In a systemwith limited computationalresources,
joint featureselectionobviatestheneedto optimizefeature
allocationfor differenttasks.

In moregeneralsystems,therewill be many detection
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and recognitiontasks. The bene�t of multi-purposedis-
criminative featuresfor thesesystemswill be even larger
thandemonstratedhere.With morecomplex objectclasses
to detect,knowledgeof individual memberscanhelpboost
detectionrates,andhaving featuresthatareusefulfor mul-
tiple taskscangreatlyreducethenecessaryamountof com-
putation.

While recentresearchhasfocusedon developing high
accuracy, specializedsystemsfor taskssuchasfacedetec-
tion, our resultsindicateit maybetime to considerreturn-
ing to frameworksthatallow joint trainingof thesepowerful
new modelsonbroader, end-to-endtasks.
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