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Abstract

Objectrecognition accuracy can be improvedwhenin-
formation from multiple views is integrated, but informa-
tion in each view can oftenbe highly redundant.We con-
sidertheproblemof distributedobjectrecognitionor index-
ing frommultiplecameras,where thecomputationalpower
availableat each camera sensoris limited and communi-
cation betweencameras is prohibitively expensive. In this
scenario,it is desirable to avoid sendingredundantvisual
featuresfrommultipleviews.Traditionalsupervisedfeature
selectionapproachesare inapplicableas theclasslabel is
unknownat each camera. In this paperweproposean un-
supervisedmulti-view feature selectionalgorithmbasedon
a distributedcodingapproach. With our method,a Gaus-
sian Processmodelof the joint view statisticsis usedat
thereceiverto obtaina joint encodingof theviewswithout
directly sharing informationacrossencoders. We demon-
strateour approach on recognition andindexing taskswith
multi-view imagedatabasesandshowthatour methodcom-
paresfavorably to an independentencodingof thefeatures
fromeach camera.

1. Intr oduction

Objectrecognitionoftenbene�tsfrom integrationof ob-
servationsatmultipleviews. However, whenmultiplecam-
erasensorsexist in abandwidthlimited environmentit may
beimpossibleto transmitall thevisualfeaturesin eachim-
age. When the task or target classis not known a priori
theremay be no obvious way to decidewhich featuresto
sendfrom eachview. If redundantfeaturesarechosenat
the expenseof informative features,performancecan be
worsewith multiple views thanwith a singleview, given
�x edbandwidth.

Weconsidertheproblemof how to selectwhichfeatures
to sendin eachview to achieveoptimalresultsat a central-
izedrecognitionor indexing module(seeFigure1). An ef-
�cient encodingof thestreamsmight bepossiblein theory
if a classlabel could be inferredat eachcamera,enabling
theuseof supervisedfeatureselectiontechniquesto encode
andsendonly thosefeaturesthatarerelevantof thatclass.
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Figure1. Distributedobjectrecognition. Messagesareonly sent
betweeneachcamera(transmitter)andtherecognitionmodule(re-
ceiver). An ef�cient joint featureselectionis achievedwithoutdi-
rectly sharinginformationbetweencameras.

Partial occlusions,unknown cameraviewpoint,andlimited
computationalpower, however, limit theability to reliably
estimatethe imageclasslabel at eachcamera.Insteadwe
proposeanunsupervisedfeatureselectionalgorithmto ob-
tainanef�cient encodingof thefeaturestreams.

If eachcamerasensorhadaccessto theinformationfrom
all views this could trivially be accomplishedby a joint
compressionalgorithmthatcould,e.g.,encodethefeatures
of the v-th view basedon the information in the previous
v � 1 views. We areinterested,however, in thecasewhere
there is no communicationbetweencamerasthemselves,
andmessagesareonly sentfrom thecamerasto therecog-
nition modulewith a limited backchannelbackto thecam-
eras.In practice,many visualcategory recognitionandin-
dexing applicationsarebandwidthconstrained(e.g.,wire-
lesssurveillancecameranetworks, mobile robot swarms,
mobilephonecameras),andit is infeasibleto broadcastim-
agesacrossall camerasor to sendtheraw signalfrom each
camerato therecognitionmodule.

It is possibleto achieve very ef�cient encodingwithout
any informationexchangebetweenthecameras,by adopt-
ing a distributedencodingschemethat takesadvantageof
known statisticsof the environment [14, 20, 18, 3]. We
develop a new methodfor distributed encodingbasedon
a GaussianProcess(GP) formulation,anddemonstrateits
applicability to encodingvisual-word featurehistograms;
suchrepresentationsareusedin many contemporaryobject



indexing andcategory recognitionmethods[19, 12, 4].
Our algorithmexploits redundancy betweenviews and

learnsa statisticalmodelof the dependency betweenfea-
ture streamsduring an off-line training phaseat the re-
ceiver. This modelis thenusedalongwith previously de-
codedstreamsto aid featureselectionat eachcamera. If
thestreamsareredundant,thenonly a few featuresneedto
besent. In this paper, we considerbag-of-wordsrepresen-
tations[12, 4] and model the dependency betweenvisual
featurehistograms.As shown in ourexperiments,ouralgo-
rithmis ableto achieveanef�cient joint encodingof thefea-
ture histogramswithout explicitly sharingfeaturesacross
views. This resultsin anef�cient unsupervisedfeaturese-
lectionalgorithmthatimprovesrecognitionperformancein
thepresenceof limited network bandwidth.

We evaluateour approachusing the COIL-100 multi-
view imagedatabase[11] on thetasksof instance-level re-
trieval and recognitionfrom multiple views; we compare
unsuperviseddistributed featureselectionto independent
streamencoding. For a two-view problem,our algorithm
achievesa compressionfactorof over 100:1in the second
view while preservingmulti-view recognitionandretrieval
accuracy. In contrast,independentencodingatthesamerate
doesnot improveoversingle-view performance.

2. RelatedWork

Contemporarymethodsfor objectrecognitionuselocal
featurerepresentationsandperformrecognitionoversetsof
local featurescorrespondingto eachimage[8, 12, 4, 22].
Severaltechniqueshavebeenproposedthatgeneralizethese
methodsto includeobjectview-point in additionto appear-
ance[16, 21, 22, 17]. Rothgangeret. al. [16] present
an approachthat builds an explicit 3D model from local
af�ne-invariantimagefeaturesandusesthatmodelto per-
form view-point invariantobject recognition. Thomaset.
al. [21] extendthe Implicit ShapeModel (ISM) of Leibe
andSchiele[8] for single-view objectrecognitionto multi-
pleviewsby combiningtheISM modelwith therecognition
approachof Ferrariet. al. [2]. Similarly, SavareseandLi
[17] presenta part-basedapproachfor multi-view recogni-
tion thatjointly modelsobjectview-pointandappearance.

Traditionally, approachesto multi-view object recogni-
tion useonly a singleinput imageat testtime [16, 21, 22,
17]. Recently, therehasbeena growing interestin applica-
tion areaswheremultiple inputviewsof theobjector scene
areavailable. The presenceof multiple views can leadto
increasedrecognitionperformance;however, the transmis-
sionof datafrom multiplecamerasplacesanadditionalbur-
denon thenetwork. In this paper, we proposeanunsuper-
visedfeatureselectionalgorithmthatenableseffective ob-
ject recognitionfrom multiple camerasin the presenceof
limited network bandwidth.

Featureselectionalgorithmsexploit datadependency or

redundancy to derive compactrepresentationsfor classi�-
cation[9]. For our problem,traditionalsupervisedfeature
selectionapproachesare inapplicableas the classlabel is
unknown at eachcamera.Many approacheshavebeenpro-
posedfor unsupervisedfeatureselection[1, 9, 13]. Peng
et. al. [13] de�ne a minimum-redundancy or maximum-
relevancecriterionfor unsupervisedfeatureselectionbased
on mutual information. Dy andBrodley [1] computerel-
evant featuresubsetsusinga clusteringapproachbasedon
a maximumlikelihoodcriterionwith theexpectationmaxi-
mizationalgorithm.For multipleviews, it is possibleto ap-
ply theaboveunsupervisedfeatureselectiontechniquesin-
dependentlyat eachcamerato ef�ciently encodeandtrans-
mit featuresover thenetwork. A betterencodingof thefea-
tures,however, canbe achieved if featuresare jointly se-
lectedacrossviews [20]. Underlimited network bandwidth
a joint encodingis not possibleascommunicationbetween
camerasis oftenprohibitively expensive.

Distributedcodingalgorithms[14, 20, 18, 3] seeka joint
encodingof the streamswithout sharing featuresacross
views. Thesemethodsexploit dataredundancy at a shared,
commonreceiver to perform a distributed featureselec-
tion that in many casesapproachesthe joint encodingrate
[20]. Contemporarytechniquesto distributed coding in-
cludetheDISCUSalgorithmof PradhanandRamchandran
[14] basedon datacosets,andthe approachof Schonberg
[18] that builds upon low-densityparity checkcodes. In
this paper, we presenta new distributedcodingalgorithm
for bag-of-words imagerepresentationsin multi-view ob-
ject recognitionwith GaussianProcesses.

GaussianProcesses(GPs)[15] havebecomepopularbe-
causethey aresimpleto implement,�e xible (i.e., they can
capturecomplex behaviors througha simple parametriza-
tion), andarefully probabilistic.Thelatterenablesthemto
be easilyincorporatedin morecomplex systems,andpro-
videsan easyway of expressingandevaluatingprediction
uncertainty. GPshave beensuggestedasa replacementfor
supervisedneural networks in non-linearregression[15]
and they generalizea rangeof previous techniques(e.g.
krigging, splines,RBFs). As shown in our experiments,
GPsarewell suitedfor distributedfeatureselectionasthe
uncertaintymeasureprovidedbyGPsiscorrelatedwith data
redundancy. Ourwork bearssimilarity to thatof Kapooret.
al. [5] that useGP predictionuncertaintyasa criteria for
exampleselectionin active learning.

3. GaussianProcessReview

A GaussianProcessis a collectionof randomvariables,
any �nite numberof which have consistentjoint Gaussian
distributions[15]. Givena trainingsetD = f (x i ; y i ); i =
1; � � � ; N g, composedof inputs x i and noisy outputsy i ,
weassumethatthenoiseis additive,independentandGaus-
sian,suchthattherelationshipbetweenthe(latent)function,



f (x), andtheobservednoisytargets,y , is givenby

y i = f (x i ) + � i ; (1)

where� i � N (0; � 2
noise ) and� 2

noise is thenoisevariance.
GPregressionis aBayesianapproachthatassumesaGP

prior over thespaceof functions,

p(f jX ) = N (0; K ) ; (2)

wheref = [f 1; � � � ; f n ] is thevectorof latentfunctionval-
ues,f i = f (x i ), X = [x1; � � � ; xN ], andK is a covariance
matrix whoseentriesare given by a covariancefunction,
K i;j = k(x i ; x j ). GPsarenon-parametricmodelsandare
entirely de�ned by their covariancefunction (andtraining
data);thesetof possiblecovariancefunctionsis de�ned by
thesetof Mercerkernels.Duringtraining,themodelhyper-
parameters,�� , arelearnedby minimizing

� ln p(X ; �� j Y ) =
D
2

ln jK j +
1
2

tr
�
K � 1YY T �

+ C : (3)

whereY = [y1; � � � ; yN ], C is a constant,andD is the
dimensionof theoutput.

Inferencein theGPmodelis straightforward,assuming
a joint GPprior over training,f , andtesting,f � , latentvari-
ables,

p(f ; f � ) = N
�

0;
�

K f ;f K � ;f

K f ;� K � ;�

��
; (4)

where� is usedasshorthandfor f � andthedependency on
X is omittedfor clarity of presentation,K f ;f is thecovari-
anceof the training data,K � ;� , the covarianceof the test
data,andK f ;� = K T

� ;f is thecross-covarianceof training
andtestdata.Thejoint posteriorp(f ; f � jY ) is Gaussian:

p(f ; f � jY ) =
p(f ; f � )p(y jf )

p(y)
: (5)

Marginalizing the training latentvariables,f , canbe done
in closedform andyieldsaGaussianpredictivedistribution
[15], p(f � jy ) = N (M ; C), with

M = K � ;f (K f ;f + � 2
noise I ) � 1Y (6)

C = K � ;� � K � ;f (K f ;f + � 2
noise I ) � 1K f ;� : (7)

Thevarianceof theGP is an indicatorof theprediction
uncertainty. In thefollowing sectionwe will show how the
variancecanbeusedto de�ne a featureselectioncriteria.

4. Distrib uted Object Recognition

We considerthe distributed recognitionproblemof V
camerastransmittinginformationto a centralcommonre-
ceiverwith nodirectcommunicationbetweencameras(see
Figure1). In our problem,eachcamerais equippedwith a
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Figure 2. Systemdiagram. ImageI v is codedby encoderE v

anddecoderD . Ẑ v are the encodedimagefeatures,ĥv the re-
constructedhistograms,and� v thenon-redundantbin indicesfor
views v = 1; :::; V (seeSection4 for details).

simpleencoderusedto compresseachsignalbeforetrans-
mission. A commondecoderreceivestheencodedsignals
andperformsa joint decodingof thesignalstreamsusinga
modelof the joint statistics.Note that this codingscheme
off-loadsthecomputationalburdenontothedecoderandal-
lows for computationallyin-expensive encoders.In what
follows,weassumeanoiselesschannel,but ourapproachis
alsoapplicableto themoregeneralcase.

Figure2 illustratesourproposeddistributedcodingalgo-
rithm at a singlecamera.With our algorithm,the decoder
iteratively querieseachof theV camerasandspeci�esthe
desiredencodingrate the camerashoulduse. At the v-th
view, the decoderusesits model of joint statisticsalong
with sideinformation, i.e., thepreviouslydecodedstreams,
to decodethesignal.Theuseof sideinformationallowsthe
encoderto work at a lower encodingratethanif thestream
wereencodedindependently. As discussedbelow, the de-
coderselectsthe cameraencodingratebasedon the joint
streamstatisticsandtransmitsthis informationbackto the
encoder. If thev-th view is highly redundantwith respectto
thesideinformation,thenlittle-to-no informationneedsto
beencodedandsentto thedecoder.

In this work, we considerbag-of-wordsmodelsfor ob-
ject recognition[12, 4]. With thesemodels,an imageis
representedusinga setof local imagedescriptorsextracted
from the imageeither at a set of interestpoint locations
(e.g.,thosecomputedusinga Harrispoint detector[10]) or
on a regulargrid. In our experiments,we employ thelatter
featuredetectionstrategy in favor of simplicity at the en-
coder. To performfeaturecoding,the local imagefeatures
arequantizedusingaglobalvocabularythatis sharedby the
encoderanddecoderandcomputedfrom trainingimages.

Let I v , v = 1; :::; V be a collectionof V views of the
objector sceneof interest,imagedby eachcameraandZ v

be thesetof quantizedlocal imagefeaturescorresponding
to imageI v computedby thev-th encoder, E v . In thiscon-
text (seeFigure2), theencoderstransmitquantizedfeatures
to thecentralreceiver andtheencodingrateis thenumber



of featuressent.
In theory, distributedcodingwith individual imagefea-

tures(e.g.,visualwords)mightbepossible,but preliminary
experimentshaveshownthatdistributedcodingof localfea-
turesdoesnot improve over independentencodingat each
camera. Using a joint model over quantizedfeatureson
COIL-100with a 991word vocabulary gave anentropy of
9.4 bits, which indicatesthat the joint featuredistribution
is closeto uniform (for a 991word featurevocabulary, the
uniform distribution hasanentropy of 10 bits). This is ex-
pectedsincea local imagefeatureis a fairly weakpredictor
of otherfeaturesin theimage.

We have found,however, thatdistributedcodingof his-
togramsof local featuresis effective. As seenin our exper-
iments,thedistribution over featuresin oneview is predic-
tiveof thedistributionof featuresin otherviewsand,there-
fore, featurehistogramsarea useful imagerepresentation
for distributedcoding.

4.1. Joint FeatureHistogram Model

Let Ẑ v be the set of encodedfeaturesof eachview,
v = 1; :::; V . To facilitate a joint decodingof the fea-
turestreams,thedecoder�rst computesafeaturehistogram,
ĥv = h(Ẑ v ), usingtheglobal featurevocabulary. Note,in
our approach,the form of h(�) caneitherbe a �at [19] or
hierarchicalhistogram[12, 4]; we presenta generaldis-
tributed coding approachapplicableto any bag-of-words
technique. At the decoder, the joint streamstatisticsare
expressedover featurehistograms,

p(h1; h2; :::; hV ) = p(h1)
VY

v=2

p(hv jhv� 1; :::; h1); (8)

wherethe conditionalprobabilitiesare learnedfrom train-
ing dataasdescribedin Section3.

Assumingindependencebetweenthehistogrambinsand
pair-wisedependencebetweenhistogramswewrite

p(hv jhv� 1; :::; h1) =
v� 1Y

k=1

BY

b=1

p(hv;bjhk ) (9)

wherehv;b is the b-th bin of histogramhv , and B is the
numberof bins.

Thejoint modelof Equation8 is usedto determinewhich
featuresat a given cameraareredundantwith the side in-
formation. In particular, redundantfeaturesarethosethat
areassociatedwith the redundantbins of the histogramof
thecurrentview. Sincewe areultimately interestedin the
featurehistogramsfor performingrecognition,theencoders
cansendeitherhistogrambin countsor thequantizedvisual
featuresthemselves.

We obtaina reconstructionof the featurehistogramof
eachview from the view's encodedfeaturesand its side

Algorithm 1 GPDistributedFeatureSelection
Let E v beanencoder, � v bede�ned over setsof feature
histogrambin indices,Ẑ v bede�nedoversetsof encoded
features,H v beaN � B matrixof N trainingexamples,
v = 1; :::; V , andRmax bethedesiredencodingrate.

ĥ = ;
� 1 = f 1; :::; B g
for v = 1; :::; V do

Ẑ v = request (E v ; � v )
for b = 1; :::; B do

if b 2 � v then
ĥv;b =  (Ẑ v;b)

else
ĥv;b = (kv� 1;b

� )T (K v� 1;b)� 1H v;b

end if
end for
ĥ = (ĥ; ĥv )
if v < V then

for b = 1; :::; B do
� v+1 ;b = (kv;b(ĥ; ĥ) � (kv;b

� )T(K v;b)� 1kv;b
� )

1
2

end for
� v+1 = select (� v+1 ; Rmax )

end if
end for

information. Let hv be the histogramof interestandhk ,
k = 1; :::; v � 1, its sideinformation,wherev is thecurrent
view consideredby thedecoder. FromEquation9 theprob-
ability of ahistogramhv givenits sideinformationis found
as,

p(hv jhv� 1; :::; h1) =
v� 1Y

k=1

p(hv jhk ) (10)

We model the above conditional probability using a GP
prior over feature histograms. To make learning more
tractablewe assumeindependencebetweenhistogrambins

p(hv jhv� 1; :::; h1) =
BY

b=1

N (0; K v� 1;b) (11)

where a GP is de�ned over eachbin with kernel matrix
K v� 1;b. We computeK v� 1;b with a covariancefunction
de�ned usingan exponentialkernelover thesideinforma-
tion,

kv;b(h i ; h j ) =
vY

r =1


 � v
b exp

 
d(h r

i ; h r
j )2

� 2
b

!

+ � b� ij (12)

whereĥ i = (ĥ1
i ; :::; ĥv

i ) andĥ j = (ĥ1
j ; :::; ĥv

j ) aremulti-
view histogram instances,
 b; � b are the kernel hyper-
parametersof bin b, whichweassumeto bethesameacross



Figure3. Syntheticexampleconsideredbelow. Thisscenariocon-
sistsof two overlappingviews of an object, which is presumed
to �ll the scene. Imagefeaturesarerepresentedusinga 6 word
vocabulary.

views,and� b is a per-bin additive noiseterm. Giventrain-
ing dataH v , whereH v is a N � B matrix of N training
examplesfor the v = 1; :::; V views, the kernel hyper-
parametersarelearnedasdescribedin Section3. Wede�ne
adifferentsetof kernelhyper-parametersperbin sinceeach
bin canexhibit drasticallydifferentbehavior with respectto
thesideinformation.

The varianceof each GP can be used to determine
whethera bin is redundant:a small bin varianceindicates
that theGPmodelis con�dent in its prediction,andthere-
fore the featurescorrespondingto that bin arelikely to be
redundantwith respectto thesideinformation.In ourexper-
iments,wefoundthatredundantbinsgenerallyexhibit vari-
ancesthataresmallandsimilar in valueandthatthesevari-
ancesaremuchsmallerthanthoseof non-redundantbins.

4.2. GP Distrib uted FeatureSelection

Distributedfeatureselectionis performedby thedecoder
usingan iterative process.The decoderbegins by query-
ing the �rst encoderto sendall of its features,sincein the
absenceof any side information no featureis redundant.
At the v-th view, the decoderrequestsonly thosefeatures
correspondingto thenon-redundanthistogrambins of that
view, whoseindicesarefoundusingthebin variancesout-
put by eachGP. At eachiteration, the GPsare evaluated
usingthereconstructedhistogramsof previousiterationsas
illustratedin Algorithm 1.

GiventheencodedfeaturesẐ v , thedecoderreconstructs
histogramŝhv , v = 1; :::; V , suchthat bins that arenon-
redundantarethosereceivedandtheredundantbinsarees-
timatedfrom theGPmeanprediction

ĥv;b =
�

h(Ẑ v;b); b 2 � v

(kv� 1;b
� )T(K v� 1;b)� 1H v;b; otherwise.

(13)

whereH v;b = (hv;b
1 ; :::; hv;b

N )T arethebin valuesfor view
v andbin bin thetrainingdata,and� v arethebin indicesof
thenon-redundantbinsof thehistogramof view v.
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Figure4. GPvarianceis correlatedwith bin redundancy. TheGP
meanpredictionfor the secondview is plottedvs. ground-truth
valuesfor botha redundantandnon-redundantbin. TheGPvari-
ancefor eachof the 6 histogrambins,averagedacrossexamples
is alsoshown; errorbarsindicate� 1 std. deviation. Thevariance
of non-redundantbins is noticeablyhigherthanthatof redundant
bins.

TheGPdistributedfeatureselectionalgorithmachieves
acompressionrateproportionalto thenumberof bin indices
requestedfor eachview. For view v thecompressionrateof
ouralgorithmin percentbinstransmittedis

R =
r
B

=
2j� v j

B
; (14)

whereB is the total numberof histogrambinsandr is the
numberof binsreceived,which is proportionalto twice the
numberof non-redundantbins as a result of the decoder
request operation. Note, however, that in the caseof
large amountsof redundancy therearefew non-redundant
bins encodedat eachview andthereforea small encoding
rateis achieved.

As mentionedabove the bin indices� v are chosenus-
ing the GP predictionuncertainty. If a desiredencoding
rateRmax is provided,thedecoderrequeststher max =2 his-
togrambins associatedwith the highestGP predictionun-
certainty(seeEquation14). If Rmax is not known, theen-
coding rate can be automaticallydeterminedby grouping
thehistogrambinsateachview into two groupscorrespond-
ing to regionsof highandlow uncertainty;� v is thende�ned
usingthe bins associatedwith the high uncertaintygroup.
Both strategiesexploit the propertythat predictionuncer-
tainty is correlatedwith bin redundancy to requestthenon-
redundantbinsateachview. Many groupingalgorithmsare
applicablefor the latter approach,e.g.,conventionalclus-
tering.In practice,weuseasimplestepdetectiontechnique
to form eachgroupby sortingthebin variancesand�nding
themaximumlocaldifference.
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Figure 5. Nearest-neighborinstance-level retrieval for the two-
view syntheticdataset;averageretrieval accuracy is plottedover
varying neighborhoodsizes. For a �x ed rate, our algorithm far
outperformsthe independentencodingbaseline(seetext for de-
tails).

5. Experiments

Weevaluateourdistributedcodingapproachonthetasks
of object recognitionand indexing from multiple views.
Givenhv , v = 1; ::; V , multi-view recognitionis performed
using a nearest-neighborclassi�er over a fused distance
measure,computedastheaveragedistanceacrossviews

D i;j (h i ; h j ) =
1
V

VX

v=1

d(hv
i ; hv

j ) (15)

wherefor �at histogramswede�ne d(�) usingtheL 2 norm,
andwith pyramidmatchsimilarity [4] for multi-resolution
histograms1.

We usea majority voteperformancemetric for nearest-
neighborrecognition.Underthis metrica queryexampleis
correctlyrecognizedif a majority (� k=2) of its k nearest-
neighborsare of the samecategory or instance. We also
experimentwith anat-least-onecriterionto evaluateperfor-
mancein an interactive retrieval setting: with this scheme
anexampleis correctlyretrievedif oneof the�rst k exam-
pleshasthe true label. We comparedistributedcodingto
independentencodingat eachview with a randomfeature
selectorthat randomlyselectshistogrambins accordingto
a uniform distribution, andreportfeatureselectionperfor-
mancein termsof percentbins encoded,R (seeEquation
14).

In what follows, we �rst presentexperimentson a syn-
theticexamplewith our approachandthendiscussour re-
sultsonCOIL-100.

5.1. Synthetic Example

To demonstrateour distributed feature selection ap-
proachwe considerthescenarioillustratedin Figure3. An
objectis imagedwith two overlappingviews, andthe his-
togramsof eachview arerepresentedusinga6 wordvocab-
ulary. As shown by the�gure, the imagesareredundantin

1Noteour distributedcodingalgorithmis independentof thechoiceof
classi�cationmethod.
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Figure 6. Nearest-neighborinstance-level retrieval on the two-
view syntheticdatasetwith partial redundancy, plottedover vary-
ing neighborhoodsizes. Our distributed coding algorithm per-
forms favorably to independentencodingeven whenthe binsare
only partially redundant.

4 of the6 words,as2 of thewords(i.e.,diamondandplus)
do not appearin theoverlappingportionof eachview. Al-
thoughreal-world problemsaremuchmorecomplex than
describedabove, we usethis simplescenarioto give intu-
ition andmotivateourapproach.

We �rst considerthe casewherethereis no noisebe-
tweenthe redundantfeaturesin eachview andthe redun-
dant featuresappearonly in the overlappingregion. We
randomlygeneratedN = 100, 6-D histograms,whereeach
histogramwasgeneratedby samplingits bins from a uni-
form distributionbetween0 and1, andthehistogramswere
normalizedto sumto one. Eachhistogramwassplit into
two views by replicatingthe �rst 4 bins in eachview and
randomlysplitting theothertwo bins. Theabove datawas
usedto form a training set of examples,whereeachpair
of histogramscorrespondsto a singleobject instance.To
form the testset,zeromeanGaussiannoisewasaddedto
the training setwith � = 0:01 andthe testsethistograms
weresplit into two views usingthesamesplit ratiosasthe
trainingset.

For distributedcodingwe trained6 GPs,oneperdimen-
sion,usingeachview. Figure4 displaysthe predictedbin
valuevs. groundtruth for 2 of thebins(oneredundantand
the othernon-redundant)evaluatedon the secondview of
thetestset.TheGPsareableto learnthedeterministicmap-
ping thatrelatestheredundantbins. For thenon-redundant
bin, thevarianceof theGP'spredictionsis quitelargecom-
paredto thatof theredundantbin. Also shown in Figure4,
arethemeanGP variancesplottedfor eachhistogrambin.
The error barsin the plot indicatethe standarddeviation.
TheGPvarianceis muchlargerfor thenon-redundantbins
thanthoseof theredundantoneswhosevariancesaresmall
andcenteredabout0. This is expectedsincenon-redundant
bins arelesscorrelatedandthereforetheGPsarelesscer-
tain in their predictionof thevalueof thesebins from side
information.

Evaluatingourdistributedcodingalgorithmontheabove
problemgave a bin rateof R = 0:66 in the secondview.
Figure 5 displaysthe result of nearest-neighborinstance-
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Figure7. Nearest-neighbor(top) retrieval and (bottom) recogni-
tion with two-viewsonCOIL-100.Ouralgorithmperformssignif-
icantlybetterover singleview performanceundereachtaskwhile
achieving a very low encodingrate.For theretrieval task,our ap-
proachperformsnearmulti-view performance.The independent
encodingbaselineis alsoshown, whereindependentfeatureselec-
tion wasperformedat the samerateasour algorithm. Note that
independentencodingwith two views doesworsethan a single
view whenoperatingat sucha low encodingrate.

level retrieval overeachof the100instancesin thetraining
set for varying neighborhoodsizes. The averageretrieval
accuracy, averagedover10 independenttrials, is shown for
bothdistributedandindependentcodingof thesecondview,
wherefor independentcodingfeatureswereselectedat the
samerateasdistributedcoding.Distributedcodingfar out-
performsindependentencodingin theabovescenario.

Wealsoconsideredthecaseof partialredundancy, where
theredundantbinsareonly partiallycorrelatedasaresultof
noise.To simulatepartial redundancy we addedzeromean
Gaussiannoise to the split ratios of the �rst 4 bins with
� = f 0; 0:01; 0:05; 0:1g. Figure 6 displaysthe result of
nearest-neighborrecognitionwith distributedandindepen-
dentcodingof thesecondview. In theplot, recognitionper-
formanceis reported,averagedacrossthedifferent� values,
alongwith errorbarsindicatingthestandarddeviation. For
thisexperiment,anaveragebin rateof R = 0:78� 0:23was
achieved with our distributed featureselectionalgorithm.
Our distributedcodingalgorithmcanperformfavorably to
independentencodingevenwhenthebinsareonly partially
redundant.

5.2. COIL-100 Experiments

We evaluatedour distributedfeatureselectionalgorithm
using the COIL-100 multi-view object database[11] that
consistsof 72 views of 100 objectsviewed from 0 to 360

degreesin 5 degreeincrements.A local featurerepresenta-
tion is computedfor eachimageusing10dimensionalPCA-
SIFT features[6] extractedona regulargrid usinga4 pixel
spacing.We evaluateour distributedcodingalgorithmand
performrecognitionwith theCOIL-100datasetusingmulti-
resolutionvocabulary-guidedhistograms[4] computedwith
LIBPMK [7]. We split theCOIL-100datasetinto train and
testsetsby takingalternatingviewsof eachobject.Wethen
pairedimages50degreesapartto form thetwo viewsof our
problem.

Usingthetrainingimagefeatureswe performhierarchi-
cal k-meansclusteringto computethe vocabulary usedto
form themulti-resolutionpyramid representation.Using4
levels anda treebranchfactorof 10 gave a 991 word vo-
cabulary at the �nest level of thehierarchy. GPdistributed
featureselectionis performedoverthe�nest levelof thehis-
togram,suchthattheencodersanddecoderonly communi-
catebinsat this level. Theupperlevelsof thetreearethen
recomputedfrom thebottomlevel whenperformingrecog-
nition. To performGPdistributedcodingwe useda kernel
de�ned usingL2 distanceovera coarse,�at histogramrep-
resentation.

Figure7 displaysnearest-neighborretrieval and recog-
nition accuracy using one and two views. A signi�cant
performanceincreaseis achievedby usingthesecondview
whentherearenobandwidthconstraints.Applying GPdis-
tributedfeatureselectionon theabove datasetresultedin a
bin rateof R < 0:01 in thesecondview; this is a compres-
sion rateof over 100:1. Figure7 displaystheperformance
of our GP distributed featureselectionalgorithm. By ex-
ploiting featureredundancy acrossviews, our algorithmis
ableto performsigni�cantly betterthansingleview perfor-
mancewhile achieving a very low encodingrate. The re-
sult of independentencodingis alsoshown in the Figure,
whereindependentfeatureselectionwasperformedat the
samerateasour algorithm.In contrastto our approach,in-
dependentencodingis notableto improveoversingle-view
performanceandin fact doesworseat suchlow encoding
rates.

We also testedour approachover different encoding
rates,wherethedesiredrateis providedasinputto thealgo-
rithm. Figure8 displaysthenearest-neighborperformance
of ourapproachoverdifferentencodingrates.As expected,
nearest-neighborperformanceincreasesfor largerencoding
rates. Performancesaturatesat aboutr = 50 bins andre-
mainsfairly constantfor largerrates.Of coarse,for r = B
onewouldexpectto recoverground-truthperformance.The
slow convergencerateof our approachto ground-truthper-
formancewith increasingencodingratesuggeststhe need
for betterbin selectioncriteria, which we plan to inves-
tigate as part of future work. The independentencoding
baselineis alsoshown. RecallthatatrateR thebaselineap-
proachtransmitstwice thenumberof binsasour approach
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Figure8. Nearest-neighborperformanceincreaseswith encoding
rate.Nearest-neighborperformanceis shown for thetasksof (top)
retrieval and (bottom) recognition. The accuracy differencebe-
tween our approachand ground-truthtwo-view performanceis
shown averagedover neighborhoodsize; error barsindicate� 1
std.deviation. Theindependentencodingbaselineis alsoshown.

asa resultof the requestoperation.Independentencoding
needsto transmitnearlytheentirehistogram(j� 2j = 400)
beforereachinga recognitionperformancecloseto our ap-
proach. Our approachachievessimilar performancewith
only j� 2j = 10.

6. Conclusionand Future Work

In this paperwe presenteda distributedcodingmethod
for unsuperviseddistributed featureselectionand showed
its applicationto multi-view objectrecognition.We devel-
opeda new algorithmfor distributedcodingwith Gaussian
Processesanddemonstratedits effectivenessfor encoding
visualword featurehistogramson bothsyntheticandreal-
world datasets.For a two-view problemwith COIL-100,
ouralgorithmwasableto achieveacompressionrateof over
100:1in thesecondview, while signi�cantly increasingac-
curacy over single-view performance. At the samecod-
ing rate,independentencodingwasunableto improveover
recognitionwith a single-view. For futurework, we planto
investigatetechniquesfor modelingmorecomplex depen-
denciesas well as one-to-many mappingsbetweenviews
andevaluateour approachunderdifferentbin selectioncri-
teria.
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