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Abstract

Objectrecaynition accuracy can be improved whenin-
formation from multiple views is integrated, but informa-
tion in eadh view can oftenbe highly redundant.We con-
sidertheproblemof distributedobjectrecaynition or index-
ing frommultiple camerns, whele the computationapower
available at eadh camen sensoris limited and communi-
cation betweerncameasis prohibitively expensive In this
scenario,it is desiable to avoid sendingredundantvisual
featuiesfrommultipleviews. Traditional supervisedeature
selectionappmoadesare inapplicableas the classlabel is
unknownat eadh cameag. In this paperwe proposean un-
supervisednulti-view feature selectionalgorithmbasedon
a distributed codingapproach. With our method,a Gaus-
sian Processmodel of the joint view statisticsis usedat
thereceiverto obtaina joint encodingof the views without
directly sharinginformation acrossencodes. \e demon-
strate our approadc onrecanition andindexing taskswith
multi-view image databasesndshowthat our methoccom-
paresfavorably to an independenéncodingof thefeatules
fromead camea.

1. Intr oduction

Objectrecognitionoftenbene tsfrom integrationof ob-
senationsat multiple views. However, whenmultiple cam-
erasensorgxistin abandwidthlimited environmentit may
beimpossibleto transmitall the visual featuresn eachim-
age. Whenthe task or target classis not known a priori
theremay be no obvious way to decidewhich featuresto
sendfrom eachview. If redundanfeaturesare chosenat
the expenseof informative features,performancecan be
worsewith multiple views thanwith a single view, given
x edbandwidth.

We considetthe problemof how to selectwhich features
to sendin eachview to achieve optimalresultsat a central-
izedrecognitionor indexing module(seeFigurel). An ef-

cient encodingof the streamamight be possiblein theory
if a classlabel could be inferredat eachcamera,enabling
theuseof supervisedeatureselectiontechniqueso encode
andsendonly thosefeatureshat arerelevant of thatclass.
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Figure 1. Distributed objectrecognition. Messagesre only sent
betweereachcamergtransmitterandtherecognitionrmodule(re-
ceiver). An efcient joint featureselectionis achievzed withoutdi-
rectly sharinginformationbetweercameras.

Partial occlusionsunknavn cameraviewpoint, andlimited
computationapower, however, limit the ability to reliably
estimatethe imageclasslabel at eachcamera.lnsteadwe
proposean unsupervisedeatureselectionalgorithmto ob-
tainanef cient encodingof thefeaturestreams.

If eachcamerasensohadaccesso theinformationfrom
all views this could trivially be accomplishecby a joint
compressioralgorithmthatcould, e.g.,encodethe features
of the v-th view basedon the informationin the previous
v 1lviews. We areinterestedhowever, in the casewhere
thereis no communicationbetweencamerashemseles,
andmessageare only sentfrom the camerago the recog-
nition modulewith alimited backchannebackto the cam-
eras.In practice,mary visual cateyory recognitionandin-
dexing applicationsare bandwidthconstrainede.g., wire-
less suneillance cameranetworks, mobile robot swarms,
mobilephonecameras)andit is infeasibleto broadcasim-
agesacrossall camerasr to sendtheraw signalfrom each
camerao therecognitionmodule.

It is possibleto achieve very ef cient encodingwithout
ary informationexchangebetweenthe camerashy adopt-
ing a distributed encodingschemethat takes advantageof
known statisticsof the ervironment[14, 20, 18, 3]. We
develop a new methodfor distributed encodingbasedon
a GaussiarProcesgGP) formulation,and demonstratets
applicability to encodingvisual-word feature histograms;
suchrepresentationareusedin mary contemporarybject



indexing andcategory recognitionmethodq19, 12, 4].

Our algorithm exploits redundang betweenviews and
learnsa statisticalmodel of the dependeng betweenfea-
ture streamsduring an off-line training phaseat the re-
ceiver. This modelis thenusedalongwith previously de-
codedstreamgto aid featureselectionat eachcamera. If
the streamsareredundantthenonly afew featuresmeedto
be sent. In this paper we considerbag-of-wordsrepresen-
tations[12, 4] and model the dependeng betweenvisual
featurehistogramsAs shawn in our experimentspur algo-
rithmis ableto achieveanef cient joint encodingof thefea-
ture histogramswithout explicitly sharingfeaturesacross
views. This resultsin anefcient unsupervisedeaturese-
lectionalgorithmthatimprovesrecognitionperformancen
thepresencef limited network bandwidth.

We evaluateour approachusing the COIL-100 multi-
view imagedatabas¢l1] onthetasksof instance-lgel re-
trieval and recognitionfrom multiple views; we compare
unsupervisedlistributed feature selectionto independent
streamencoding. For a two-view problem,our algorithm
achievesa compressiorfactorof over 100:1in the second
view while preservingmulti-view recognitionandretrieval
accurag. In contrastindependentncodingatthesamerate
doesnotimprove over single-vieav performance.

2. Related Work

Contemporarymethodsfor objectrecognitionuselocal
featurerepresentationandperformrecognitionover setsof
local featurescorrespondingo eachimage|[8, 12, 4, 22].
Severaltechniquefiave beenproposedhatgeneralizehese
methodgo includeobjectview-pointin additionto appear
ance[16, 21, 22, 17]. Rothgangeret. al. [16] present
an approachthat builds an explicit 3D model from local
af ne-invariantimagefeaturesand usesthat modelto per
form view-point invariant object recognition. Thomaset.
al. [21] extendthe Implicit ShapeModel (ISM) of Leibe
andSchiele[8] for single-viav objectrecognitionto multi-
pleviews by combiningtheISM modelwith therecognition
approachof Ferrariet. al. [2]. Similarly, SavareseandLi
[17] presenta part-basedpproactfor multi-view recogni-
tion thatjointly modelsobjectview-pointandappearance.

Traditionally, approacheso multi-view objectrecogni-
tion useonly a singleinputimageat testtime [16, 21, 22,
17]. Recentlytherehasbeenagrowing interestin applica-
tion areasvheremultiple input views of the objector scene
areavailable. The presenceof multiple views canleadto
increasedecognitionperformancehowever, the transmis-
sionof datafrom multiple cameraplacesanadditionalbur-
denon the network. In this paper we proposean unsuper
visedfeatureselectionalgorithmthat enableseffective ob-
ject recognitionfrom multiple camerasn the presenceof
limited network bandwidth.

Featureselectionalgorithmsexploit datadependengor

redundang to derive compactrepresentationfor classi -
cation[9]. For our problem,traditionalsupervisedeature
selectionapproachesre inapplicableasthe classlabel is
unknown ateachcameraMany approachebave beenpro-
posedfor unsupervisedeatureselection[1, 9, 13]. Peng
et. al. [13] de ne a minimum-redundang or maximum-
relevancecriterionfor unsupervisedeatureselectiorbased
on mutualinformation. Dy and Brodley [1] computerel-
evantfeaturesubsetaisinga clusteringapproacthasedon
amaximumlik elihoodcriterionwith the expectationmaxi-
mizationalgorithm.For multiple views, it is possibleto ap-
ply the abore unsupervisedeatureselectiontechniquesn-
dependenthat eachcamerao ef ciently encodeandtrans-
mit featureoverthenetwork. A betterencodingof thefea-
tures,however, canbe achieved if featuresarejointly se-
lectedacrossviews [20]. Underlimited network bandwidth
ajoint encodingis not possibleascommunicatiorbetween
camerass oftenprohibitively expensve.

Distributedcodingalgorithmsg[14, 20, 18, 3] seekajoint
encodingof the streamswithout sharing featuresacross
views. Thesemethodsexploit dataredundang at a shared,
commonrecever to perform a distributed feature selec-
tion thatin mary casesapproacheshe joint encodingrate
[20]. Contemporarytechniquego distributed coding in-
cludethe DISCUSalgorithmof PradharandRamchandran
[14] basedon datacosets,andthe approachof Schonbeg
[18] that builds upon low-density parity checkcodes. In
this paper we presenta new distributed coding algorithm
for bag-of-wordsimagerepresentations multi-view ob-
jectrecognitionwith GaussiarProcesses.

GaussiarProcessefGPs)[15] have becomepopularbe-
causethey aresimpleto implement, e xible (i.e., they can
capturecomplex behaiors througha simple parametriza-
tion), andarefully probabilistic. Thelatterenablegshemto
be easilyincorporatedn more complex systemsandpro-
videsan easyway of expressingandevaluatingprediction
uncertainty GPshave beensuggestedsa replacementor
supervisedneural networks in non-linearregression[15]
and they generalizea rangeof previous techniques(e.g.
krigging, splines,RBFs). As shavn in our experiments,
GPsarewell suitedfor distributedfeatureselectionasthe
uncertaintymeasurg@rovidedby GPsis correlatedvith data
redundang. Ourwork bearssimilarity to thatof Kapooret.
al. [5] thatuseGP predictionuncertaintyasa criteria for
exampleselectionin active learning.

3. GaussianProcesReview

A GaussiarProcesss a collectionof randomvariables,
ary nite numberof which have consistenjoint Gaussian
distributions[15]. GivenatrainingsetD = f(x;;y;);i =
1, ;Ng, composedf inputsx; and noisy outputsy;,
we assuméhatthenoiseis additive,independenandGaus-
sian,suchthattherelationshippbetweenthe(latent)function,



f (x), andtheobsenednoisytargets,y, is givenby
yi=fxi)+ i, 1)

where; N (0; 2,.)and 2, isthenoisevariance.
GPregressioris a Bayesiarapproaclthatassumea GP
prior overthe spaceof functions,

p(fiX) = N(O;K); @)

wheref = [fq; ; fn] is thevectorof latentfunctionval-

uesf; = f(xi), X = [Xy; ;Xn ], andK is acovariance
matrix whoseentriesare given by a covariancefunction,
Kij = k(xi;X;). GPsarenon-parametrienodelsandare
entirely de ned by their covariancefunction (andtraining

data);the setof possiblecovariancefunctionsis de ned by

thesetof Mercerkernels.Duringtraining,themodelhyper

parameters, , arelearnedoy minimizing

Inp(X; jY):%Ianj+%tr K yy T +C: (3

whereY = [yi1; ;yn], C is aconstantandD is the
dimensiorof the output.

Inferencein the GP modelis straightforvard,assuming
ajoint GPprior overtraining,f, andtesting,f , latentvari-
ables,

. — . Kf;f K if .
p(f:f )= N 0O KiK. ; (4)
where is usedasshorthandor f andthedependengon
X is omittedfor clarity of presentationK ¢ ¢+ is the covari-
anceof the training data,K . , the covarianceof the test
data,andK;. = KT;f is the cross-coarianceof training
andtestdata.Thejoint posteriomp(f;f jY ) is Gaussian:

p(f; f )p(yjf) .
p(y) '

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

p(f;fy) = (5)

M = K f (Kf;f + r210ise|) ty (6)
c = K ; K f (Kf§f + ﬁoisel) 1Kf; . (7)

The varianceof the GPis anindicatorof the prediction
uncertainty In the following sectionwe will shav how the
variancecanbeusedto de ne afeatureselectiorcriteria.

4. Distrib uted Object Recognition

We considerthe distributed recognitionproblem of V
cameragransmittinginformationto a centralcommonre-
ceiverwith no directcommunicatiorbetweercameragsee
Figurel). In our problem,eachcameras equippedwith a
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Figure 2. Systemdiagram. Imagel" is codedby encoderE"
anddecoderD. 2V arethe encodedmagefeatures,A¥ the re-
constructedhistogramsand ¥ the non-redundanbin indicesfor
viewsv = 1;:::;V (seeSectiond for details).

simpleencoderusedto compressachsignalbeforetrans-
mission. A commondecoderecevesthe encodedsignals
andperformsa joint decodingof the signalstreamaisinga

modelof the joint statistics. Note thatthis codingscheme
off-loadsthecomputationaburdenontothedecodeandal-

lows for computationallyin-expensve encoders. In what

follows,we assumea noiselesghannelput our approachs

alsoapplicableto themoregenerakase.

Figure2 illustratesour proposedlistributedcodingalgo-
rithm at a singlecamera.With our algorithm,the decoder
iteratively querieseachof the V camerasandspeci esthe
desiredencodingratethe camerashoulduse. At the v-th
view, the decoderusesits model of joint statisticsalong
with sideinformation i.e., the previously decodedstreams,
to decodehesignal. Theuseof sideinformationallowsthe
encodetto work at a lower encodingratethanif the stream
were encodedndependently As discussedelow, the de-
coderselectsthe cameraencodingrate basedon the joint
streamstatisticsandtransmitsthis informationbackto the
encoderlf thev-th view is highly redundantvith respecto
the sideinformation, thenlittle-to-no informationneedsto
beencodedindsentto thedecoder

In this work, we considerbag-of-wordsmodelsfor ob-
ject recognition[12, 4]. With thesemodels,an imageis
representedsinga setof localimagedescriptorsextracted
from the image either at a set of interestpoint locations
(e.g.,thosecomputedusinga Harris point detectof{10]) or
onaregulargrid. In our experimentswe employ thelatter
featuredetectionstratgy in favor of simplicity at the en-
coder To performfeaturecoding,the local imagefeatures
arequantizediusingaglobalvocahularythatis sharedby the
encodemnddecoderandcomputedrom trainingimages.

LetlV,v = 1;::;V beacollectionof V views of the
objector sceneof interest,imagedby eachcameraandzZ
be the setof quantizedocal imagefeaturescorresponding
toimagel Y computeddy thev-th encoderE". In thiscon-
text (seeFigure2), theencoderdransmitquantizedeatures
to the centralrecever andthe encodingrateis the number



of featuressent.

In theory distributed codingwith individual imagefea-
tures(e.g.,visualwords)mightbe possible put preliminary
experimentdhave shavn thatdistributedcodingof localfea-
turesdoesnot improve over independenéncodingat each
camera. Using a joint model over quantizedfeatureson
COIL-100with a 991 word vocalulary gave anentrogy of
9.4 bits, which indicatesthat the joint featuredistribution
is closeto uniform (for a 991 word featurevocahulary, the
uniform distribution hasanentrogy of 10 bits). Thisis ex-
pectedsincealocalimagefeatureis afairly weakpredictor
of otherfeaturesn theimage.

We have found, however, that distributedcodingof his-
togramsof local featureds effective. As seenin our exper
iments,thedistribution over featuresn oneview is predic-
tive of thedistribution of featuregn otherviews and,there-
fore, featurehistogramsare a usefulimagerepresentation
for distributedcoding.

4.1 Joint Feature Histogram Model

Let 2V be the set of encodedfeaturesof eachview,
v = 1;:5; V. To facilitate a joint decodingof the fea-
turestreamsthedecoderrst computesfeaturehistogram,
Av = h(ZV), usingthe globalfeaturevocahulary. Note,in
our approachthe form of h() caneitherbea at [19] or
hierarchicalhistogram[12, 4]; we presenta generaldis-
tributed coding approachapplicableto any bag-of-words
technique. At the decoder the joint streamstatisticsare
expresseaver featurehistograms,

112 e BV = 1 v
p(h=;h%;hY) = p(ht)

v=2

p(hVjhV 1::::hly;  (8)

wherethe conditionalprobabilitiesare learnedfrom train-

ing dataasdescribedn Section3.
Assumingindependencbetweerthehistogrambinsand

pair-wise dependencbetweerhistogramsave write

Vi,V 1 1 \Yl\B v;bik
p(h'jhY *;:5h%) = p(h*?jh") )
k=1 b=1

whereh¥® is the b-th bin of histogramh", andB is the
numberof bins.

Thejoint modelof Equation8is usedto determinavhich
featuresat a given cameraare redundantwith the sidein-
formation. In particular redundanfeaturesare thosethat
areassociateavith the redundanbins of the histogramof
the currentview. Sincewe are ultimately interestedn the
featurehistogramdor performingrecognitiontheencoders
cansendeitherhistogrambin countsor the quantizedrisual
featureghemseles.

We obtain a reconstructiorof the featurehistogramof
eachview from the view's encodedfeaturesand its side

Algorithm 1 GP DistributedFeatureSelection
Let EY beanencoder v bede ned over setsof feature
histogranbinindices,2¥ bede ned oversetsof encoded
featuresHY beaN B matrixof N trainingexamples,
v = 1;:5;V, andRnax bethedesiredencodingate.

A=
1=1f1:;Bg
forv=1;::;V do
2V = request (EY; V)
forb= 1;::;;B do
if b2 Vthen
ﬁv;b - (Zv;b)
else
fivib = (kV l;b)T(Kv 1;b) 1Hvib
endif
endfor
A = (A;AY)
if v< V then
forb= 1;::;;B do
v+1l;b — (kv;b(ﬁ; ﬁ)
endfor
vl = select ( V*';Rmax)
endif
endfor

(kv;b)T(K v;b) 1kV;b)%

information. Let hY be the histogramof interestand h¥,
k= 1;::;v 1, itssideinformation,wherev is thecurrent
view consideredy the decoderFromEquation9 the prob-
ability of ahistogranmh" givenits sideinformationis found
as,
w1
p(h¥jh¥ L:ht)y = phYjh®)
k=1

(10)

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

p(h'jih¥ Luhl) = N(O;KY )
b=1

(11)

wherea GP is de ned over eachbin with kernel matrix
KY b We computeK¥ P with a covariancefunction
de ned usingan exponentialkernelover the sideinforma-
tion,

!
d(h!';h!)?

Vib(h. - h. _YV \Y [
k¥°(hi; hj) = b EX

r=1 b

—— + b (12

wherefi; = (A%;:::;AY) andh; = (ﬁ-l;:::;ﬁ}’) are multi-
view histograminstances, p; , are the kernel hyper
parametersf bin b, whichwe assumeo bethe sameacross
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Figure3. Syntheticexampleconsideredelown. This scenariccon-
sistsof two overlappingviews of an object, which is presumed
to Il the scene.Ilmagefeaturesarerepresentedisinga 6 word
vocahulary.

views, and y is a perbin additive noiseterm. Giventrain-
ing dataHV, whereHY isaN B matrix of N training
examplesfor thev = 1;::;V views, the kernel hyper
parameterarelearnedasdescribedn Section3. We de ne
adifferentsetof kernelhyperparameterperbin sinceeach
bin canexhibit drasticallydifferentbehaior with respecto
thesideinformation.

The variance of each GP can be usedto determine
whethera bin is redundant:a small bin varianceindicates
thatthe GP modelis con dent in its prediction,andthere-
fore the featurescorrespondingdo thatbin arelikely to be
redundanwith respecto thesideinformation.In ourexper
iments,we foundthatredundanbinsgenerallyexhibit vari-
anceghataresmallandsimilarin valueandthatthesevari-
ancesaremuchsmallerthanthoseof non-redundanbins.

4.2 GP Distrib uted Feature Selection

Distributedfeatureselectioris performedoy thedecoder
using an iterative process. The decoderbegins by query-
ing the rst encoderto sendall of its featuressincein the
absenceof ary side information no featureis redundant.
At the v-th view, the decoderrequestonly thosefeatures
correspondindo the non-redundankistogrambins of that
view, whoseindicesarefound usingthe bin variancesout-
put by eachGP. At eachiteration, the GPsare evaluated
usingthereconstructethistogramsf previousiterationsas
illustratedin Algorithm 1.

Giventheencodedeatures?V, thedecodereconstructs
histogramshY, v = 1;:::;V, suchthat bins that are non-
redundangrethoserecevedandtheredundanbinsarees-
timatedfrom the GP meanprediction

h(zv;b); b2 Vv
(kv l;b)T(Kv 1:b) 1HV?b; otherwise.

fvie = (13)

whereHV = (hy®;::::hY®)T arethe bin valuesfor view
v andbin bin thetrainingdata,and v arethebin indicesof
thenon-redundanbins of the histogramof view v.
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Figure4. GP varianceis correlatedwith bin redundang The GP
meanpredictionfor the secondview is plottedvs. ground-truth
valuesfor both a redundanandnon-redundanbin. The GP vari-
ancefor eachof the 6 histogrambins, averagedacrossexamples
is alsoshavn; errorbarsindicate 1 std. deviation. Thevariance
of non-redundanbinsis noticeablyhigherthanthat of redundant
bins.

The GP distributedfeatureselectionalgorithmachieves
acompressiomateproportionako thenumberof binindices
requestedor eachview. For view v thecompressiomateof
our algorithmin percentinstransmitteds

r_ 2"
R= —= ;
B B

(14)

whereB is the total numberof histogrambinsandr is the
numberof binsreceved,whichis proportionalto twice the
numberof non-redundanbins as a result of the decoder
request operation. Note, however, that in the caseof
large amountsof redundang thereare few 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,thedecoderequestsher max =2 his-
togrambins associatedvith the highestGP predictionun-
certainty(seeEquationl4). If Ryax is notknown, theen-
coding rate can be automaticallydeterminedby grouping
thehistogrambinsateachview into two groupscorrespond-
ing toregionsof highandlow uncertainty; v isthende ned
usingthe bins associatedvith the high uncertaintygroup.
Both stratgies exploit the propertythat predictionuncer
tainty is correlatedwith bin redundang to requesthe non-
redundanbinsateachview. Many groupingalgorithmsare
applicablefor the latter approachg.g., conventionalclus-
tering. In practice we useasimplestepdetectiortechnique
to form eachgroupby sortingthe bin variancesand nding
themaximumlocal difference.
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Figure 5. Nearest-neighbomstance-leel retrieval for the two-
view syntheticdatasetaverageretrieval accuray is plotted over
varying neighborhoodsizes. For a x ed rate, our algorithm far
outperformsthe independenencodingbaseline(seetext for de-
tails).

5. Experiments

We evaluateour distributedcodingapproactonthetasks
of object recognitionand indexing from multiple views.
Givenh',v = 1;::;V, multi-view recognitionis performed
using a nearest-neighboclassi er over a fused distance
measurecomputedasthe averagedistanceacrossviews

X
Di; (hishj) = % d(hi;hy) (15)

v=1

wherefor at histogramsve de ne d( ) usingtheL ; norm,
andwith pyramid matchsimilarity [4] for multi-resolution
histograms.

We usea majority vote performancemetric for nearest-
neighborrecognition.Underthis metrica queryexampleis
correctlyrecognizedf amajority ( k=2) of its k nearest-
neighborsare of the samecataory or instance. We also
experimentwith anat-least-oneriterionto evaluateperfor
mancein an interactve retrieval setting: with this scheme
anexampleis correctlyretrievedif oneof the rst k exam-
pleshasthe true label. We comparedistributed codingto
independenencodingat eachview with a randomfeature
selectorthat randomlyselectshistogrambins accordingto
a uniform distribution, andreportfeatureselectionperfor
mancein termsof percentbins encodedR (seeEquation
14).

In whatfollows, we rst presentexperimentson a syn-
thetic examplewith our approachandthendiscussour re-
sultson COIL-100.

5.1 Synthetic Example

To demonstrateour distributed feature selection ap-
proachwe considerthe scenaridllustratedin Figure3. An
objectis imagedwith two overlappingviews, andthe his-
togramsof eachview arerepresentedsinga 6 word vocab-
ulary. As shavn by the gure, theimagesareredundantn

INote our distributed codingalgorithmis independenof the choiceof
classi cationmethod.

f
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Figure 6. Nearest-neighbomstance-leel retrieval on the two-
view syntheticdatasetvith partialredundanyg plottedover vary-
ing neighborhoodsizes. Our distributed coding algorithm per
formsfavorably to independenencodingeven whenthe binsare
only partially redundant.
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4 of the 6 words,as?2 of thewords(i.e., diamondandplus)
do not appeaitin the overlappingportion of eachview. Al-
thoughreal-world problemsare muchmore complec than
describedabove, we usethis simple scenarioto give intu-
ition andmotivateour approach.

We rst considerthe casewherethereis no noise be-
tweenthe redundanfeaturesin eachview andthe redun-
dant featuresappearonly in the overlappingregion. We
randomlygeneratedN = 100, 6-D histogramswhereeach
histogramwas generatedy samplingits bins from a uni-
form distribution betweerD and1, andthe histogramsvere
normalizedto sumto one. Eachhistogramwas split into
two views by replicatingthe rst 4 binsin eachview and
randomlysplitting the othertwo bins. The above datawas
usedto form a training set of examples,whereeachpair
of histogramscorrespond$o a single objectinstance. To
form the testset, zero meanGaussiamoisewas addedto
thetraining setwith = 0:01 andthe testsethistograms
weresplit into two views usingthe samesplit ratiosasthe
trainingset.

For distributedcodingwe trainedé GPs,oneperdimen-
sion, usingeachview. Figure4 displaysthe predictedbin
valuevs. groundtruth for 2 of the bins (oneredundantaind
the other non-redundantvaluatedon the secondview of
thetestset. TheGPsareableto learnthedeterministianap-
ping thatrelatesthe redundanbins. For thenon-redundant
bin, thevarianceof the GP's predictionds quitelarge com-
paredto thatof theredundanbin. Also shavn in Figure4,
arethe meanGP variance9lottedfor eachhistogrambin.
The error barsin the plot indicatethe standarddeviation.
The GPvariancels muchlargerfor the non-redundanbins
thanthoseof theredundanbneswhosevariancesaresmall
andcenteredhboutO. Thisis expectedsincenon-redundant
bins arelesscorrelatedandthereforethe GPsarelesscer
tain in their predictionof the valueof thesebins from side
information.

Evaluatingourdistributedcodingalgorithmontheabove
problemgave a bin rateof R = 0:66 in the secondview.
Figure 5 displaysthe result of nearest-neighbainstance-
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Figure 7. Nearest-neighboftop) retrieval and (bottom) recogni-
tion with two-views on COIL-100. Our algorithmperformssignif-
icantly betterover singleview performancaindereachtaskwhile
achieving avery low encodingrate. For theretrieval task,our ap-
proachperformsnearmulti-view performance.The independent
encodingbaselinds alsoshavn, whereindependenfeatureselec-
tion was performedat the samerate asour algorithm. Note that
independenencodingwith two views doesworsethana single
view whenoperatingat suchalow encodingrate.

level retrieval over eachof the 100instancesn thetraining
setfor varying neighborhoodsizes. The averageretrieval
accurag, averagedver 10 independentrials, is shovn for
bothdistributedandindependentodingof thesecondriew,
wherefor independentodingfeatureswvereselectedat the
samerateasdistributedcoding. Distributed codingfar out-
performsindependengncodingn theabove scenario.

We alsoconsideredhecaseof partialredundang, where
theredundanbinsareonly partially correlatecasaresultof
noise.To simulatepartialredundang we addedzeromean
Gaussiamoiseto the split ratios of the rst 4 bins with

= f0;0:01 0:05;0:1g. Figure 6 displaysthe result of
nearest-neighbaecognitionwith distributedandindepen-
dentcodingof thesecondsiew. In the plot, recognitionper
formancads reportedaveragedacrosshedifferent values,
alongwith errorbarsindicatingthe standarddeviation. For
thisexperimentanaveragebinrateof R = 0:78 0:23was
achieved with our distributed featureselectionalgorithm.
Our distributed codingalgorithmcan performfavorably to
independenéncodingevenwhenthebinsareonly partially
redundant.

5.2 COIL-100 Experiments

We evaluatedour distributedfeatureselectionalgorithm
using the COIL-100 multi-view object databasg11] that
consistsof 72 views of 100 objectsviewed from 0 to 360

degreesin 5 degreeincrementsA local featurerepresenta-
tionis computedor eachimageusingl0dimensionaPCA-
SIFT featured6] extractedonaregulargrid usinga4 pixel
spacing.We evaluateour distributed codingalgorithmand
performrecognitiorwith the COIL-100datasetisingmulti-
resolutiorvocalulary-guidechistogram$4] computedvith
LIBPMK [7]. We splitthe COIL-100datasetnto train and
testsetsby takingalternatingviews of eachobject. We then
pairedimages0 degreesapartto form thetwo views of our
problem.

Usingthetrainingimagefeatureswve performhierarchi-
cal k-meansclusteringto computethe vocahulary usedto
form the multi-resolutionpyramid representationUsing 4
levels and a tree branchfactorof 10 gave a 991 word vo-
cahulary atthe nest level of the hierarchy GP distributed
featureselectioris performedverthe nest level of thehis-
togram,suchthattheencodersanddecodeionly communi-
catebinsatthis level. The upperlevelsof thetreearethen
recomputedrom the bottomlevel whenperformingrecog-
nition. To performGP distributedcodingwe useda kernel
de ned usingL?2 distanceoveracoarse,at histogranrep-
resentation.

Figure 7 displaysnearest-neighbaretrieval and recog-
nition accurag using one and two views. A signi cant
performanceéncreasas achiezedby usingthe secondview
whenthereareno bandwidthconstraints Applying GPdis-
tributedfeatureselectionon the above datasetesultedin a
bin rateof R < 0:01in the secondview; thisis a compres-
sionrateof over 100:1. Figure 7 displaysthe performance
of our GP distributed featureselectionalgorithm. By ex-
ploiting featureredundang acrossviews, our algorithmis
ableto performsigni cantly betterthansingleview perfor
mancewhile achieving a very low encodingrate. There-
sult of independenencodingis alsoshavn in the Figure,
whereindependenfeatureselectionwas performedat the
samerateasour algorithm. In contrasto our approachin-
dependengéncodings notableto improve over single-viev
performanceandin fact doesworseat suchlow encoding
rates.

We also testedour approachover different encoding
rateswherethedesiredrateis providedasinputto thealgo-
rithm. Figure8 displaysthe nearest-neighbgserformance
of our approactover differentencodingrates.As expected,
nearest-neighbgrerformancencrease$or largerencoding
rates. Performancesaturatest aboutr = 50 binsandre-
mainsfairly constanfor largerrates.Of coarseforr = B
onewould expectto recoverground-truthperformanceThe
slow corvergencerateof our approacho ground-truthper
formancewith increasingencodingrate suggestghe need
for betterbin selectioncriteria, which we plan to inves-
tigate as part of future work. The independentncoding
baselinds alsoshovn. RecallthatatrateR thebaselineap-
proachtransmitstwice the numberof binsasour approach



COIL1 00 instance ¢ével retrieval

0.2 3
_ —dist. coded
ne:0157 ‘{\_} - - -indep. coded| -
) R
§ 0.11 'I\\\
Z 0.05¢ : ‘I‘u.__
0 ~_ “E- =
10 50 100 200 300 400 500
# of Bins Rguested (Ix?)
COIL1 00 instance ¢ével recognition
0.2
—dist. coded
S 0.150 k- - . - - -indep. coded| 1
I R T
S 0.1f I
© S
o I-.
Z 0.05- Teig
N o e g

0 50 10 200 300 400 500
# of Bins Rguested (x?|)

Figure 8. Nearest-neighboperformancencreasewith encoding
rate.Nearest-neighbgrerformances shavn for thetasksof (top)

retrieval and (bottom) recognition. The accurag differencebe-
tween our approachand ground-truthtwo-view performanceis

shavn averagedover neighborhoodsize; error barsindicate 1

std. deviation. Theindependenencodingbaselings alsoshavn.

asaresultof the requesiperation.Independenencoding
needsto transmitnearlythe entire histogram(j 2j = 400)

beforereachinga recognitionperformancesloseto our ap-
proach. Our approachachieses similar performancewith

onlyj ?j = 10.

6. Conclusionand Futur e Work

In this paperwe presented distributed coding method
for unsupervisedlistributed featureselectionand shaved
its applicationto multi-view objectrecognition. We devel-
opeda new algorithmfor distributedcodingwith Gaussian
Processeand demonstratedts effectivenessor encoding
visual word featurehistogramson both syntheticandreal-
world datasets.For a two-view problemwith COIL-100,
ouralgorithmwasableto achiezeacompressiomateof over
100:1in the secondview, while signi cantly increasingac-
curag over single-viev performance. At the samecod-
ing rate,independenéncodingwasunableto improve over
recognitionwith a single-view. For futurework, we planto
investigatetechniquedor modelingmore complex depen-
denciesas well as one-to-may mappingsbetweenviews
andevaluateour approachunderdifferentbin selectioncri-
teria.
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