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Abstract

We presenta Bayesiarframevork for content-basedn-
ageretrieval which modelghedistribution of color andtex-
ture features within setsof relatedimages. Givena user
speci ed text query (e.g “penguins”) the systemr st ex-
tractsa setof images,froma labelled corpus,correspond-
ing to that query The distribution over featues of these
imagesis usedto computea Bayesiarscor for ead image
in a large unlabelledcorpus. Unlabelledimages are then
rankedusingthis scoe andthetopimagesarereturned.Al-
thoughthe Bayesiarscoee is basedon computingmarginal
likelihoods,which integrate over modelparametes, in the
caseof sparse binary data the scoe reducesto a single
matrix-vectormultiplication and is therefoe extremelyef-
cient to compute We showthat our methodworks sur-
prisingly well despiteits simplicityandthefactthat norel-
evancefeedbak is used. We compae different choicesof
featules,andevaluateour resultsusinghumansubjects.

1. Intr oduction

As thenumberandsizeof imagedatabasegrows, accu-
rateandef cient content-basetiageretrieval (CBIR) sys-
temsbecomeincreasinglyimportantin businessaandin the
everydaylives of peoplearoundthe world. Accordingly,
therehasbeena substantiabmountof CBIR researchand
muchrecentinterestin usingprobabilisticmethodsfor this
purposgseesectiord for afull discussion)Methodswhich
boostretrieval performanceyy incorporatinguserprovided
relevancefeedbackhawe alsobeenof interest.

In this papemwe describeanovel framework for perform-

ing content-basednageretrieval usingBayesiarstatistics.

Even thoughour methodexactly solves a Bayesianinfer-
enceproblem,integrating over model parametersthis re-
ducesto an efcient single matrix-vector multiplication in
the presencef sparsebinary data. Our methodfocuseson
performing category searchthoughit could easily be ex-
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tendedo othertypesof searchesanddoesnotrequirerele-
vancefeedbackin orderto performreasonablylt alsoem-
phasizeghe importanceof utilizing information given by
setsof imagesasopposedo singleimagequeries.

In thefollowing sectionsve describeourBayesiarCBIR
systemin detail. In section2 we discusseachcomponenbf
the systemincluding featureextraction,preprocessg, and
theretrieval algorithm. In section3 we analyzethe experi-
mentalresultsfrom using our systemto perform category
searchedor 50 querieson a Corel image databasewith
nearly 32,000images. We also analyzetexture and color
featuresindividually. Lastly, we discussthe large amount
of relatedandfuturework (sections4 and>5).

2.Image Retrieval System

In our BayesiarCBIR systemimagesarerepresentes
binarizedvectorsof features We usecolor andtexture fea-
turesto representeachimage,asdescribedn section2.1,
andthenbinarizethesefeaturesacrossall imagesin a pre-
processingtagedescribedn section2.2.

Given a query input by the user say “penguins”, our
BayesianCBIR system nds all imagesthat are annotated
“penguins”in a training set. The set of featurevectors
which representheseimagesis then usedin a Bayesian
retrieval algorithm (section2.3) to nd unlabelledimages
which portraypenguins.

2.1.Features

We represenimagesusingtwo typesof texturefeatures,
48 Gabortexture featuresand 27 Tamuratexture features,
and165 color histogram featuresiVe computecoarseness,
contrastand direcionality Tamurafeatures,asin [1], for
eachof 9 (3x3) tiles. We apply 6 scalesensitve and 4
orientationsensitve Gabor lters to eachimagepoint and
computethe meanand standarddeviation of the resulting
distribution of lter responsesSee[2] for moredetailson
computingthesetexture features.For the color featureswe
computean HSV (Hue Saturationvalue) 3D histogram[3]
suchthatthereare8 binsfor hue and eachfor valueand



saturation.Thelowestvaluebin is not partitionedinto hues
sincethey arenot easyfor peopleto distinguish.

2.2.Preprocessing

After the240dimensionafeaturevectoris computedor
eachimage thefeaturevectorsfor all imagesn the dataset
arepreprocessitogether The purposeof this preprocess-
ing stages to binarizethedatain aninformative way. First
the skawnessof eachfeatureis calculatedacrossthe data
set. If a specic featureis positively skewed, the images
for which the value ofthat featureis above the 80th per
centile assignthe value'1l' to that feature,the restassign
thevalue'0'. If the featureis negatively skewed, the im-
agesfor which the value ofthat featureis belov the 20th
percentileassignthevalue'l’, andtherestassignthevalue
'0". This preprocessingurnsthe entireimagedatasetinto
asparsebinarymatrix, which focusesonthefeatureswvhich
mostdistinguisheachimagefrom the restof the dataset.
The one-timecostfor this preprocessings a total of 108.6
seconddor 31,992imageswith the 240featuresdescribed
in the previoussection,on a2GHz Pentiumd4 laptop.

2.3.Algorithm

Using the preprocessedparsebinary data, our system
takes asnputauserspeci edtext queryfor cateyory search
andoutputsimagesranked as mostlikely to belongto the
catgyory correspondingo the query The algorithm our
systemusesto perform this task is an extensionof a re-
cently proposedmethodfor clusteringon-demandcalled
BayesiarSets[4].

First the algorithmlocatesall imagesin the training set
with labelsthat correspondo the queryinput. Then, us-
ing the binary featurevectorswhich representhe images,
the algorithmusesa Bayesiancriterion basedon maginal
likelihoods,to scoreeachunlabelledimageasto how well
thatunlabelledmage ts in with thetrainingimagescorre-
spondingto the query This Bayesiancriterion canbe ex-
presseasfollows:

p(X ;Dq)
p(x )p(Dq)

whereDq = fxy;:::Xn g arethe training imagescorre-
spondingto the query andx is the unlabelledimagethat
we would like to score. We usethe symbolx; to referin-
terchangbly bothto imagei, andto thebinaryfeaturevec-
tor which representsmagei. Eachof the threetermsin
equationl are maginal likelihoodsand can be written as

integralsof thefollowing form:
z

p(x )= p(x j)p()d )

swore(x ) =

@)

Here arethe parameter®f somedistribution which has
beenchoserto modeltheimagefeaturevectors,p( ) is the

prior over theseparametersandp(x j ) is thelikelihood,
the probability of observingk giventhatour modelis pa-
rameterizeddy . Integratingover in equation2 corre-
spondsto computingthe prior probability of observingx
by averagingover all possiblesettingsof the modelparam-
eters.For thequerysetwe hawe:
zZ" #

p(xij ) p( )d (3)

i=1

p(Dgq) =

Hereeveryimagex; in thequerysetis assumedo bedravn
i.i.d. from our modelwith unknawvn, but the sameparame-
ters . Finally, for thenumeratoiof 1 we hawe:
Z "W #

p(xij ) p(x j)p( )d  (4)

i=1

p(x ;Dq) =

Similarly to equation3, equatiord assumesgvery imagein
thequerysetandtheimageto bescoredx , all comei.i.d.
from our modelwith unknowvn, but the sameparameters,.

Giventhesemanginallikelihoodswe cannow intuitively
interpretequationl asthe ratio of the probability that D
andx belongto thesamemodelwith the samethoughun-
known, parameters, andthe probability that D4 and x
belongto modelswith differentparameters,; and ,. The
largerthis score the morelikely it is thattheimagewe are
evaluating x , belongsn thesamecategoryasthequeryset
of imagesDg. Notethatthisis notthe sameascomputing
the point-wise mutual information or testingfor indepen-
dence sincewe are comparingmodelsratherthanlooking
at empiricaldistributions. Moreover, the modelin the nu-
meratorassumeshatthe queryandthe imagewe areeval-
uatingaredependenthroughparametersvhich hawe been
integratedout. After computingthis scorefor every unla-
belledimage thehighestscoringimagesarereturnedo the
user

A generasummaryof our BayesiarCBIR framawvork is
givenin thefollowing psuedocode:

BayesianCBIR System

background: asetof labelledimagesD-,
asetof unlabelledmagesD,,,
aprobabilisticmodelp(xj ) de nedon
binaryfeaturevectorsrepresentingmages,
aprior onthemodelparameterg( )
computetexture andcolor featuredor eachimage
preprocess:Binarizefeaturevectorsacrosimages
input: atext queryq
nd imagescorrespondingo g, Dq = fxijg D-
forallx 2 D, do

compute

p(x ;Dq)
p(x )p(Dq)
endfor

output: sortedlist of top scoringimagesn Dy,

swore(x ) =




We still have not describedthe speci ¢ model, p(xj ),
or addressetheissueof computationakf ciency of com-
puting the integralsin 2, 3,and4. Eachimagex; 2 Dy is

Xj 2 f0;1g. We de ne amodelin which eachelementof
Xi hasanindependenBernoulli distribution:

_ Yo
peij)= @ b (5)

j=1
The conjugate prior [5] for the parameter®f a Bernoulli
distribution is the Betadistribution:

Y Ci*+ i)
= CC )

where and are hyperparametersf the prior, andthe
Gammafunction, ( ) is a generalizatiorof the factorial
function. The hyperparameters and aresetempirically
fromthedata, = m, = (1 m), wherem isthe
meanof x over all images,and is ascalingfactor For a
queryDq = fxq:::Xn g consistingof N vectorsit is easy
to shaw that:

p(i; )= Pta o)t o(e)

N A O N 1))
P(Dqj ;) = D (5 ) )
where~j= j+ iz1 Xj and,-= j+N iz1 Xijj -

The othertwo mauginal likelihoods,p(x ) andp(x ;Dg)

from equationl cananalogousljbe computed By combin-
ing these threemauginal likelihoodsin equationl, we can
computethescore:

p(x ;Dq)
sore(X )= ———
p(x )p(Dq)

i+ j*N) (5xg) (51 %)

Y ( _I'_ ji—N+_‘]_) ] J ] ]

— i (=) (3)
B ) Ci* ) Cg+xg) i+l xj) ®)
] O+ +D) ) i)

We can simplify this expressionby using the fact that

(x)=(x 1) (x 1)forx > 1. Also,foreachj wecan
considerthetwo cases<; = Oandx; = 1 separatelyFor
Xj = 1wehawe acontritution ﬁ% Forxj = 0
we hawe acontritution —* 1 1. Puttingthesetogether
J J
we canseethat:
|
Y R ~ Xij ~ Clox
sore(x )= —4—1__ 1 L
[ T j
9)
Thelog of this scoreis linear in x:
X
logscore(x ) = c+ G X (20)

where
X
c= log( j+ ;) log( j+ j+n)+log7 log |
j
and
G =log~y log j log7 +log | (11)

If we putthe entiredatasetinto onelarge matrix X with J
columns,we cancomputethe vecor s of log scoredor all
imagesusinga singlematrix vectormultiplication

s=c+ Xq (12)

For our sparsebinary imagedata,this linear operationcan
be implementedvery efciently. Eachquery Dq corre-
spondsto computingvectorq and scalarc, which canbe
donevery efciently aswell. The total retrieval time for

31,992imageswith 240 featuresand1.34million nonzero
elementss 0.1to 0.15secondspn a 2GHz Pentium4 lap-
top.

We cananalyzethe vectorq, which is computedusing
the querysetof imagesjo seethatour algorithmimplicitly
performsfeatureselection. We canrewrite equationll as
follows:

g = Iogl + Iog—j
P j jN P
= log l+i7X" log 1+7ix']
j ]
If the datais sparseand ; and ; areproportionalto the
datameannumberof onesandzerosrespectiely, thenthe
rst term dominates,and featurej getsweight approxi-
mately:

(13)

querymean

I 1+ const
9 99 eon datamean)

(14)

whenthatfeatureappearsn the queryset,anda relatively
small negative weight otherwise. A featurewhich is fre-
guentin thequerysetbut infrequentin the overall datawill

hawe high weight. So, a new imagewhich hasa feature
(value 1)which is frequentin the query setwill typically
receve ahigherscore, it having a featurewhich is infre-
guent(or not presenin) the querysetlowersits score.

3. Results

We usedour BayesianCBIR systemto retrieve images
from a Coreldatasetof 31,992images.10,0000f theseim-
ageswereusedwith theirlabelsasatrainingset,D-, while
the restcomprisedthe unlabelledtestset,D,. We tried a
total of 50 differentqueries,correspondindo 50 cateyory
searchesandreturnedthe top 9 imagesretrieved for each
gueryusingbothtextureandcolor featurestexturefeatures
alone,and color featuresalone. We usedthe given labels



for theimagesin orderto selecthequeryset,Dq, outof the
training set. To evaluatethe quality of the labellingin the
trainingdatawe alsoreturnedarandomsampleof 9 training
imagedrom this queryset.In all of our experimentave set
=2

The above procesgesultedin 1800images:50 queries

9 images 4 sets(all features,texture featuresonly,
color featuresonly, and sampldraining images).Two un-
informedhumansubjectswerethenasled to label eachof
these1800imagesasto whether they thoughteachimage
matchedhe given query We choseto computeprecisions
for thetop nineimagedor eachquery basednfactorssuch
aseaseof displayingthe images, reasonableuantitiesfor
humanhandlabelling, and becausevhen peopleperform
catgyory searcheshey generallycaremostaboutthe rst
few resultsthat are returned. We found the evaluationla-
bellings provided by the two humansubjects tabe highly
correlatedhaving correlationcoefcient 0.94.

Wethencomparedur BayesiarCBIR resultson all fea-
tureswith theresultsfrom usingtwo differentnearesheigh-
bor algorithmsto retrieve imagesgiven the sameimage
dataset,querysetsandfeatures.The rst nearesheighbor
algorithm found the nine imageswhich were closest(eu-
clideandistance}o anyindividualmemberf thequeryset.
This algorithmis approximately200timesslower thanour
Bayesianapproach.More analagougo our algorithm,the
secondnearesteighboralgorithm found the nine images
which wereclosestto the meanof the queryset. Lastly we
comparedo the BeholdimageSearchonline[17]. Behold
ImageSearchonlinerunsona moredif cult 1.2million im-
agedatasetWe compareo the Beholdsystembecausét is
acurrentlyavailableonline CBIR systemwhich is fastand
handlesquery words, and also becausés was part of the
inspirationfor our own BayesiarnCBIR system.Theresults
given bythesethreealgorithmsweresimilarly evaluatedoy
humansubjects.

Theresultsfrom theseexperimentsaregivenin table 1.
The rst columngivesthequerybeingsearchedor, thesec-
ondcolumnis the numberof imagesout of the nineimages
returnedby our algorithmwhich were labelledby the hu-
mansubjectsasbeingrelevantto thequery(precison  9).
The third andfourth columnsgive the samekind of score
for our system,but restrictingthe featuresusedto texture
only andcolor only, respectiely. The fth columnshavs
theresultsof the Beholdonline systemwhereN/A entries
correspondo querieswhich werenotin the Beholdvocab-
ulary. Thesixthandseventhcolumnsgive theresultsfor the
nearesheighboralgorithmsusingall memberf thequery
setandthe meanof the querysetrespectiely. The eighth
columngivesthe numberof imagesout of the 9 randomly
displayedrainingimageghatwerelabelledby our subjects
asbeingrelevantto the query This givesan indication of
the quality of the labellingin the Corel data. Thelastcol-

umn shows the numberof trainingimages,n, which com-
prise the query set (i.e. they werelabelled withthe query
word in thelabellingswhich comewith the Coreldata).

Looking atthetablewe cannaoticethatouralgorithmus-
ing all feaures(BIR) performsbetterthaneitherthetexture
features(BIRtex) or color featuresalone (BIRcol); the p-
valuesfor a Binomialtestfor textureor colorfeaturesalone
performingbetterthanall featuresare lessthan0.0001in
both cases. In fact our algorithm cando reasonablywell
evenwhenthereareno correctretrievals usingeithercolor
or texture featuresalone(see,for example,the query“eif-
fel”). Ouralgorithmalsosubstantiallyoutperformsall three
of the comparisonalgorithms(BO, NNmean,NNall). It
tendsto perform betteron exampleswherethereis more
training data, althoughit doesnot always needa large
amountof training datato getgoodretrieval results;in part
this may resultfrom the particularfeatureswe are using.
Also, thereare queries(for example, “desert”) for which
the resultsof our algorithmarejudgedby our two human
subjects tdebetterthanaselectiorof theimagest is train-
ing on. This suggestboththatthe original labelsfor these
imagescould be improved, andthat our algorithmis quite
robustto outliersandpoorimageexamples.Lastly, our al-
gorithm nds atleast1, andgenerallymary more,appro-
priateimages,n the nineretrievedimages,on all of the 50
queries.

The averagenumberof imagesreturned,acrossall 50
gueries,which werelabelledby our subjectsasbelonging
to thatquerycatayory, aregivenin gure 1. Theerrorbars
shaw the standarderror aboutthe mean. Somesampleim-
agesretrieved by our algorithmare shovn in gures 4-7,
wherethe queriesarespeci edin the gure captions.

By looking at theseexampleswe canseewherethe al-
gorithm performswell, andwhatthe algorithmmistalenly
assigndo a particularquerywhenit doesnot do well. For
example,whenlooking for “building” the algorithmocca-
sionally nds alarge \erticaloutdoorstructurewhichis not
a building. This givesus a senseof what featuresthe al-
gorithmis payingattentionto, and how we might be able
to improve performancehroughbetterfeaturesmoretrain-
ing examplesandbetterlabelling of the training data. We
also nd thatimageswhich are prototypical of a particu-
lar querycategory tendto gethigh scoreqfor example,the
query“sign” returnsvery prototypicalsignimages).

We also computeprecision-recallcurves for our algo-
rithm andboth nearesheighbor ariantsthatwe compared
to (gure 2). For the precision-recallcurves we usethe
labellingswhich comewith the Corel data. Both nearest
neighboralgorithmsperform signi cantly worsethan our
method. NNall hasa higher precisionthan our algorithm
at the lowestlevel of recall. This is becausehereis often
at leastoneimagein the Corel testsetwhich is basically
identicalto oneof thetrainingimages(a commoncriticism
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Figure 2. Precision-recallcurves for our method (blue) and
both nearesneighborcomparisormethods averagedover all 50
queriesandusingthe Coreldatalabellings

of this particulardataset). The precisionof NNall imme-
diatelyfalls becausgherearefew identicalimagesfor any
onequery andgeneralizatioris poor. Our algorithmdoes
not preferentiallyreturn theseidentical images(nor does
NNmean),andthey areusuallynot presentn thetop 9 re-
trieved.

Four setsof retrievedimages(all featurestexture only,
color only, andtraining) for all 50 queriescanbe foundin
additional materials®, which we encouragehe readerto
hawe alook through.

4. RelatedWork

Thereis agreatdeal ofliteratureon content-baseiinage
retrieval. An oft cited early systemdewelopedby IBM was
“Query by ImageContent”(QBIC [6]). A thoroughreview

Ihttp://www.gatsby.ucl.ac.uk/"heller/BIRadd.pdf

of the stateof the art until 2000canbefoundin [7].

We limit our discussionof relatedwork to (1) CBIR
methodsthat make use of an explicitly probabilistic or
Bayesiamapproach(2) CBIR methodsthat usesetsof im-
agesin the context of relevancefeedback,and (3) CBIR
methodghatarebasedon queriesconsistingof setsof im-
ages.

Vasconcelosand Lippman hawe a signi cant body of
work dewelopinga probabilisticapproacho content-based
imageretrieval (e.g. [8]). They approactthe problemfrom
the framework of classi cation, and use a probabilistic
modelof the featuresin eachclassto nd the maximuma
posterioriclasslabel. In [9] the featuredistribution in each
classis modelledusinga Gaussiammixture projecteddown
to a low dimensionalspaceto avoid dimensionalityprob-
lems.Themodelparameterare t usingEM for maximum
likelihood estimation. Our approachdiffersin several re-
spectsFirstly, we employ afully Bayesiarapproactwhich
involves treating parametersas unknavn and maginaliz-
ing themout. Secondwe usea simplerbinarizedfeature
modelwherethis integral is analyticandno iterative tting
is required.Moreover, we represeneachimageby asingle
featurevector ratherthana setof queryvectors. Finally,
we solve adifferentproblemin that our systemstartswith
a text query andretrievesimagesfrom an unlabelleddata
set—thefactthatthetrainingimagesaregivenalargenum-
berof non-mutuallyexclusive annotationsuggestshatthe
classi cationparadigmis notappropriatéor our problem.

PicHunter{10] is a BayesiamapproacHor handlingrele-
vancefeedbackin contentbasedmageretrieval. It models
the uncertaintyin the users'goal asa probability distribu-
tion over goalsandusesthis to optimally selectthe next set
of imagedfor presentation.

PicHunterusesa weightedpairwisedistancemeasureo
modelthe similarity betweenmageswith weightschosen
by maximumlikelihood. Thisis quitedifferentfrom ourap-
proachwhich modelsthejoint distribution of setsof images
averagingover modelparameters.

Rui et al [11] explore using the tf-idf? representation
from documentinformationretrieval in the context of im-
ageretrieval. They combinethis representatiowith arele-
vancefeedbackmethodwhich reweightsthetermsbasecdbn
the feedbackandreportresultson a datasebf textures. It
is possibleto relatetf-idf to thefeatureweightingsobtained
from probablisticmodelsbut this relationis not strong.

Yavlinsky et al[12] describea systemfor both retrieval
andannotatiorof images.Thissystems basednmodeling
p(xjw) wherex areimage featuresandw is someword
from the annotationvocalulary. This densityis modeled
usinganon-parameterikerneldensityestimatorwherethe
kernelusesthe EarthMover's Distance(EMD). Bayesrule
is usedto getp(wjx) for annotation.

2term-frequeng inverse-document-frequenc



Figure3. Query:desert

Figure4. Query:building

Figure5. Query:sign

Gosselinand Cord [13] investicate active learning ap-
proachedo ef cient relevancefeedbackusingbinary clas-
si ers to distinguishrelevantandirrelevantclassesAmong

Figure6. Query: pet

Figure7. Query: penguins

other methods,they comparea “Bayes classi er” which
usesParzendensity estimatorswith a x ed-width Gaus-
sian kernelto model P (xjrelevant) and P (xjirrelevant)
wherex areimagefeatures. Our approachdiffersin sev-
eralrespectsFirst, we modelthe probablityof thetargetx
belongingto a clusterwhile integrating out all parameters
of the cluster and comparethis to the prior p(x). Strictly
speakingParzendensityestimatorsarenot Bayesiarin that
they do not de ne a prior modelof the data,but rathercan
bethoughtof asfrequentissmoother$or theempiricaldis-
tribution of the data. They therebylose importantproper
ties of Bayesianmethods—namelyhe ability to compute
mauginal likelihoods which arekey to our method.

The combinationof labeledand unlabeleddataandthe
sequentialnatureof relevancefeedback,meanthat active
learning approachesre very natural for CBIR systems.
Hoi and Lyu [14] adaptthe semi-supervisedctive learn-
ing framework of Zhu et al[15] asa way of incorporating



relevancefeedbackn imageretrieval.

In [16], theuser manuallygpeci esa queryconsistingof
a setof positive andnegative exampleimages.The system
then nds imageswhich minimizethedistancen color his-
togramspaceto the positve examples,while maximizing
distanceto the negative examples.While our methodis not
directly basedon querying byexamples,sinceit usestext
inputto extractimagesrom alabelledset,it implicitly also
usesa setof imagesasthe query However, in our system
the setonly containspositve examples,the useronly has
to type in sometext to index this set, and the subsequent
retrieval is basedn differentprinciples.

5. Conclusionsand Futur e Work

We hawe describeda new Bayesianframavork for
content-based@mageretrieval. We shov the advantagef
usinga set of imagesto performretrieval insteadof a sin-
gleimageor plain text. We obtaingoodresultsfrom using
a Bayesiarcriterion,basedon mamginal likelihoods,to nd
imagesmostlikely to belongto a querycategory. We also
shaw that this criterion canbe easily and ef ciently com-
putedasa matrix-vectormultiplicationwhenimagefeature
vectorsaresparseandbinary.

In all of our experiments the two free parametersthe
preprocessingercentilethresholdor binarizingthefeature
vectorsand , thescalingfactorfor settingthehyperparam
etersaresetto 20and2 respectiely. In ourexperiencethis
initial choiceof valuesseemedo work well, but it would be
interestingto seehow performancevariesaswe adjustthe
valuesof thesetwo parameters.

In the futuretherearemary extensionswvhich we would
like to explore. We planto extendthe systento incorporate
multiple word querieswherethe querysetsfrom all words
in the queryarecombinedby eithertakingthe unionor the
intersection.We would alsolik e to look into incorporating
relevancefeedback,deweloping revised query sets,in our
BayesianCBIR system By combiningwith relevancefeed-
back,the principlesusedherecanalsobe appliedto other
typesof seachessuchassearchingor a speci c targetim-
age. Lastly, we would like to explore usingour Bayesian
CBIR framework to performautomatidmageannotatioras
well asretrieval.
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| Query [BIR | BIRtex BIRcol | BO NNmean NNall | Train | #Train |

abstract 8 4 8 55 2 1 5 391
aerial 4 0.5 2 0 2 3 8 201
animal 8 5 6 1 3 9 9 1097

ape 4 1 0 0 2 7 8.5 27
boat 1 0 1 0.5 1 1 7 61

building 7.5 9 25 4 6 55 8 1207

butter y 5 4 1 1 2 0 9 112
castle 3.5 2 2 1 0 3 8 229
cavern 55 1 2.5 0.5 2 1 9 34

cell 6 0 5 9 5 4 8 29

church 3.5 1 2 0 5 0 6 173
clouds 5 55 1.5 0 3 5 55 604
coast 7 3 2 1 2 2 9 299
desert 45 0 1 1 0 1.5 2 168

door 8.5 8 1 0 2 0 55 92

drawing 4 0 0 2 7 3 9 69
eiffel 6 0 0 N/A 0 0 8.5 15

re works 9 9 3 0 1 3 9 76
o wer 9 1 7.5 2 3 1 9 331
fractal 3 0 55 0.5 0 2 8.5 43

fruit 55 0.5 6.5 0 0 1 8 199
house 6 8 0 1.5 1 2 8 184

kitchen 6 1 2 N/A 5 3 9 32
lights 6.5 3 1.5 N/A 1 0 7 203
model 5 4 0 N/A 3 4 9 102

mountain 6 1 25 1 2 3 8 280

mountains| 7 2 8 N/A 1 3 8.5 368

penguins | 6 1 5 N/A 0 0 8.5 34
people 6 2 0 15 4 5 8.5 239
person 4 0.5 15 1.5 4 5 7.5 114

pet 3 2 2 0.5 0 45 8.5 138
reptile 3 1 1 1 0 1 9 99
river 45 1.5 45 1.5 2 4 7 211
sea 7.5 6 3 0.5 2 3 6 90
sign 9 9 1 8 1 0 9 53
snow 6 0 4 1 2 3 9 259
stairs 3 3.5 2 0 1 2 8 53
sunset 9 7.5 4 2.5 3 2.5 8.5 187
textures 7 8 1 N/A 0 8 3 615
tool 4 1 4 1 1 5 9 28
tower 7.5 3.5 0.5 25 3 25 6 138
trees 9 1 8 N/A 6 8 8.5 1225
turtle 2 0 1 N/A 0 0 9 13
urban 7.5 45 2 N/A 3 3 9 133

volcano 2 0 3 0 0 0 3 54
water 9 3 55 0 5 9 55 1863

waterfll 2 0 2 1 0 3 9 103
white 9 3 9 4.5 1 6.5 7.5 240
woman 4 2 0 3 2 3 8.5 181
zebra 2 0 0 N/A 0 2 8 21

Tablel. Resultstableover 50 queries



