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Abstract

Embeddingmagesinto a low dimensionakpacehas
a widerange of applications:visualization,clustering
andpre-processindgor supervisedearning Traditional
dimensiorreductionalgorithmsassumehat the exam-
ples denselypopulatethe manifold. Image databases
tendto breakthis assumptionhavingisolatedislands
of similar imagesinstead. In this work, we proposea
novel appmoad that embedsmagesinto a low dimen-
sional Euclideanspace while preservinglocal image
similaritiesbasedontheir scaleinvariantfeatuetrans-
form (SIFT) vectos. We male no neighborhoodas-
sumptionsgn our embedding Our algorithm can also
embedheimagesin a discretegrid, usefulfor manyvi-
sualizationtasks.We demonstate the algorithmonim-
ageswith knowncategoriesand compae our accuacy
favorably to thoseof competingalgorithms.

1 Intr oduction

In this work, we proposea novel approachto em-
bedimagesinto a Euclideanspaceso that eachimage
lies closeto similar otherimages,while far apartfrom
thosewith large distinctions. It is essentiallya dimen-
sionreductionproblemfor images.Imageembeddings
canhave a wide rangeof applications.With the alun-
danceof digital photography mary householdshave
thousandsof imagesstoredon their home computer
without a suitablemethodfor searchinghem. Graphic
visualizationof theentiredatabaseanbeagreataidin
allowing easyretrieval of photographs.

Generaldimensionreductionhas beenextensvely
studied.Classicaltechniquesuchasprincipal compo-
nentanalysis(PCA) try to nd alinearembeddingor
high dimensionainput. Dueto the nonlinearityof im-
agessuchmethodgyenerallydo notwork very well.

Much of therecentwork onimagedimensiorreduc-
tion focuseson learningan underlyingmanifold, and
embeddingmagesinto the low-dimensionamanifold.
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In [9], theauthorgproposedsomap.lt is capableof dis-
covering the nonlineardegreesof freedomof the data
andcomputeghe globally optimal solution. They also
shaowv thatasymptoticallylsomapis guaranteedo con-
vergeto thetrueunderlyingmanifoldstructure [8] pro-
posedanotherdimensionreductionalgorithm: locally
linear embeddingLLE). By using pairwisedistances,
LLE canembedinputsinto a single global coordinate
spacewithout problematiclocal minimum. The LLE
algorithmis alsocapableof nding theunderlyingman-
ifold structurefor the high dimensionadata. [10] pro-
posesemide niteembeddindSDE).It overcomeser
tain limitations of the previous methods. All of these
algorithmswork on generaldimensionreductiontasks,
andareapplicableto imagedata.

The listed algorithmswork for image embedding
tasks. However, they assumethat the set of images
formsasinglewell-samplednanifold. For mary image
datasets thisis nottrue: thereareislands(for example
differentobjectclassespf imagesgachof which might
be well-describedby a low dimensionakubspacebut
therearenoimageghatdemonstrata “path” from one
islandto thenext. Our methodexplicitly usesSIFT fea-
turesand makes no assumptionaboutthe underlying
geometryof thespacelt merelystateghatimageswith
similar featuresshouldbe neareachother

Additionally, aswe shav in Section2.3, our method
canbe adaptedo non-Euclidearspaces.In particular
we canembedtheimagesinto a grid, suitablefor visu-
alization. [6] alsoproposea visualizationspeci cally
for images. It is basedprimarily on PCA on the raw
pixel valuesandhasa postprocessingtepto attemptto
separat¢heimagedor bettervisualization.By contrast
ourmethochasanon-linearembeddingndcandirectly
avoid overlapwithout the needfor postprocessing.

2 Image Embedding Problem

In [5], we proposedan algorithm that can visu-
alize collaboratve data. Unlike [7], in which they
useTermFrequenyg InverseDocument-requenyg (TF-



IDF) basedscoringalgorithmto retrieve relevant im-

ages.We usea real-valuedBayesiametwork to model
the embeddedositionsof the usersand items, along
with the ratingsthat relating them. We then employ

a Markov chainMonte Carlo (MCMC) algorithmwith

simulatedannealingo nd sampleghat maximizethe
posteriorik elihood. In addition,we proposeto usethe
nonparametristatisticKendall's [3] asa criterionto

evaluatethe embeddingquality. In this work, we adopt
theoverall structureof [5]. We do not have “users”that
have ratedtheimagesbut we employ SIFT featuresn

a similar role (seeSection2). We also simplify their
optimizationmethod.Insteadof trying to maximizethe
posteriordistribution of acomplex graphicalmodel,we
proposeo directly minimize Kendall's . Giventhisas
theendtargetcriterion,we think it morenaturalto opti-

mizeit directly insteadof usingthe posteriodik elihood
of a probabilisticmodelasa proxy.

2.1 ProblemFormulation

Givena setof imagesl, ourtaskis to embedthem
into a D-dimensionakpace.Distancesn this embed-
dedspaceshouldcapturetheimagesimilarity: we want
to put similar imagesnear eachother and dissimilar
onesfarapart.

We rst extractthe SIFT featuredor all theimages
(let S; be the featuresfrom imagel;), andthen clus-
ter all featuredrom all imagestogetherinto m groups,
fK; g. We have foundthatthe endresultsarefairly sta-
ble with respecto the numberof clustersandtheclus-
tering algorithm. We usek-meansto do this cluster
ing. For ary imagel;, we thencountN;; , the number
of featuresin S; that belongto clusterK;. If we di-
vide Nj by the size of S;, we have a distribution of
“membership”to the clusterK; for imagel;. Sowe
canconsider;; = Nj =kS;k asthefractional“vote” of
Ii for K; . So,following [5], we embedboththeimages
(items)and SIFT clusters(users)in the samespaceso
that SIFT clustersare nearimagesthatthey like (have
mary examplesof the feature)and are far away from
thosethatthey do notlike (do not have thefeature).

Considetthe casewherewe alreadyhave a potential
embeddingcontainingimagepointsandclusterpoints.
Let theimageshave pointsfl;g in that spaceandthe
SIFT featureclustershave pointsf K g. For ary par
ticularimagel;, we cancomputeits distanceto all the
clusterpoints,whichwedenoted; = kl; Kjk. From
the SIFT featureclustering,we alsohave the member
shipdistributionr; . Let (a;b) beKendalls between
thesetwo sequences andb. The image embedding
problemcanbeformulatedas nding theargmin over

theembeddedbointsl = fl;gandK = fK;gof

X
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Thatis, we would like the lists of distancesandmem-
bershipdistributionsto have exactly reverseorderings
(imagesarenearSIFT featurethey containandfarfrom

thosethey do not).

2.2 Simulated Annealing

Exactalgorithmsto minimizethefunctionT arenot
possibledue to its combinatorialnature. Instead,we
usesimulatedannealing[4]. We begin with a random
embeddingof | andK . Samplesrom a multi-variate
Gaussiardistributionwork ne in practice.

At eachstep,we randomlychoosea point, eitheran
imageor a cluster to resample. We drawvn the new
potential location from a multi-variate Gaussianpro-
posaldistributioncenteredhttheold point. We calculate

T, thechangen T if the pointweremoved,andac-
ceptthechangewith probabilityminfexp( 1 T);1g.
By recordingthe numberof concordantinddiscordant
pairsfor eachKendall’s , thischangecanbecalculated
quickly without recomputingall of Equationl.

We iterate this resamplingprocedureuntil corver-
gence.Sinceour problemisto nd theargmin of T, as
is standardn simulatedannealingwe set initially to
1, andweletit shrinktowardzero.

2.3 Grid-basedImage Embedding

The nal embeddingof the imageswill inevitably
involve muchoverlapif we plot theimagesn theirem-
beddedspacelf theembeddings simplyfor dimension
reductionasaninitial stepof machinelearning,this is
notaproblem.However, it is a problemif visualization
is thedesiredgoal.

Unlike mary otherdimensionreductionalgorithms,
our frameawork canbe easilyadaptedo a “grid-based”
approach.We do this by settingthe target embedding
spaceto be a grid, i.e. eachimagecanbe only placed
into oneof theembeddingyrid cells. The proposalis-
tribution for changingan image canbe a uniform dis-
tribution over all cells, or, more ef ciently, a uniform
distribution over the neighborsof the images current
cell. If thereis alreadyanothelimagethattakesthepro-
posedgrid position,thenthe proposednoveis to swap
the two images,otherwisethe proposalis to move the
imagepositionto the new cell.

Everythingelsein the above algorithmremainsthe
same.We alsorestrictthe SIFT clusterlocationsto the
grid cells. However, we do not requirethereto be at



Figure 1. One-dimensional embedding for the shoesobject in the ALOI data set.

Figure 2. Sample embedding (left) and grid-based results for a subset of ALOI data set.

mostonepercell. Ratherthe SIFT clustersmaycoexist
onthesamecell aswe will notbedisplayingthem.

3 Experiments and Results

We testedthe embeddingalgorithmson two data
sets. The Amsterdam Library of Object Images
(ALOI) [2] containsmagesof a setof smallobjects.It
hasimagesfor 10000bjects,eachhas72 imagestaken
from differentviewing angles. This datasetis noise-
free andis relatively easyfor unsupervisedmageem-
beddings. Caltech101[1] is anotherwell-known data
setcontaininglOlcategoriesof (morevariable)images.
It is aharderdatasetfor imagedimensionreduction.

It is usuallydif cult to numericallyevaluatethe em-
beddingresults. Fortunatelywe know the ground-truth
catgyory for eachimagein both datasetswe used.We
usek-nearestneighborsaccurag (kNNA) to evaluate
theembedding:

P
12N (1) Category(l;)=Cateyory(lj)
K ;
whereN(l;) is the setof the k nearesineighborsof
imagel; in theembedding.TheaveragekNNA for the
embeddings justkN N A = —kw

We comparedour simuIatedan'nealingembedding
(SAE) algorithmwith Isomap LLE, andSDE.Running
Isomap,LLE, andSDE with raw pixels producedpoor
results.Insteadwe ranthoseembeddinglgorithmsus-
ing the SIFT distributionsasthe images'vectorrepre-
sentation. This alsoremovesary representatiotias.

KNNA(l}) =

In additionto using Euclideandistanceasthe standard
distancemetric, we alsotried pairwise Pearsorcorre-
lations betweenthe SIFT-featurevectorsasa distance
metric.

3.1 SampleSAE Embeddings

Figurel shovs a sampleembeddingf shoeimages
from the ALOI datasetviewed from differentangles
using SAE. We picked 12 evenly spacedmagesin the
derived embeddingrom all of the 72 embeddedhoe
images.It is clearthat SAE preseresthe pairwisesim-
ilarity well in termsof the shoes rotation.

Figure2 shavs asampletwo-dimensionaEuclidean
embeddindgor the ALOI dataset. We randomlychose
asubsebf 6 objects(catagyories),eachwith 36 different
images.A smallnumberf imagedie farawvayfromthe
center so to show clearly, we zoomedin to a smaller
region with much higherimagedensity Note thatwe
alsoshaw in the sameembeddinghe positionsof the
SIFT clustersin circles. The clusterimagesare gener
ateddirectly from the gradientintensitiesspeci ed in
the vector To be speci ¢, the 128-dimensionalector
contains3 gradientvaluesfor 16 sub-windavs of inter-
est. We plottedthesevaluesin correspondingpositions
in asmallimage.

Figure2 shavs theresultof usinga grid-basedem-
beddingon the samedatasets. Thesegrid-basedem-
beddinggrovide auserfriendly imagegrid. Unlikethe
unconstrainedtuclideanembeddingsthereis no over-
lap obscuringsomeof the images. The imagescate-
goriesstill clusterwell into differentareasof thespace.
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Figure 3. kNNA results for the ALOI (left) and Caltech (right) data sets.

3.2 KNNA Results

For more quantitatve results,we ran SAE, Isomap,
LLE and SDE embeddingalgorithmson 10 randomly
chosenobjectsfrom the ALOI dataset, using 30 im-
agesfor eachobject. We setm = 50 clustercenters
for groupingthe SIFT features. We stoppedthe SAE
algorithmwhenthe changen T wasbelov 10 6. The
embeddinglimensionD wassetto 2. We thencalcu-
latedthe KNNA accuray of the derivedembeddindor
eachvalue of the numberof neighborsk. We ran 10
independentxperiments(eachwith randomobjects),
and reportedthe averagekNNA valuesfor all the al-
gorithms. With the samesettings,we ran similar ex-
perimenton the Caltech10Xdatasetwith 10 randomly
chosercategories,eachwith 30images.Theresultsare
shown in Figure3. Resultsof algorithmswith pairwise
correlationas similarities are also shovn in the gure
(with label ).

4 Conclusions

Our algorithmachierzeshigheraccurag resultsthan
ary of the otherthreealgorithms. We believe this is
becauseour algorithm is designedto clusterimages
with similar properties(asopposedo nd parameters
of continuousvariation). Although our methodworks
for continuousparametewariation (seeFigure 1) and
thedimensionalityreductionalgorithmshave somesuc-
cessgn clusteringimageqseeFigure3d), ouralgorithm's
strengthis in embeddingheterogeneousetsof images
in which theremay not be ary continuouspathof im-
agesleadingfrom one memberof the datasetto an-
other For example,thereis no “axis of variation” that
onecanvaryto generatea naturalsmoothsetof images
from a butter y imageto a cellphoneémagein the Cal-
Tech101dataset. Thebutter ies andcellphoneoccupy

disconnectedegionsof the spaceof imagesof interest.
For mary applicationson datasetslik e Caltech101we
think this strengthis particularlyimportant.

Finally, our methodhasthe advantageof beingable
to generatayrid-basecembeddingsFor someapplica-
tions, thisis crucialto the utility of theembedding.
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