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Abstract

Embeddingimagesinto a low dimensionalspacehas
a widerange of applications:visualization,clustering,
andpre-processingfor supervisedlearning. Traditional
dimensionreductionalgorithmsassumethat theexam-
ples denselypopulatethe manifold. Image databases
tendto break this assumption,having isolatedislands
of similar imagesinstead. In this work, we proposea
novel approach that embedsimagesinto a low dimen-
sional Euclideanspace, while preservinglocal image
similaritiesbasedontheir scaleinvariant featuretrans-
form (SIFT) vectors. We make no neighborhoodas-
sumptionsin our embedding. Our algorithm can also
embedtheimagesin a discretegrid, usefulfor manyvi-
sualizationtasks.We demonstratethealgorithmon im-
ageswith knowncategoriesandcompareour accuracy
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 largedistinctions. It is essentiallya dimen-
sionreductionproblemfor images.Imageembeddings
canhave a wide rangeof applications.With theabun-
danceof digital photography, many householdshave
thousandsof imagesstoredon their home computer
without a suitablemethodfor searchingthem.Graphic
visualizationof theentiredatabasecanbeagreataid in
allowing easyretrieval of photographs.

Generaldimensionreductionhasbeenextensively
studied.Classicaltechniquessuchasprincipalcompo-
nentanalysis(PCA) try to �nd a linear embeddingfor
high dimensionalinput. Dueto thenonlinearityof im-
ages,suchmethodsgenerallydonotwork verywell.

Muchof therecentwork on imagedimensionreduc-
tion focuseson learningan underlyingmanifold, and
embeddingimagesinto the low-dimensionalmanifold.

In [9], theauthorsproposedIsomap.It is capableof dis-
covering the nonlineardegreesof freedomof the data
andcomputestheglobally optimalsolution. They also
show thatasymptoticallyIsomapis guaranteedto con-
vergeto thetrueunderlyingmanifoldstructure.[8] pro-
posedanotherdimensionreductionalgorithm: locally
linear embedding(LLE). By usingpairwisedistances,
LLE canembedinputs into a singleglobal coordinate
spacewithout problematiclocal minimum. The LLE
algorithmis alsocapableof �nding theunderlyingman-
ifold structurefor thehigh dimensionaldata. [10] pro-
posessemide�niteembedding(SDE).It overcomescer-
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-sampledmanifold.For many image
datasets,this is not true: thereareislands(for example
differentobjectclasses)of images,eachof whichmight
be well-describedby a low dimensionalsubspace,but
thereareno imagesthatdemonstratea “path” from one
islandto thenext. Ourmethodexplicitly usesSIFTfea-
turesandmakesno assumptionsaboutthe underlying
geometryof thespace.It merelystatesthatimageswith
similar featuresshouldbeneareachother.

Additionally, asweshow in Section2.3,ourmethod
canbe adaptedto non-Euclideanspaces.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 postprocessingstepto attemptto
separatetheimagesfor bettervisualization.By contrast
ourmethodhasanon-linearembeddingandcandirectly
avoid overlapwithout theneedfor postprocessing.

2 ImageEmbeddingProblem

In [5], we proposedan algorithm that can visu-
alize collaborative data. Unlike [7], in which they
useTermFrequency InverseDocumentFrequency (TF-



IDF) basedscoringalgorithm to retrieve relevant im-
ages.We usea real-valuedBayesiannetwork to model
the embeddedpositionsof the usersand items, along
with the ratingsthat relating them. We then employ
a Markov chainMonteCarlo (MCMC) algorithmwith
simulatedannealingto �nd samplesthatmaximizethe
posteriorlikelihood. In addition,we proposeto usethe
nonparametricstatisticKendall's � [3] asa criterion to
evaluatetheembeddingquality. In this work, we adopt
theoverall structureof [5]. We donothave“users”that
have ratedthe images,but we employ SIFT featuresin
a similar role (seeSection2). We also simplify their
optimizationmethod.Insteadof trying to maximizethe
posteriordistributionof acomplex graphicalmodel,we
proposeto directlyminimizeKendall's � . Giventhisas
theendtargetcriterion,wethink it morenaturalto opti-
mizeit directly insteadof usingtheposteriorlikelihood
of a probabilisticmodelasaproxy.

2.1 ProblemFormulation

Given a setof imagesI , our taskis to embedthem
into a D-dimensionalspace.Distancesin this embed-
dedspaceshouldcapturetheimagesimilarity: wewant
to put similar imagesneareachother, and dissimilar
onesfarapart.

We �rst extract theSIFT featuresfor all the images
(let Si be the featuresfrom imageI i ), and thenclus-
ter all featuresfrom all imagestogetherinto m groups,
f K j g. We havefoundthattheendresultsarefairly sta-
ble with respectto thenumberof clustersandtheclus-
tering algorithm. We usek-meansto do this cluster-
ing. For any imageI i , we thencountN ij , thenumber
of featuresin Si that belongto clusterK j . If we di-
vide N ij by the size of Si , we have a distribution of
“membership”to the clusterK j for imageI i . So we
canconsiderr ij = N ij =kSi k asthefractional“vote” of
I i for K j . So,following [5], weembedboththeimages
(items)andSIFT clusters(users)in the samespaceso
that SIFT clustersarenearimagesthat they like (have
many examplesof the feature)andare far away from
thosethatthey donot like (donothave thefeature).

Considerthecasewherewe alreadyhavea potential
embedding,containingimagepointsandclusterpoints.
Let the imageshave pointsf I i g in that space,andthe
SIFT featureclustershave points f K j g. For any par-
ticular imageI i , we cancomputeits distanceto all the
clusterpoints,whichwedenotedij = kI i � K j k. From
theSIFT featureclustering,we alsohave themember-
shipdistributionr ij . Let � (a; b) beKendall's� between
thesetwo sequencesa and b. The imageembedding
problemcanbeformulatedas�nding theargmin over

theembeddedpointsI = f I i g andK = f K j g of

T(I ; K ) =
1
n

X n

i =1
� (f r ij gm

j =1 ; f dij gm
j =1 ) : (1)

That is, we would like the lists of distancesandmem-
bershipdistributionsto have exactly reverseorderings
(imagesarenearSIFTfeaturethey containandfar from
thosethey donot).

2.2 SimulatedAnnealing

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

At eachstep,we randomlychoosea point, eitheran
image or a cluster, to resample. We drawn the new
potential location from a multi-variateGaussianpro-
posaldistributioncenteredattheold point. Wecalculate
� T , thechangein T if thepoint weremoved,andac-
ceptthechangewith probabilityminf exp(� 1

� � T ); 1g.
By recordingthenumberof concordantanddiscordant
pairsfor eachKendall's� , thischangecanbecalculated
quickly without recomputingall of Equation1.

We iterate this resamplingprocedureuntil conver-
gence.Sinceourproblemis to �nd theargmin of T , as
is standardin simulatedannealing,we set� initially to
1, andwe let it shrinktowardzero.

2.3 Grid-based Image Embedding

The �nal embeddingof the imageswill inevitably
involvemuchoverlapif weplot theimagesin their em-
beddedspace.If theembeddingis simplyfor dimension
reductionasan initial stepof machinelearning,this is
nota problem.However, it is aproblemif visualization
is thedesiredgoal.

Unlike many otherdimensionreductionalgorithms,
our framework canbeeasilyadaptedto a “grid-based”
approach.We do this by settingthe target embedding
spaceto be a grid, i.e. eachimagecanbe only placed
into oneof theembeddinggrid cells. Theproposaldis-
tribution for changingan imagecanbe a uniform dis-
tribution over all cells, or, moreef�ciently , a uniform
distribution over the neighborsof the image's current
cell. If thereis alreadyanotherimagethattakesthepro-
posedgrid position,thentheproposedmove is to swap
the two images,otherwisethe proposalis to move the
imagepositionto thenew cell.

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



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

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

mostonepercell. Rather, theSIFTclustersmaycoexist
on thesamecell aswewill notbedisplayingthem.

3 Experiments and Results

We testedthe embeddingalgorithmson two data
sets. The Amsterdam Library of Object Images
(ALOI) [2] containsimagesof a setof smallobjects.It
hasimagesfor 1000objects,eachhas72 imagestaken
from differentviewing angles. This dataset is noise-
free andis relatively easyfor unsupervisedimageem-
beddings. Caltech101[1] is anotherwell-known data
setcontaining101categoriesof (morevariable)images.
It is aharderdatasetfor imagedimensionreduction.

It is usuallydif�cult to numericallyevaluatetheem-
beddingresults.Fortunatelywe know theground-truth
category for eachimagein bothdatasetswe used.We
usek-nearestneighborsaccuracy (kNNA) to evaluate
theembedding:

kN N A(I i ) =

P
I j 2N k ( I i ) Category(I i )=Category(I j )

k
;

whereNk (I i ) is the setof the k nearestneighborsof
imageI i in theembedding.TheaveragekNNA for the
embeddingis just kN N A =

P
i kN N A (I i )P

i 1 .
We comparedour simulatedannealingembedding

(SAE)algorithmwith Isomap,LLE, andSDE.Running
Isomap,LLE, andSDEwith raw pixelsproducedpoor
results.Instead,weranthoseembeddingalgorithmsus-
ing the SIFT distributionsasthe images'vectorrepre-
sentation. This also removesany representationbias.

In additionto usingEuclideandistanceasthestandard
distancemetric, we also tried pairwisePearsoncorre-
lationsbetweenthe SIFT-featurevectorsasa distance
metric.

3.1 SampleSAE Embeddings

Figure1 showsa sampleembeddingof shoeimages
from the ALOI dataset viewed from differentangles
usingSAE. We picked12 evenly spacedimagesin the
derived embeddingfrom all of the 72 embeddedshoe
images.It is clearthatSAE preservesthepairwisesim-
ilarity well in termsof theshoe's rotation.

Figure2 showsasampletwo-dimensionalEuclidean
embeddingfor theALOI dataset. We randomlychose
asubsetof 6 objects(categories),eachwith 36different
images.A smallnumberof imageslie farawayfrom the
center, so to show clearly, we zoomedin to a smaller
region with muchhigher imagedensity. Note that we
alsoshow in the sameembeddingthe positionsof the
SIFT clustersin circles. Theclusterimagesaregener-
ateddirectly from the gradientintensitiesspeci�ed in
the vector. To be speci�c, the 128-dimensionalvector
contains8 gradientvaluesfor 16 sub-windowsof inter-
est.We plottedthesevaluesin correspondingpositions
in asmall image.

Figure2 shows theresultof usinga grid-basedem-
beddingon the samedatasets. Thesegrid-basedem-
beddingsprovideauser-friendly imagegrid. Unlikethe
unconstrainedEuclideanembeddings,thereis 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 Caltec h (right) data sets.

3.2 kNNA Results

For morequantitative results,we ran SAE, Isomap,
LLE andSDE embeddingalgorithmson 10 randomly
chosenobjectsfrom the ALOI dataset, using 30 im-
agesfor eachobject. We setm = 50 clustercenters
for groupingthe SIFT features. We stoppedthe SAE
algorithmwhenthechangein T wasbelow 10� 6. The
embeddingdimensionD wassetto 2. We thencalcu-
latedthekNNA accuracy of thederivedembeddingfor
eachvalueof the numberof neighborsk. We ran 10
independentexperiments(eachwith randomobjects),
and reportedthe averagekNNA valuesfor all the al-
gorithms. With the samesettings,we ran similar ex-
perimentson theCaltech101datasetwith 10 randomly
chosencategories,eachwith 30 images.Theresultsare
shown in Figure3. Resultsof algorithmswith pairwise
correlationassimilaritiesarealsoshown in the �gure
(with label� ).

4 Conclusions

Our algorithmachieveshigheraccuracy resultsthan
any of the other threealgorithms. We believe this is
becauseour algorithm is designedto cluster images
with similar properties(asopposedto �nd parameters
of continuousvariation). Although our methodworks
for continuousparametervariation (seeFigure1) and
thedimensionalityreductionalgorithmshavesomesuc-
cessin clusteringimages(seeFigure3),ouralgorithm's
strengthis in embeddingheterogeneoussetsof images
in which theremay not be any continuouspathof im-
agesleadingfrom one memberof the dataset to an-
other. For example,thereis no “axis of variation” that
onecanvary to generateanaturalsmoothsetof images
from a butter�y imageto a cellphoneimagein theCal-
Tech101dataset.Thebutter�ies andcellphonesoccupy

disconnectedregionsof thespaceof imagesof interest.
For many applicationson datasetslike Caltech101,we
think this strengthis particularlyimportant.

Finally, our methodhastheadvantageof beingable
to generategrid-basedembeddings.For someapplica-
tions,this is crucialto theutility of theembedding.
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