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Abstract

Wepresentanimageindexing methodbasedonahierarchi-
cal descriptionof the densityof eachof the imageclasses
in a givendatabase.The methodis similar in spirit to tra-
ditionalagglomerativeclusteringproceduresbut producesa
completemixturedensity, insteadof a representativepoint,
at eachnodeof the indexing tree. Estimationof the den-
sity at a given nodeonly requiresknowledgeof the mix-
tureparametersof thechildrennodes,not theoriginal data.
Theprocessis very�e xible andef�cient, thereforesuitedto
problemsinvolving large databaseswhereexisting group-
ings may have to be combined,or new groupingscreated,
frequently. Experimentalresultsshow that the new index-
ing structureconsistentlyoutperformsa linearsearchwhen
both ef�ciency and retrieval accuracy are taken into ac-
count.

1 Intr oduction

A signi�cant amountof work hasbeenrecentlydevotedto
thetopicof imageretrieval in thevisionandimageprocess-
ing literatures.While substantialattentionhasbeendevoted
to aspectssuchas�nding suitablefeatures[9], robustrepre-
sentationsfor visualappearance[13, 5], appropriatemetrics
of similarity [11], andrelevancefeedbackmechanisms[6],
muchsmallerprogresshasbeenachieved on the indexing
problem,i.e. thedevelopmentof mechanismsthatguaran-
teesub-linearcomplexity in the databasesize. In fact, the
assumptionthata linearsearchthroughtheentiredatabase
is acceptableis still commonlyadopted. When indexing
mechanismsareemployed, they tend to be standardsolu-
tions from the databaseand text retrieval literatures,e.g.
�ltering [4], combinationof scalarindexesvia join opera-
tions[12], or traditionalclusteringtechniques[9, 17]. When
appliedto imagedatathesetechniquespresentvariouslim-
itations, such as not scaling well with the dimensionof
the featurespace,not providing sub-lineargrowth on the
databasesize,ornotbeingableto accommodatefeaturerep-
resentationsotherthanpointsona metricspace.

Even moreproblematicis the assumptionthat indexing

must always be driven by visual similarity. We contend
that this is not really the case,sinceindexescan also be
derived from imagegroupingsdeterminedby other infor-
mationsources.Someexamplesare:

� text: probablythe mostcommon. Imagescanbe la-
beledeither manuallyor automaticallyby analyzing
associateddocuments,e.g.webpages.

� imageacquisition:mostdigital imagingdevicespos-
sesssomesenseof context, e.g. dateor GPSinforma-
tion, which is storedin imageheaders.

� automatic grouping: can be generatedin multiple
ways. For example,it is relatively easyto segmenta
videostreaminto its componentshots.

Particularlyinterestingarethosescenarioswheregroup-
ings arenot obtainedby visual similarity but re�ect some
sort of semanticimage categorization. Using semantic
groupingsto constrainthevisualsimilarity searchhasvar-
iousbene�ts. First, retrieval accuracy is likely to increase,
sincesemanticsimilarity is usuallywhatusersarelooking
for. Second,even whenthereareerrors,if the imagesare
returnedaccordingto thegroupingstructure,theresultsap-
pearcoherent.E.g. if in responseto a queryfor birds the
systemreturnsall imagesor airplanesfollowed by all im-
agesof birds, the resultsareeasierto interpret(“it thinks
thatairplanesarebirds”) thanif imagesof birds,airplanes,
helicopters,anda few otherclassesall appearinterspersed.
Thiscoherenceleadsto lessconfusinginteractionfor naive
users.Third, thereis more�e xibility for interfacedesign.
For example,a modewhereonly a representative picture
from eachclassis returned,allowing the user to quickly
zoomin on the classesof interestandlimiting subsequent
searchesto those.

Whensuchclassgroupingsexist (or evenif they arede-
rivedfrom imagesimilarity) it makessenseto rely on hier-
archicalindexing mechanisms.The basicideais to group
imagesinto classesand then perform queriesat the class
level insteadof the imagelevel. Oncethe classthat best
explains the query is identi�ed, the imagesbelongingto
thatclasscanbe searchedfor thebestmatch. The process
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can,of course,be iteratedby groupingclassesinto meta-
classesandso on. In the extreme,a completetreecanbe
built. If thereare

�

imagesand,on average,� imagesare
groupedinto eachclassa treesearchwill have complexity

���

�����
	

���

insteadof
���

�
�

.

The main limitation of traditionalhierarchicalindexing
mechanisms,e.g. hierarchicalclustering,is their inability
to dealwith representationsother thanpoints. For image
databasesthis implies oneof two approaches:segmenting
eachimageinto smallerregionsthat canberepresentedas
vectorsand indexed individually [9], or compressingthat
image into a global descriptionthat can be stored as a
vector, e.g. a color histogram[17, 7]. Both approaches
havesigni�cant problems:indexing of individualsegments
makes the problem yet more complicated(becausethere
aremany moreof them)andcreatesseriousdif�culties for
queriesinvolving more thanonesegment;global descrip-
tionsby a singlevectortendto discardtoo muchinforma-
tion andcanhurt retrieval performance.

Thispaperextendshierarchicalindexing techniques,e.g.
agglomerative clustering,to functional imagedescriptors,
namelythecompleteprobabilitydensityfunctionof thefea-
tures extractedfrom eachimage class. This description
combinesthe advantagesof the two previous approaches:
ononehanda detailedcharacterizationof local appearance
is still available(throughthe featurevalues),on the other
that characterizationis summarizedinto a compactrepre-
sentation(via a probability density). When comparedto
colorhistograms,thefeaturedensitiesnow consideredhave
the additionaladvantageof capturingpropertieslike tex-
ture or local surfacecurvature,thereforeproviding a sig-
ni�cantly moreaccurateimagerepresentation[14].

We adopt the Gaussianmixture as the densitymodel,
and presentan algorithm for propagatingmixture param-
etersthroughanindexing tree.Thealgorithmis akin to tra-
ditional agglomerative clusteringprocedures,but proceeds
by clusteringGaussians,insteadof points. This leadsto
a very ef�cient procedurefor building indexing structures,
sincethe estimationof the parametersof eachnodeonly
requiresthe manipulationof the parametersof the nodes
immediatelybelow, not the original data. Hence,the pro-
cedureis speciallysuitedfor applicationswherelarge in-
dexing structuresmustbeupdatedfrequently, asis thecase
of imagedatabases.The resultinghierarchicaldensityes-
timatesareshown to have interestingproperties,the most
salientof which is an intrinsic regularizationmechanism
whichguaranteesthatgeneralizationpowerincreasesasone
movesup in the hierarchy. In result,hierarchicalsearches
exhibit consistentlybetterperformancethanlinearsearches:
for sparselypopulateddatabasesthey aresigni�cantly more
accurate,for denselypopulateddatabasesthey aresigni�-
cantlymoreef�cient.
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Figure1: a)Two-level classi�cationproblem,with four images(A to D)
from two classes.b) Thecorrespondinghierarchicaldecisionstructure.

2 Hierar chical indexing

Given a databasewith many imageclasses(oneclassper
imagein the extremecase)anda queryimage,the role of
theretrieval systemis to identify thedatabaseclassthatbest
explainsthe query. Decisiontheoryprovidesa soundfor-
mulationof the problem,making it possibleto derive op-
timal decisionfunctions. In particular, whenthegoal is to
minimizetheprobabilityof retrieval error, theproblembe-
comesoneof classi�cation,for whichvarioussolutionsare
available.In thiscontext, hierarchicalindexing is aproblem
of hierarchicalclassi�cationwhereclassesin thehigherlev-
els of thehierarchycontainmoreimagesthanthosein the
levels below. Oncea particularclassi�cation architecture
is selected,theclassi�cationprocessis straightforward: the
decisionrule is �rst appliedat the top level, the bestclass
selected,the decisionrule is re-appliedto its childrenand
soon. This is illustratedby Figure1 a) wherewe depictan
hypotheticaltwo-level hierarchicalclassi�cationproblem.

In the �gure, the densitiesof four images(A to D) are
representedby circlesandellipses.Theimagesaregrouped
into two classes,depictedas“shaded”vs “non-shaded”.As
shown in Figure 1 b), the problemcan be capturedby a
two-level hierarchicaldecisionstructure.Noticethatwhile
eachcircle is linearly separablefrom the remainingimage
classeswhenviewedin isolation,this propertyis lost when
oneconsidersthewholeshadedclass.This illustrateshow
thetop-level classi�cationproblemcanbearbitrarily more
complex thanthe low-level ones.Themaingoalof hierar-
chical indexing is to devisea hierarchicalclassi�cationar-
chitecturewith 1) performanceequivalentto, or betterthan,
thatof a�at classi�erwhile 2) achieving signi�cant compu-
tationalsavings.

3. Hierar chical classi�ers

Existing hierarchical classi�cation architecturescan be
groupedinto two major categories: top-down vs. bottom-
up. Top-down architecturesstartby designingtheclassi�er
at thetop level, usingall theavailabledata,andthenrecur-
sively subdivide eachof thetop classesto createthe lower

2



levels. They includepopulartechniquessuchasdecision-
trees[1], treestructuredquantizers[3], andmixturesof ex-
perts[8], amongothers.Bottom-upproceduresstartfrom a
classi�er at thebottomlevel andrecursively re-arrangethe
decisionboundariesto obtain the classi�ers at the higher
levels. The mostcommonexampleof suchtechniquesis
thecombinationof agglomerativeclusteringwith a nearest
neighborclassi�er [2]. Here,eachimageis representedas
apoint in somehigh-dimensionalspaceanda setof similar
pointsarecombinedto form a class.A representativepoint
is thenselectedfor the class,e.g. the centroidof its con-
stituents,andtheprocessiterated.For retrieval, thequeryis
comparedto therepresentativeof eachclassandtheclosest
oneis selected.

Both top-down and bottom-up architecturespresent
problemsfor hierarchicalindexing. The main limitation
of top-down proceduresis that, in the retrieval context,
classesare rarely de�ned at the outset. In fact, both
the databaseand the classesthemselves are continuously
changing,throughtheadditionof eithernew imagesor new
groupinginformation(e.g. keywords). It is thereforecru-
cial to rely on architecturesthat canbe regularly updated
without an overwhelmingamountof computation. Since,
for top-down architectures,thedesignof theclassi�ersthat
composeeachlevelof thetreerequiresprocessingatraining
setcontainingall theimagesin thedatabase,theoverallcost
is proportionalto theproductof thetotal numberof feature
vectorsin the databaseandthe treedepth. This is usually
toohigh to allow frequentupdates.

On the other hand,existing bottom-upproceduresare
seldomapplicablewhen1) imagesare not representedas
pointsonavectorspaceor 2) classgroupingsarenotdriven
by visual similarity. The latter problemis illustratedby
Figure1, wherethe“shaded”and“non-shaded”classesare
contraryto theideaof combininganimagewith its nearest
neighbors. Sinceeachshadedcircle is closerto the non-
shadedellipsesthan to the other circle, groupingthe two
circlesimplies that the correspondingimagesaregrouped
with their “most distant neighbors”. While, given these
groupings,onecould still usestandardagglomerative pro-
ceduresto �nd classrepresentatives,sucha strategy would
beunlikely to work well. In theexample,this would imply
representingbothellipsesandcirclesby their centroidsand
using the meanof thesecentroidsas the classrepresenta-
tive. In result, the two classrepresentativeswould endup
in theexactsamespot,theleastdesirablesituationfrom the
classi�cationpointof view.

Given the limitations of both top-down and standard
bottom-upsolutions,thereis a clearneedfor alternativear-
chitectures. We next consideran extensionof bottom-up
strategiesto probabilitydensities.

Image 3Image 1 Image 2
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Figure2: A two-level mixturehierarchy:onemixtureof four Gaussians
at theclasslevel, threemixturesof threeGaussiansat thebottom.

4. Gaussianmixtur ehierarchies

Solvingtheproblemof Figure1 with Gaussianmixturesis
trivial. Consider, for example, the shadedclass. Simply
addingup the Gaussiandensitiesthat characterizeeachof
theimages(andscalingby 1/2) is enoughto obtainthemix-
turedensityfor theentireclass.Thesimplicity of thissolu-
tion is, however, anartifactof the lack of overlapbetween
theindividualdensitiesin thisexample.A morerealisticsit-
uationis depictedin Figure2, wherewe have a mixtureof
four Gaussiansastheclassdensityandthreeimages,each
with densitycontainingonly threeGaussians.In practice
thissituationcouldarisefrom occlusion,e.g.anobjectwith
four differentlytexturedparts,only threeof which arevisi-
ble in any givenview.

While simply addingup theindividualGaussianswould
still lead(after properre-scaling)to the true classdensity,
the resultingrepresentationwould not be computationally
ef�cient. In fact,onewould endup with a total of � Gaus-
sians(somesharingthesameparameters)insteadof � , and
therewould benobene�t of performinga hierarchicalover
a linear search. On the contrary, the cost of the former
would be greaterthanthatof the latter. To obtain � Gaus-
siansone needssomesort of clusteringprocedure. The
main dif�culty is that, unlike standardclusteringapplica-
tions,thegoalis to clusterGaussians,notpoints.

4.1. Hierar chic model

In orderto addressthisproblemweneedto introducesome
notation. We denoteby ��� the setof mixture parameters
for thedensityof level � (level � beingtheparentof ���	� ),
and by 


����


���

�

the density itself. The total numberof
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mixturecomponentsat level � , �
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This conditionis suf�cient to guaranteetheconsistency of
thehierarchicalrepresentationsince,whenit holds,
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i.e. the entiredensityof the childrenis propagatedto the
parent.In additionto it, we imposea conditionequivalent
to samplingwith replacement
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or, equivalently,
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1An assumptionthatalwaysholdsfor thechildrendensities,but usually
doesnot for the parent.Determiningautomaticallythe numberof parent
Gaussiansis a topic for futurework, but wewill latershow thattheproce-
durenow proposedis very robustwith respectto incorrectguessesfor this
parameter.
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this conditionguaranteesthat the densityat level � is not
affectedby reorderingthecomponentsat level ��� � . Such
reorderingonly affectsthepermutationmatrix ' .

4.2. Propagatingparameters
Given the parametersof the mixture model at the bottom
of the tree and the numberof mixture componentsin the
remaininglevels, the goal is to infer theparametersof the
mixturesat all thoselevels.Considerlevels � � � and � and
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From(1), this is a problemof estimatingtheparametersof
a mixture, thatcanbesolvedby expectation-maximization
(EM). In theE-stepwecomputetheassignmentof the
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The key quantity to compute is therefore 
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subjectto theconstraint
F

*




�

*

�

� . In theGaussiancaseit
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Note that neither(8) nor (10) to (12) dependexplicitly on
the underlying sample

@�

�

and can be computeddirectly
from the parametersof �����

� . The algorithmis thusvery
ef�cient from a computationalstandpoint.

5. Similarity function
Oneimportantissuefor hierarchicalretrieval is the choice
of similarity function,which shouldbeableto accountfor
partialmatches.Givena queryimage,it is unlikely that it
will exhibit all the variationfound in the classesof which
it is a member. Hencemetricsthat integratesomefunction
of the pointwisedistancebetweentwo densitiesover their
entiresupport,e.g.correlationor +-, norms,aredoomedto
beunsuccessful.

A betteralternative is to evaluatethe likelihoodof the
query imageunder the databasedensity. For a set .
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Under ML a good matchcan be achieved even when the
features/
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populateonly a fractionof theregionof support
of 
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of ML on the cardinality
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of the query. Computation-
ally moreef�cient similarity functionscanbederivedfrom

the fact that, for large
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, ML is equivalentto minimizing
Kullback-Leiblerdivergence(KLD)
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way to circumvent the problem is to use approxima-
tions. We rely on theasymptoticlikelihoodapproximation
(ALA) [15]. For a querymixture 
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TheALA is equivalentto theKLD whenall thecovariances
arezero,i.e. whenthedensitymodelsarevectorquantizers.
In thegenericGaussianmixturecase,it hasbeenshown to
provideagoodapproximationto theKLD whenthefeatures
arehigh-dimensional[15].

6 Experimental evaluation

To evaluatetheef�ciency of hierarchicalindexing we con-
ductedexperimentswith two databases:the Columbiaob-
ject databaseandtheCoreldatabaseof stockphotography.
Columbia is a set of imagesof � ! ! objectseachshot in

i

Q

different views obtainedby rotating the object in j:k

in stepsof l�m . For computationalsimplicity, we only con-
sidereda subsetof � views per object (separatedby � !nm ).
This subsetwassplit into two subgroups,a querydatabase
containingthe �rst image of eachobject and a retrieval
databasecontainingthe remainingo . In thecaseof Corel,
we selected�0l imageclasses2 with � ! ! imageseach.Once
againwe createda queryandretrieval database,this time
by assigningeachimageto thequerysetwith a probability

!

/

Q

.

2“Arabianhorses,” “auto racing,” “coasts,” “divers anddiving,” “En-
glishcountrygardens,” “�re works,” “glaciersandmountains,” “Mayanand
Aztecruins,” “oil paintings,” “owls,” “land of thepyramids,” “roses,” “ski
scenes,” “religious stainedglass.”
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6.1 Imagerepresentation

All experimentswerebasedon thefollowing set-up.First,
all imageswereconvertedfrom theRGB to theYBR color
space[10]. We thenextracteda collectionof o�� o blocks
from eachimage(with half-blockof overlapin eachdimen-
sion betweenneighboringblocks) and computedthe dis-
cretecosinetransform[10] of eachblock. Coef�cients from
the spatiallyco-locatedblocksof the threecolor channels
weretheninterleavedaccordingto thepatternYBRYBR...,
leadingto a � �

Q

dimensionalvector, of which only the
�

�

lower frequency coef�cients were retained. A Gaussian
mixture was �tted, by EM, to the sampleextractedfrom
eachimage.To avoid over�tting, we reliedona �x ednum-
ber(8) of Gaussianswhichwereconstrainedto havediago-
nal covariance.While someof thesechoicesmayseemar-
bitrary, mosthavea theoreticaljusti�cation andwerefound
to performwell in practice.See[14] for details.

6.2 Experimental setup

We comparedthreeretrieval strategies: linearsearch(LS),
hierarchicalsearchwith the Gaussianmixture hierarchy
learnedwith the algorithmof section4.2 (HGM), andhi-
erarchicalsearchwith all modelslearneddirectly from data
(HData). A two-level hierarchy, determinedby theproper-
ties of the databaseunderstudy, wasusedfor both HGM
andHData. For eachclass,the top-level densitywasob-
tainedby poolingall the individual imagedensitiesin that
class.Hence,for HGM, learningeachmodelof level ! had
complexity

���

?

�

%

�

�

�

, where

?

is the averagenumber
of imagesperclassand �

�

thenumberof mixturecompo-
nentsat level � . On theotherhand,HDatahadcomplexity

���

?

�&%

I �

where
I

is thenumberof featuresper image.
Since

I����

�

�

thetime requiredto learna modelunder
HDatawassigni�cantly higherthanthatrequiredby HGM.
On Columbia,classesconsistedof multiple views of the
sameobject, leadingto � ! ! Gaussianmixturesin the top
level, eachhaving o childrenmodels.On Corel,all images
from eachof the �Vl classesenumeratedaboveweregrouped
together, leadingto �0l top-level modelseachhaving,onav-
erage,o ! children.No imagesfrom thequerydatabasewere
usedfor theconstructionof thehierarchicalmodels.

6.3. Computational cost
The dramatic reduction in learning complexity of HGM
over HDatais visible in thetop plot of Figure3, wherewe
show learningtimesasa functionof �6% for Columbia3. On
thisdatabase,thelearningcostof HGM wasabout� ! times
smallerthanthatof HData,e.g.

Q

�

/

� secondspermodelfor
the formervs. � �

/

Q

minutesfor the latter, when �6%

�

�

� .

3BecauseHDatais soexpensivewecouldnotevenuseit with thelarger
Coreldatabase.
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Figure3: Computationalcomplexity asafunctionof ��� . Top: Learning
times for HGM andHData. Bottom: Ratio of hierarchical/linear search
time for ColumbiaandCorel.

Because,like HData,mostof thetop-down proceduresdis-
cussedin section3 requireprocessingthe original datato
build theclassi�ersof eachintermediatelevel, theseresults
provideapowerful illustrationof theadvantagesof bottom-
upstrategies.

Thecomputationaladvantagesof hierarchicaloverlinear
searchareillustratedin thebottomplot of the�gure, where
wepresenttheratiohierarchical/linearquerytimeasafunc-
tion of �&% for both databases.Clearly, the gainscan be
substantial(e.g. betweenoneandtwo ordersof magnitude
whenthereare o componentsin thetop-level mixtures)and
aredeterminedby thestructureof thedatabase.Columbia
has sparselypopulatedclasses( o imagesper class)and,
thereforehasasmallerratiobetweenthenumberof mixture
modelsin the two levels ( � at the top per o at the bottom,
against� per o ! onCorel).Denselypopulatedclasses,such
as thoseof Corel, have the largestpotentialfor computa-
tional savings provided that it is possibleto reduce�6% to
theminimumpossible.This emphasizesthe importanceof
hierarchicalclustering.

6.4. Retrieval accuracy
Theresultsobservedso far arenot surprising,mostlycon-
�rming that hierarchicalsearchesare more ef�cient and
HGM hassmallerlearningtimesthanHData. A morein-
terestingquestionis, how muchlossin retrieval accuracy is
associatedwith goingfrom a linearto a hierarchicalsearch
and from a hierarchicalsearchusing HData to one using
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Figure4: Recognitionrateasafunctionof �
� . Top: Columbia.Bottom:

Corel. In bothcasesthe rateachieved with LS is shown asanhorizontal
dashedline.

HGM? Intuitively, lossesseeminevitable: how could 1)
learningdensitieshierarchicallybeatlearningthemdirectly
from the data? and2) a searchamongclassmodelsbeat
an exhaustive searchamongall imagemodels? Contrary
to this intuition, the resultsin Figure 4 show that, given
enoughmixture componentsto achieve reasonabledensity
estimates,the retrieval performanceof HGM is indeedsu-
perior to thatof HDataandequalor superiorto thatof LS.

In fact, the resultson Columbiashow that the improve-
mentscanbe quite signi�cant: while 1) LS only achieves

�

Q��

accuracy, and 2) HData achieves ��l

�

but can also
performvery poorly, HGM achieves � �

�

andshows great
robustnessto variationsin the numberof mixture compo-
nentsat thetop level. On Corel,LS andHGM have similar
accuracy. Theseresultsindicatethat, in termsof retrieval
accuracy, HGM will 1) actuallybeatthe otherapproaches
whenclassesaresparselypopulated,and2) achieve equiv-
alentperformancewhenthey aredenselypopulated.

The ability to betterhandlesparselypopulatedclasses,
suggeststhat HGM generalizesmuch better than the two
othertechniques.To understandtheadvantagesoverLS we
returnto Figure2. Supposethatoneof theimages,e.g.im-
agej , is usedasaquerywhile theothertwo arestoredin the
database.Sincethequeryonly has

Q

Gaussiansin common
with eachof thedatabaseimages,thereis alwaysoneGaus-
sian that cannotbe explained. None of the two database
imagesis thereforea very goodmatchandthe probability
thatsomeimagefrom anotherclasswill beconsideredmore

similar to the query is not negligible. On the otherhand,
even if learnedonly from two of the images,the top-level
modelwill containall four Gaussians(albeit not correctly
weighted)andwill provideasimilarity scorethatis signi�-
cantlyharderto beat4.

To understandthegainsof HGM overHDatawegoback
to (9). Noticethat thecovarianceof theGaussianat level �

is a weightedsumof thecovariancesandscatterof its chil-
drendensities.This implies that thevariancesof eachpar-
entarelower-boundedby thecorrespondingchildrenvari-
ancesand, therefore,variancescannever decreaseasone
moves up the hierarchy. This regularizationmakes esti-
mateshigher up in the hierarchymuch more robust than
thoseat thebottom.Sincenosuchregularizationis in place
for HData, someof the Gaussianstend to specializeon
small clustersof non-typicalpointsleadingto over-�tting.
Notice,in thetopplot of Figure4,how performancequickly
decaysafterthe“optimal” numberof componentsandcon-
trastit with thatof HGM which is very robustto variations
of �&% .

Furtherevidencethat HGM provides good generaliza-
tion is presentedin Figure 5, which depictsfour queries
at the classlevel. In eachcase,the queryimageis shown
in the top left, andrepresentative imagesfrom eachof the
top classesarethenshown in raster-scanorder5. Thesetop
classestendto beobjectsthatarevisually similar to that in
thequery.

Overall, theexperimentalresultsshow thatHGM is the
superiormethod, amongthe three evaluated,when both
computationalef�ciency and retrieval accuracy are taken
into account. For sparsedatabases,HGM providessome
computationalsavings andsigni�cant improvementsin re-
trieval accuracy. For densedatabases,accuracy is equiv-
alent to that of LS but the computationalsavings become
verysigni�cant.
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