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Abstract

We describeMGV, anintegratedvisualizationandexplorationsys-
temfor massve multi-digraphnavigation. MGV s only assumption
is thatthe vertex setof the underlyingdigraphcorrespondso the
setof leavesof apredeterminedree . MGV builds anout-of-core
graphhierarchyandprovidesmechanismgo plugin arbitraryvisual
representationfor eachgraphhierarchyslice. Navigationfrom one
level to anotherof the hierarchycorrespondso theimplementation
of adrill-down interface. In orderto provide the userwith naviga-
tion controlandinteractve responseMGYV incorporatesa number
of visualizationtechniquedike interactve pixel-oriented2D and
3D maps,statisticaldisplays,multi-linked views, anda zoomable
label basedinterface. This makes the associatiorof geographic
informationandgraphdatavery natural. MGV follows the client-
sener paradigmandit is implementedn C andJava-3D.We high-
light the mainalgorithmicandvisualizationtechniquesehindthe
toolsandpoint out alongthe way several possibleapplicationsce-
narios. Our techniquesare being appliedto multi-graphsde ned
on vertex setswith sizesrangingfrom 100 million to 250 million
vertices.

Keywords: visualization,massie datasetsgraphshierarchies,
out-of-corealgorithms.

1 Introduction

Processingguerying,exploring andvisualizingmassve datasets
posesa seriesof interestingcomputationaknd visual challenges.
A variety of thesedatasetscanbe modeledasvery largebut sparse
multi-digraphswith a specialcollection of applicationdependent
edgeattributes. Geographidnformationsystemstelecommunica-
tionstrafc andinternetdataareprimeexamplesof thetypeof data
our systemis targetedto handle.

Sheersize is the rst fundamentalissuethat needsto be ad-
dressedvhenthe datato be dealtwith is considerednassie. In
our case for oneof the datasets we receve a streamof about275
million recordsdaily yielding about450GBytesper month. Hav-
ing accesdo several SGI Origin-2000seners, 5 terabytesof disk
andanSGI Onyx connectedo a powverwall certainly
helpsin the processingout it doesnot circumvent two important
bottlenecksi/O bandwidthandscreerrealestate.

The I/O bottleneckis causedby the substantialdifferencebe-
tweenCPU speedsaindexternalmemories Algorithmswhoseper
formances statedn termsof notjusttheinputsize, , butalsoin
termsof thesizeof mainmemory  andof thediscblocktransfer
size, , arecalledexternalmemoryalgorithmé. With this frame-
work in mind, the rst requiremenfor a datasetto be considered
massie s thatits size( ) mustbelargerthanthesizeof available
RAM (). In the caseof multi-digraphs, is essentially ( )
where isthenumberof edgef the underlyinggraph.

1Seel. Abello andJ. Vitter [10] for arecentreview of this subject.
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An intermediatecase guiterelevantin practice occurswhenthe
setof vertices ts in RAM but not the edgeset (this is calledthe
semi-eternalcasein [6]). Thejusti cation for this modelrelieson
theincreasedwailability of largeRAMSs. For example theessential
informationassociateavith 250million verticests nicelyin 2GBs
of RAM. In this case,in principle, onecanprocessary secondary
storagamulti-digraphwith vertex setupto this size.

The screenbottleneckis causedby the simple fact that the
amountof informationthat canbe displayedat onceis ultimately
limited by thenumberof availablepixelsandthespeedatwhichthe
informationis digestedby a user Eventhougha large numberof
pixels diminishesthe screerbottleneck;it doesnot help the users
visual processin@bstractiorunlessthe display metaphoiincorpo-
ratessomeglobal datasetsemanticsLuckily, a variety of massie
multi-digraphsareimplicitly de ned onvertex setsthatcorrespond
totheleavesof aprede nedhierarchy . Whenwe caninducesuch
ahierarchywe canuseit to guidethe explorationandvisualization
of thedataset. Thisis doneby de ning aninheritedequivalencere-
lation on the multi-digraphedgeset(seeSection2). The hierarchy
malesit possiblefor auserto digestonemanageablgortionof the
dataatagiventime.

In orderto dealin a uni ed mannerwith boththe I/O andthe
screenbottleneckswe baseour work on a metaphorcalled hier-
archical graph slices The main ideais to build a hierarchyof
multi-digraphlayers on top of the input multi-graph. Eachlayer
is obtainedby coalescinglisjoint setsof verticesatapreviouslevel
andaggr@atingtheir correspondingveightededges.A collection
of edgedn alayerwhoseaggregationproducesanedgeat the next
higherlayer is calledan edge slice Several “natural” operations
provide hierarchicalbrowsing. Eachedge-slicas smallenoughto
be representedisually in a variety of ways,suchasa 2D needle-
grid, a 2D stargrid or starmap,a 2D surfacein or a corven-
tional graphdrawing. Sliceshave different propertiesdepending
on their depth,asshawvn in Figurel. Slicesat a greaterdepthare
representetly morepixel hungryrepresentationdRepresentations
canbe choserautomaticallybasedon propertiesof thedata,or can
be pluggedin manuallyby a systemuser

Marny of ourvisualizationslepartstronglyfrom theconventional
visual graphrepresentatiothat dravs graphsasnodesand edges,
unlessthe slice being considereds very sparseandde ned on a
verysmallnumberof verticesandedgesIn ourhierarchicadecom-
position, when facing a densesubsetof edges,we useadjaceng
matrix basedvisualizationssincethey arelikely easierto digest.
Cornventionalgraphrepresentationkk e the oneshavn in Figure2
areof very limited usefor the rangeof sizesbeingconsideredn
thiswork. This paperpresentsiew techniqueghatareparticularly
helpfulin visualizingdenseslices.

Whenahierarchy is x ed,thecorrespondingraph-layergan
beupdatedncrementally They aresuitablefor theprocessingnav-
igationandvisualizationof externalmemorygraphg6] whosever
tex setsarehierarchicallylabeled.

A by-productof the hierarchicalgraph-sliceametaphoris that
a commercialrelationaldatabaseanbe usedto querythe multi-
digraphhierarchywith very little extra effort. Also, hierarchical
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Figure 1: Graph layers. Layers in deeper levels tend to be
sparser.
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Figure 2: Traditional nodes-and-edges representation of a
fully connected graph with 20 nodes.

graph-slicemareamenabléo distributedvisual exploration.
Our currentprototype (termedMassiveGraph Misualize)) is a
systemwith thefollowing highlights:

It handleshierarchicaliews of massie multi-digraphs.

It consistof aC-computationaéngine(sener)andaJasa-3D
visualizer (client), which may resideon separatenachines.
In fact, the visualizercanrun on multiple desktopsallowing
differentusergto navigatea massie datasetindependently

It providesa drill-down zoom-ableinterfacetogetherwith a
collectionof multi-linkedviews.

Contet is maintainedby using multiple cameras.One pro-
videsan overview andthe otherstrail eachotherdepending
of a userspeci ed zoominginterval. A persistentistory of
previous navigationsof the hierarchyis maintained.

In thecaseof geographicatlata,displayssuchasthestarmap
(Section4.2) allow the superpositiorof graphneighborhood
informationon a given geography This offers an alternatve
to the conventionalapproachof explicitly draving the edges
amongspeci ed positionson a givenmap.

Visualaggr@ationcanbe obtainedby specialviews, suchas
our multi-combview (Section4.3) or by an adaptatiorof the
circle of sggmentstechniqud3].

Userscanplug-in alternatve visualizationof thehierarchical
graphslices,andcanapplytheirown Iters totheslices.

1.1 Related Work

Thework presentederegrewn out of the graphsuriacesmetaphor
presentedn [9]. The primary differenceis that 2D surfacesare
noteasyto re ne locally. By choosingdifferentrepresentationfor

thehigherlevels of the hierarchywe getvery fastlocal re nement,
avery intuitive visual aggr@ation operationandvisually pleasant
animationof datasetevolution.

Thevertex setof our hierarchyis a supersetof the vertex setof
the underlyingmulti-digraph. This makes our approachyuite dif-
ferentthan other graphvisualizationsbasedon spanningtreesof
theunderlyinggraph(seeMunzner[16], Wills [8]). Theuseof hi-
erarchiedor theexplorationof largegraphss explicitly mentioned
in [7]. Our work canbe viewed as an automationof theseideas
thatprovidesauniform overall view of massie graphdatatogether
with scalablegfcient and e xible visualnavigationtools.

The layout of the paperis asfollows. In Section2, we discuss
graphslices,the main elementsof the computationakngine,and
its fundamentabperationsand /O performanceln Section3, we
discusghecorrespondendeetweertheslice hierarchyandthedif-
ferentvisualrepresentationslhe component®f the Jasa-3Dvisu-
alizerandthe main interfaceissuesare the contentsof Sections4
and>5. Section6 pointsout somefutureresearctdirections.

2 Hierarchical Graph Slices

In orderto handlevery large graphs,a hierarchyof multi-digraph
layers is constructed. Eachlayer representsa multi-digraph ob-
tainedfrom an equvalencerelationde ned on the edgesetof the
input multi-graph.Eachlayer edge representanequialenceclass
of edgesat the previous layer. Eachsuchequivalenceclassconsti-
tuteswhatwe call anedge-slice Zoomingoperationsareprovided
that allow the userto explore the graph slice hierarchy in a uid
manner

We introducetheseconceptamoreformally next. Figure3illus-
tratesour de nitions.

2.1 De nitions

For amulti-digraph , let and denotethe setof
verticesandedgef respectiely. It isassumedhatafunc-
tion assigngo eachedgea non-ngative multi-

plicity. With thesecorventionsa multi-digraphis a triplet

For a rootedtree , let = set of leaves of
= maximumdistancegrom a vertex to theroot of
is the setof verticesof atdistance from theroot
of . Foravertex ,let  denotethe subtreerootedat
. Vertices and of arootedtree arecalledincompanble
in if neither nor isanancestoof theother

Givenamulti-digraph = andarootedtree such

that , themultiplicity of apairof vertices
and of is for
and An incompaable pair

is calledamulti-edge when is greatetthanzero.
Whenboth and are at the samedistancefrom the root
of , the multi-edgeis calledhorizontal A non-horizontal
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Figure3: Hierarchical Graph Decomposition

multi-edgebetweenvertices and where is a leaf and
is calleda primary crossingmulti-

edge.
Noticethata horizontalmulti-edge represents
the subgraphof  inducedby and is its

aggr@atedmultiplicity.

For and asabove,thehierarchical graphdecomposition
of , givenby , isthemulti-digraph with vertex
setequalto andedgesetequalto theedgesof union

themulti-edgesunningbetweerincompaable pairsof

Because containsa very large collection of multi-
edgesthatcanbe computedrom the horizontaland primary
crossingmulti-edgesasde ned above, we take the approach
of maintainingjust thesemulti-edgesand computingthe re-
mainingoneson demand.This sub-multigraptis denotedby

canbeviewedasa collectionof lay-
ers representlngm equivalencerelationon . Eachlayer
containshorizontalmulti-edgesonly. The primary crossing
multi-edgesndicateinter-layer datarelations. It is precisely
this layeredview of a graphwhatallow usto exploreit visu-
ally.

For and , asabore,thei-layer of isthemulti-digraph
with vertex set and all the correspondinghorizontal
multi-edges.

For amulti-edge of ani-layer its edge-sliceis the sub-
multigraphof the (i+1)-layer whosenodesarethechildrenof

unionthechildrenof , andwhosemulti-edgesarethosein
the (i+1)-layer runningbetweerthesenodes.

A goodmentalpicture of whatthe de nitions corvey is that
eachmulti-edge hasbelow it a hierarchyof edge-slices
whereeachlevel representainaggreationof previouslevels
andwherethe bottom mostlevel is the subgraphof  with

vertices union andedgesof run-
ning betweenthem. This is the justi cation for namingthis

sectionHierarchical GraphSlices

2.2 Constructing

TheprocedureConstruct , presentedh [9], takesasin-
put a streamof edgesrepresentlnga multi-digraph andarooted
tree suchthat It returnsasoutput,a disk
residentmulti-level index structureto theedgesof

Lemmal. canbeconstructedn time

in a bottom-upfashion[9, 12]. Spacerequirementsare similar,

making an efcient datastructureto usefor our visu-
alizationsystem.
Because isreally plusthe collectionof layersof
givenby , we canthink of eachlayerasbeingrepresentetyy

atwo dimensionalgrid and asaroadmapto navigatethe slice
hierarchy

2.3 Handling the I/O bottlenec k

When is an externalmemorygraphresidingon disk thereare
threecasedo consider:(1) ts in mainmemory (2) doesnot
t but does,and(3) doesnot t. The rst two cases

correspondo whatis calledthe semi-externalversionandthethird
oneis referredto asfully external. We centerour discussiorin the
rst two casesincethey sufce for ourapplicationsThethird case
is notfully understoogetandits solutionmaytake somethingof a
breakthrougtbothatthealgorithmicandatthesystemdevel. In the
rst casetheedgesf arereadin blocksandeachoneis ltered
up throughthelevelsof  until it landsin its nal layer This can
beachivedwith onepass.

In theseconccase amultilevel externalmemoryindex structure
is setupto represent asaparentarrayaccordingio precomputed
breadthrst searchnumbers.Filtering the edgesthroughthis ex-
ternalrepresentationf canbedonein no morethan
scanverthedata.

As pointedout in the introduction,the increasedavailability of
large RAMs malesit realisticto assumehatthe vertex set ts in
mainmemory With multi-gigabyteRAMSs beingareality andusing
our approachpnecanprocessn principle ary secondarystorage
multi-digraphde ned on hundredsf millions of vertices.



2.4 Navigating the Hierarchy

Theconditionthat = guaranteethatevery
determines partition of with every higherlevel beingjusta
partialaggreyationof this partition. This impliesin turn thatfrom
ary givenlayeronecanmove to ary of the adjacentayersby par
tial aggr@ationor by re nement of somesetsin the correspond-
ing partition. This is preciselythe informationthatis encodedn
. Namely from ary given multi-edge in
onecanobtainthesetof edgesn thatarerepresentetly . This
is the only operationthatis neededo navigatesinceverticesin
canbe easilyreplacedby their childrenby just following the tree
edges.Non-primarycrossingedgesbetweemon-lexesof thetree
canbe expandedy usingthe basicoperationsie ned belon. The
compleity is proportionatlto thedifferencen heightbetween

thetwo endpoints.

Themainnavigationaloperationsusedby the computationaén-
gineare:

Replacement: Given a vertex in substi-
tutes by its children. This canbe implementedoy gener

ating edges isachild of in andvertices
children( ).
Vertex zoom: Given a vertex in with children

,Zoom  generates . isachild of
in andpairs( , ) suchthatin theinputmulti-digraphthe
setof edgedfrom to isnon-empty.
Edge zoom: Givenan edge is de ned
asfollows: deletetheedge ;
addall the edgesin the next layerthatrun from the chlldren
of tothechildrenof

, Z0om

Suitableinverseof theoperationsbove canbede ned provided
certainrestrictionsareobeyed. For example theinverseof
is de ned, for a setof vertices,only if they areon the samelayer
andif they constituteall the childrenof a vertex

3 Visual Navigation

Whenwe arevisualizing datasetsthat are two to threeordersof
magnituddarger (sayaround250 million records)}thanthe screen
resolution(typically aboutonemillion pixels),it becomesmpera-
tive to usea hierarchicaldecompositiorof the visual spacepartic-
ularly if we requirereal-timeinteractvity. In our casewe achieve
fastresponséy navigatinganinputgraphvia its slices.

Our systemallows the userto begin with a visualizationof an
initial layer, andinteractizely focuson selectededgeswhich canbe
zoomedin to producea visualizationof a slice from the next layer
down the hierarchy Currently the systemusesa mouse/kyboard
input interface. Using joysticks and gestureso navigate the en-
vironmentis a possibilityworth exploring. The bestrepresentation
for aparticularslicedepend®n propertiesf thegraphrepresenting
thatslice,soour systemallows avarietyof visualizationtechniques
to be usedfor eachslice. In the caseof highly denseslices,which
areusuallyencounteredh higherlayersof the slice hierarchy we
areoftenbestoff usingadjaceng matrix style visualizationssince
the numberof edgesis too large to effectively usethe traditional
nodes-and-edgessualization.

In our experiencethe procesf drilling down on slicesworks
well to explore the realworld multi-digraphswe are dealingwith.
Suchdatasetshave highly skeweddistributions,andthis skewness
canbedirectly obseredby thevisualcuesin our2D and3D repre-
sentations For example,whenwe aredealingwith phonerecords

(calling frequeng or total minutesof call), we are naturallyinter-
estedin areasof larger edgeweights. Looking at the grid repre-
sentatiorshavn in Figure4, we canquickly determinesuchedges
usingtheinclinationandcolor of thesticks. We canthenzoominto
thesesticksto obtainmorere ned views.

We now describein more detail our schemeto visualizevery
large multi-digraphs. In this context, large refersto datasetsthat
do not t into main memory Our systemconsistsof two main
componentsthe C computationakngineandthe Java-3Dgraphi-
cal engine Givenalarge graphasinput, the computationakngine
usesthe approachoutlinedin the previous sectionsto clustersub-
graphstogetherin arecursve fashionandgenerates hierarchyof
weightedmulti-digraphs.Theedge-slicesn eachlayer of this hier-
archyaresufciently smallto t in mainmemory

A typical large andrealisticdatasetmay have a numberof in-
terestingpatternsandtrendsthatinformationvisualizationanddata
mining applicationswant to explore. However, providing all this
informationin oneshotmight be too dif cult to analyzeor under
stand. In our metapharwe amortizethe visual contentin every
scenewith the constructedgraphhierarchy Further the reduced
sizeof eachedge-slicemakesit possibleto provide the necessary
real-timefeedbak in suchan exploratorysetting. As the usertra-
versegleepeinto thehierarchythescenealisplayedbecomesnore
detailedin arestrictedportionof the dataset.

The graphicalengine hastwo primary functions- generating
graphrepresentationfor individual slicesin using the
navigation operationgle ned in the previous section,anddisplay-
ing appropriatevisual cuesand labeledtext. One of the aimsis
to help the userhave intuitive understandingilongwith complete
navigationcontrol.

We now describethe mainvisual primitivesthatallow a userto
move from onelevel of thehierarchyto anothemwhile changingthe
visualrepresentatioif necessary

Zooming

As the useris viewing a particularslice, he/shecanusethe mouse
or keyboardto pan,rotate,or zoomtheimage. A thresholdcanbe
setwhich de nes betweenwhich zoomfactorsthe visualizationis

valid. If theuserzoomsfarenoughin or outto exceedthethreshold,
a callbackis invoked which replaceghe currentslice with a new

slice. Whenzooming,the computatiorengineretrievesa new slice
representinghe closestedgeto the center(which is wherewe are
zoominginto) andthesliceis placedon astack.Whenzoomingout
thecorrespondingliceis retrievedfrom the stack.

Views

A variety of visualizationscanbe usedto displaya givenslice. A
default is chosenautomaticallybasedon propertiesof the graph,
but the useris presentedvith a list of visualizationtypesthatcan
beselectedlf analternateview is selectedthecurrentvisualization
is substitutedby the choserreplacementOur systemkeepstrack
of the preferredview in casethe usernavigatesto otherslicesand
thenreturnsto a slice. Moreover, severalmechanismareprovided
thatallow the userto plug-in his/herown slicerepresentation.
Whenmultiple views of asliceareusedsimultaneouslythey can
belinkedtogether As themousepassesver elementsn oneview,
otherviews highlight the correspondinglementsn their view.

Selection

Theuserinterfaceallowsfor nodego beselectedvith themouse A

list of selectedhodeds maintainedy thesystemwhichcanbeused
by differentvisualizationmethods.Typically, the selectionis used
to displaya sub-graptof the currentslice. For example,if we are
displayinga graphwhosenodesareall statesn the US, we could



Figure4: A graph slice represented as a needle grid. Edge values are shown with multiple cues: the segment color, segment

length, and segment orientation.

selecta handfulof stateswe areinterestedandlimit our displayto
only thosenodesandrelatededges Whentheselectionchange®n
oneview of a graph,it is appropriatelyupdatedon corresponding
linkedviews.

Slice Computation

Our computationengine does not needto compute the entire

a priori, sinceit is likely thata userwill only navigate
througha subsebf the data. Therefore our enginerunsin concert
with the visualizationinterfaceandactsasa sener. Theinterface
startsoff by requestingan initial slice from the sener. This slice
is corvertedto a visual representationwhich is navigatedby the
user If theuserselectdo zoominto anedge theinterfacesendsa
requesto thesenerto obtainanew slice. Theenginecancompute
this sliceonthe y, or simply returnthe contentsof a precomputed
slice.

4 Slice Views

This sectiondescribesomeof thebuilt-in visualizationtechniques
that canbe usedto display graphslices. MGV providesa e xible

interfacefor de ning new visualizationsowe arenotlimited to the
setof views thatwe describenere.

MGV workswith slicesin their adjaceng matrix representation.
Slicesarevisualizedasa setof line sggments,whereeachmatrix
elemenimapsinto asingleline sgmentwhoseorigin, length,color,
width, etc. dependon somemappingfunction . In the simplest
casewe candrav the elementnto a rectangulagrid, but much
moresophisticatednappingsarepossible.

Our systemautomaticallytracks the correspondencéetween
edgesandvisual segments.Thus,theauthorof avisualizationdoes
not have to handlethe detailsof userinteraction. The systemcan
determinewhich edgesare selectedhroughthe interface. It uses
this informationto interactvely label edgesand determinewhich
edgeis to bereplacecandexpandedvhenthe userzoomsin.

Currently our visual metaphorsare beingusedin the analysis
of several large multi-digraphsarisingin the telecommunications
industry Thesegraphsare collectedincrementally For example,
the AT&T call detailmulti-digraph,consistson daily incrementf
about275million edgegle ned on a setcontainingon the orderof
260million vertices.Theaimis to processandvisualizethesetype
of multi-digraphsat a rate of a million edgesper second.We will
useexampledrom this datato illustratethe metaphorgpresentedn



Figure5: A star-map view of call data, superimposed with geographic information.

this sectiorf; we describeotherapplicationsn Section4.6.

4.1 Needle Grid

Oneway to view a sliceis asarealnon-ngative matrix ~ whose
entriesare normalizedin a suitablefashion. Each matrix entry

is representes a vector with origin at and
whosenormis obtainedvia a continuousandnon-decreasingiap-

ping . Theangle that formswith the horizontal
axis is predeterminedby the orderof the entriesin the matrix
We constraintherangeof torunbetween and . One

suchpossiblemapping istheoneprovidedby yourcarspeedome-
ter exceptthatnow the needleincreasesn lengthasit rotatesfrom

to . Wereferto thevector astheneedlecorresponding
to thevalue

A rectangulargrid with the needles,representinghe values

, placedat their correspondingprigins , is calledthe
needle-gridrepresentatiorof the given matrix or a needleslice
(seeFigure 4 for an example). Note that the grid view for a par
ticular graphis notunique.lt depend®nthe orderingof the matrix
elements.

For our setof phonecall datain Figure4, we canmale somein-
terestingobsenations.First,we seehighvaluesalongthediagonal.
This indicatesa higher call volumefor interstatecalls in general.
We have arrangedhe orderof the matrix elementgo conformto
a Peano-Hilbertpath throughthe US map. In this way, clusters
aroundthe diagonalcorrespondo countryregionswith high call-
ing trafc. We canalsoobserne asymmetriesn the edgedensity
andthatcouldbeareaswith differing densitieof AT&T customers.
In generalpatternsat higherlevels of the hierarchycanbeusedas
explorationguidesat lower detail levels.

2valueshave beenchangedn this papetto protectsensitve information.

4.2 Star Maps

The starmap view rearrange®achrow or column of our matrix
into a circular histogramrootedat a singlepoint. The histogramis
arrangedsuchthatthe rst valueis drawvn at O degreesandvalues
are evenly spacedsuchthatthe nal valueis dravn at . This
resultsin a starlike appearancele referto eachelementof a star
asa star sgment Starsggmentshave alengthproportionalto the
value of the edgeit represents Additionally, the color of the star
segmentis dependenbn the valueto provide an additionalvisual
cue.

Eachstarrepresents row or column,dependingon which type
of starvisualizationis chosen.The positionin which eachstaris
placedis arbitrary; hawever, if available,we canmalke useof geo-
graphicdataassociatedavith eachnodein the graph. For example,
supposeve arelooking at call detail data,whereeachnodein the
slicerepresenta particularstate.We couldsupplylatitudeandlon-
gitudefor eachnodeandarrangehestarsona USA map,asshavn
in Figure5. In this case,we are placingthe starrepresentinghe
row (or column) atthegeographigositionof .

The starmap conveys a differenttype of informationthanthe
needlegrid. It is particularly well suitedto focuson a particular
subsetof verticesand detecteasily amongthem thoseoneswith
higheror lowerincomingor outgoingtraf c. By moving themouse
over the segments,the correspondingrertex labelsget activated.
In the call detail data,we notice somestateswith oneor two star
segmentghatarelargerthanthe others.Moving themouseoverthe
segmentgevealswhich statesheseare.

4.3 Multi-comb

Themulti-combview canbe thoughtof asan extensionof the star
map. With star maps,an entire row or column of the matrix is
drawn suchthatit appearssasingleobject(in the shapeof a star)



but it represents collectionof values. Taking this a stepfurther,

we canturn an entirematrix into a “single” objectby placingthe

collection of starsthat composethe matrix on top of eachother
alongthe axisandconnectingheendpointf the corresponding
starsegments. An exampleis provided in Figure 6. This single
objectrepresentsan aggr@ateview of a graphwith hundredsof

million of edges.

An adwantageof this view is that we can comparerows or
columnsdependingf we look alongthe starseggmentsat a particu-
lar orif welook atall the valuesfor a particularstarsegment.
Whenwe considerall the valuesfor a singlestarsegment, it re-
semblesa comb, which is why we term this view the multi-comb
view. Thisview is usefulin providing animationsof datasetevolu-
tion.

Figure6: Multi-Comb View of call detail data at the state level.

4.4 Multi-wedg e

Themulti-wedgeview is a differentway to overlay starson top of

eachother Insteadof putting eachstarat a different value as
we dowith themulti-comb,we drav asinglestarasticks insteadof

segmentswhereeachtick is placedattheendpointof thatsegment.
Theresultingpicture,asshavn in Figure7, is a circular histogram
with a distribution spectrumon eachstar sggment,which we call

awedg. Fromthis view, we canseethe min and max valuesfor

astarline (whichis arow or column),standardieviation, median,
mean,etc. Thisis atwo dimensionalview, which is preferableto

the multi-comb for static visualizations. The colors of the ticks

representhe value of the back-edgen the multi-graph. Whenthe
matrix is symmetricalthe colorsof ticks will occurin order Thus,
we caneasilydetectasymmetriesvith this coloringconvention.

In our example,we canlook at the calling distributionsfor each
state. We againseethatintrastatecalling is typically a lot greater
thaninterstatecalling, but this view revealsthe restof the distri-
bution variesa lot by state. Looking at the distributions cantell
uswhich stateshave moreregional calling patterns.For example,
North Dakotamakesalot morecallsto Minnesotahanto ary other
state but Californiahasa moreevendistribution to the otherstates.

Figure8: Aggregate view of the data represented in Figure 7.

We also seethat the northernstatesof Idaho, Montanaand North
Dakotahave lower phoneusagethanneighboringstates.

4.5 Aggregate Views

Althoughwe mapeachmatrix entryto exactly onescreersegment,
we cancreatemappingswhich effectively computecertainaggre-
gateoperations.For example,supposewve are usingthe starmap
for a graphwith associatedjeographianformation and we want
to replacethe starswith a single bar representingheir aggre@ate
equivalent. We canaccomplishthis by creatingbar segmentsfor

eachstarandplacingthemon top of eachotheralongthe direc-
tion. Theresultingview will appeasmasa singlebarrepresentinghe
sumof valuesfor thatrow (or column),asshavn in Figure8. Ad-

ditionally, ausercanmove thecursoronthebarto nd outwhatare
the sggmentsthatmale up thebar, andcanzoomin on a particular
segment.

If we wish to do morecomplicatedaggr@ations,suchastaking
themean medianor anarbitraryfunction overthevalueswe can
accomplishthis by mappingthe slice into a new slice represent-
ing the aggrgationandvisualizingthat slice. For example,if we
wantedto visualizethe averageover eachrow, we would mapan

sliceinto a slice. Our systemprovidesamechanisnio
de ne slice transformationswhich are usefulin othercontexts as
well. Forinstancesupposeave areonly interestedn asubsebf the
vertices. We canusea slice mappingto selectout only the nodes
we areinterestedn. We canalsousetransformationgo rearrange
thevertex ordering.

4.6 Applications

Thenavigationoperationsanbe enhancedo performa variety of
statisticalcomputationgn an incrementaimanner They canalso
beusedto animatebehaior throughtime. The stars-mapnetaphor
is very usefulwhentheverticesof themulti-digraphhave anunder
lying geographidocation(seeFigure5). This offersahigh degree
of correlationbetweergraphtheoreticainformationandtheunder

lying geography



Figure7: Multi-Wedge view of call detail data. Each wedge shows the distribution of calls for one state, and can be compared to

the star of a particular state.

We currentlyhave instantiation®f MGV thatvisualizecall detail
dataand network capacitydata. We canwork with a variety of
otherdatasetsaswell; citationindexes,generalibrary collections,
programfunctioncall graphs,le systemsandinternetroutertrafc
dataare,amongothers,interestingdatasetsthat can be explored
usingtheapproactdescribedhere.

Internetdatais aprimeexampleof ahierarchicallylabeledmulti-
digraphthat ts quite naturally our graphmetaphar Eachi-layer
representsrafc amongthe aggr@ateelementghatlie at the
level of thehierarchy(suchasIP addres®locksor thedomainname
space) We canalsoapplythetechniquego webdata.Considering
pagesasnodesandhypetlinks asedgeswe cantake a setof web
pagesasadigraph.A portalsuchasYahoo,which catgorizesweb
sitesinto a hierarchy couldbe usedas

5 Implementation

As mentionedpreviously, MGV is separatethto acomputatioren-
gine and a Java-baseduserinterface. The engineruns as a web
sener, andcommunicatiortakesplaceusingthehttp protocol. The
sener encodeslicesas XML which arethenprocessedby thein-
terface. The useof Java-3D makesthe systemportableandallows
fastrenderingof visualrepresentationgsit is ableto take advan-
tageof hardware graphicssupport. In the designof the interface,
we hadto make decisionson someinterestingquestiongegarding
the presentatiomf the variousvisualizations:

How dowe provide context to theuserwhile he/shes explor-
ing anodedeepin the hierarchy?

Typically, at eachlevel, therearea few sitesthat are poten-
tially interesting.How dowe communicatehisin thedisplay
andencouragehemto exploredeeper?

Labelingis animportantissuewhendisplayinginformation.
How canwe avoid theproblemof clutteringduringthedisplay
of labels?

How canwe applygeographiénformationassociateevith the
data?

In our display we maintaincontext in two ways. We useone
window to displaya delayedview, with respecto zooming,of the
users view (seeFigure9). We highlight thosedataportionsthat
have beenvisited alreadyto provide userswith informationabout
theextentof their exploration.

The visualizationenginetracksthe mouseactiity of the user
anddisplaystextualinformationabouttheclosesedgein aseparate
window.

Potentiallyinterestingregions(i.e. hotspot$ arehighlightedin a
differentcolor to catchthe users attention. An obvious limitation
of the currentapproachis thatwhatis andis notinterestingfrom a
datamining point of view mustbe pre-determined.

In orderto handletextual labelsin anef cient mannemwe divide
the setof labelsinto two parts, staticand dynamic. Staticlabels
aredisplayedat all times. They area small fraction of the entire
label set. Dynamiclabelsaredisplayedonly whenthe userselects
them. The combinationof staticand dynamiclabelsmanageghe
excessie clutterin the displaywell.



Figure9: Overview window. The plus symbol shows the loca-
tion in the parent slice of our current zooming position.

6 Conclusions

Needle-gridsstarmaps multi-combsandmulti-wedgesarethevi-
sualcounterparof thegraphtheoreticahotionsof edgesandneigh-
borhoods.They canbe superimposedn an arbitrarylayout of the
vertex setof a graphwithout cluttering the view. They can be
alsousedto visually representertaintype of aggr@ate statistics
on multi-graphs. Thesefactscoupledwith a prede nedhierarchy
on the vertex setallow usto visually explore very massie multi-
digraphs. The navigation is basedon the notion of graph-slices.
Graph-slicegrovide e xibility in termsof visual representations
andvisualnavigation. Thefactthatthe MGV clientis implemented
in Java3D helpsmalke the systemhighly portableandextensible.

Ourmetaphorllows theintegrationof visualizationandcompu-
tationon alarge classof massve datasets.It opensthedoorto the
useof matrix theoreticalmethodsfor the hierarchicalanalysisof
very large datacollections. In particular the pseudo-automatise-
lection of color mapsdependingof the statisticalpropertiesof the
dataat differentlevels of the hierarchyis one of the majorissues
thatwe areplanningto addressn thefuture.

Another naturaldirectionto pursueis to comeup with anef-
cientdistributedmemoryimplementatiorof MG V.
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