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Abstract

We describeMGV, anintegratedvisualizationandexplorationsys-
temfor massive multi-digraphnavigation.MGV'sonly assumption
is that the vertex setof the underlyingdigraphcorrespondsto the
setof leavesof apredeterminedtree � . MGV buildsanout-of-core
graphhierarchyandprovidesmechanismstoplugin arbitraryvisual
representationsfor eachgraphhierarchyslice.Navigationfrom one
level to anotherof thehierarchycorrespondsto theimplementation
of a drill-down interface.In orderto provide theuserwith naviga-
tion controlandinteractive response,MGV incorporatesa number
of visualizationtechniqueslike interactive pixel-oriented2D and
3D maps,statisticaldisplays,multi-linked views, anda zoomable
label basedinterface. This makes the associationof geographic
informationandgraphdatavery natural. MGV follows theclient-
server paradigmandit is implementedin C andJava-3D.We high-
light themainalgorithmicandvisualizationtechniquesbehindthe
toolsandpoint out alongtheway severalpossibleapplicationsce-
narios. Our techniquesarebeingappliedto multi-graphsde�ned
on vertex setswith sizesrangingfrom 100 million to 250 million
vertices.

Keywords: visualization,massive datasets,graphs,hierarchies,
out-of-corealgorithms.

1 Intr oduction

Processing,querying,exploring andvisualizingmassive datasets
posesa seriesof interestingcomputationalandvisual challenges.
A varietyof thesedatasetscanbemodeledasvery largebut sparse
multi-digraphswith a specialcollectionof applicationdependent
edgeattributes. Geographicinformationsystems,telecommunica-
tionstraf�c andinternetdataareprimeexamplesof thetypeof data
oursystemis targetedto handle.

Sheersize is the �rst fundamentalissuethat needsto be ad-
dressedwhenthe datato be dealtwith is consideredmassive. In
our case,for oneof thedatasets,we receive a streamof about275
million recordsdaily yielding about450GBytesper month. Hav-
ing accessto several SGI Origin-2000servers,5 terabytesof disk
andanSGIOnyx connectedto a �����	��
��	�	
�� power wall certainly
helpsin the processingbut it doesnot circumvent two important
bottlenecks:I/O bandwidthandscreenrealestate.

The I/O bottleneckis causedby the substantialdifferencebe-
tweenCPUspeedsandexternalmemories.Algorithmswhoseper-
formanceis statedin termsof not just theinputsize, � , but alsoin
termsof thesizeof mainmemory, � andof thediscblock transfer
size, � , arecalledexternalmemoryalgorithms1. With this frame-
work in mind, the �rst requirementfor a datasetto beconsidered
massive is thatits size( � ) mustbelargerthanthesizeof available
RAM ( � ). In thecaseof multi-digraphs,� is essentially� ( � ��� )
where � ��� is thenumberof edgesof theunderlyinggraph.

1SeeJ.Abello andJ.Vitter [10] for a recentreview of thissubject.

An intermediatecase,quiterelevantin practice,occurswhenthe
setof vertices�ts in RAM but not the edgeset(this is called the
semi-externalcasein [6]). Thejusti�cation for this modelrelieson
theincreasedavailability of largeRAMs. For example,theessential
informationassociatedwith 250million vertices�ts nicelyin 2GBs
of RAM. In this case,in principle,onecanprocessany secondary
storagemulti-digraphwith vertex setup to this size.

The screenbottleneckis causedby the simple fact that the
amountof informationthat canbe displayedat onceis ultimately
limited by thenumberof availablepixelsandthespeedatwhichthe
informationis digestedby a user. Even thougha largenumberof
pixelsdiminishesthescreenbottleneck,it doesnot help theuser's
visualprocessingabstractionunlessthedisplaymetaphorincorpo-
ratessomeglobaldatasetsemantics.Luckily, a varietyof massive
multi-digraphsareimplicitly de�ned onvertex setsthatcorrespond
to theleavesof aprede�nedhierarchy� . Whenwecaninducesuch
a hierarchywe canuseit to guidetheexplorationandvisualization
of thedataset.This is doneby de�ning aninheritedequivalencere-
lation on themulti-digraphedgeset(seeSection2). Thehierarchy
makesit possiblefor auserto digestonemanageableportionof the
dataata giventime.

In order to deal in a uni�ed mannerwith both the I/O andthe
screenbottlenecks,we baseour work on a metaphorcalledhier-
archical graph slices. The main idea is to build a hierarchyof
multi-digraphlayers on top of the input multi-graph. Eachlayer
is obtainedby coalescingdisjointsetsof verticesatapreviouslevel
andaggregatingtheir correspondingweightededges.A collection
of edgesin a layerwhoseaggregationproducesanedgeat thenext
higher layer is calledan edge slice. Several “natural” operations
provide hierarchicalbrowsing. Eachedge-sliceis smallenoughto
be representedvisually in a variety of ways,suchasa 2D needle-
grid, a 2D star-grid or star-map,a 2D surfacein ��� or a conven-
tional graphdrawing. Sliceshave different propertiesdepending
on their depth,asshown in Figure1. Slicesat a greaterdepthare
representedby morepixel hungryrepresentations.Representations
canbechosenautomaticallybasedonpropertiesof thedata,or can
bepluggedin manuallyby a systemuser.

Many of ourvisualizationsdepartstronglyfrom theconventional
visualgraphrepresentationthatdraws graphsasnodesandedges,
unlessthe slice beingconsideredis very sparseandde�ned on a
verysmallnumberof verticesandedges.In ourhierarchicaldecom-
position,when facinga densesubsetof edges,we useadjacency
matrix basedvisualizationssincethey are likely easierto digest.
Conventionalgraphrepresentationslike theoneshown in Figure2
areof very limited usefor the rangeof sizesbeingconsideredin
this work. This paperpresentsnew techniquesthatareparticularly
helpful in visualizingdenseslices.

Whenahierarchy� is �x ed,thecorrespondinggraph-layerscan
beupdatedincrementally. They aresuitablefor theprocessing,nav-
igationandvisualizationof externalmemorygraphs[6] whosever-
tex setsarehierarchicallylabeled.

A by-productof the hierarchicalgraph-slicesmetaphoris that
a commercialrelationaldatabasecanbe usedto query the 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-slicesareamenableto distributedvisualexploration.
Our currentprototype(termedMassiveGraph Visualizer) is a

systemwith thefollowing highlights:

� It handleshierarchicalviews of massive multi-digraphs.

� It consistsof aC-computationalengine(server)andaJava-3D
visualizer(client), which may resideon separatemachines.
In fact, the visualizercanrun on multiple desktopsallowing
differentusersto navigatea massive datasetindependently.

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

� Context is maintainedby usingmultiple cameras.Onepro-
videsan overview andthe otherstrail eachotherdepending
of a userspeci�ed zoominginterval. A persistenthistory of
previousnavigationsof thehierarchyis maintained.

� In thecaseof geographicaldata,displayssuchasthestar-map
(Section4.2) allow thesuperpositionof graphneighborhood
informationon a givengeography. This offersanalternative
to theconventionalapproachof explicitly drawing theedges
amongspeci�edpositionsona givenmap.

� Visualaggregationcanbeobtainedby specialviews, suchas
our multi-combview (Section4.3)or by anadaptationof the
circleof segmentstechnique[3].

� Userscanplug-inalternativevisualizationsof thehierarchical
graphslices,andcanapplytheirown �lters to theslices.

1.1 Related Work

Thework presentedheregrew out of thegraphsurfacesmetaphor
presentedin [9]. The primary differenceis that 2D surfacesare
noteasyto re�ne locally. By choosingdifferentrepresentationsfor
thehigherlevelsof thehierarchywe getvery fastlocal re�nement,
a very intuitive visual aggregationoperationandvisually pleasant
animationsof datasetevolution.

Thevertex setof our hierarchyis a super-setof thevertex setof
theunderlyingmulti-digraph. This makesour approachquite dif-
ferent than other graphvisualizationsbasedon spanningtreesof
theunderlyinggraph(seeMunzner[16], Wills [8]). Theuseof hi-
erarchiesfor theexplorationof largegraphsis explicitly mentioned
in [7]. Our work canbe viewed asan automationof theseideas
thatprovidesauniformoverallview of massivegraphdatatogether
with scalable,ef�cient and�e xible visualnavigationtools.

The layout of the paperis asfollows. In Section2, we discuss
graphslices,the main elementsof the computationalengine,and
its fundamentaloperationsandI/O performance.In Section3, we
discussthecorrespondencebetweentheslicehierarchyandthedif-
ferentvisualrepresentations.Thecomponentsof theJava-3Dvisu-
alizerandthe main interfaceissuesarethe contentsof Sections4
and5. Section6 pointsoutsomefutureresearchdirections.

2 Hierar chical Graph Slices

In orderto handlevery largegraphs,a hierarchyof multi-digraph
layers is constructed.Eachlayer representsa multi-digraphob-
tainedfrom an equivalencerelationde�ned on theedgesetof the
input multi-graph.Eachlayer edge representsanequivalenceclass
of edgesat theprevious layer. Eachsuchequivalenceclassconsti-
tuteswhatwe call anedge-slice. Zoomingoperationsareprovided
that allow the userto explore the graph slice hierarchy in a �uid
manner.

We introducetheseconceptsmoreformally next. Figure3 illus-
tratesourde�nitions.

2.1 De�nitions
� For a multi-digraph � , let ������ and �!���� denotethesetof

verticesandedgesof � respectively. It is assumedthatafunc-
tion "$#%�'&(� assignsto eachedgea non-negative multi-
plicity. With theseconventionsa multi-digraphis a triplet �

= ���*)+�,)-". .

� For a rooted tree � , let /*0�132�0546�7�� = set of leaves of � .
8

0�9;:3<3=>�7�� = maximumdistancefrom a vertex to theroot of
� ; �?�@9A is thesetof verticesof � at distance9 from theroot
of � . For a vertex BDCE� , let �GF denotethesubtreerootedat

B . VerticesH and I of arootedtree � arecalledincomparable
in � if neitherH nor I is anancestorof theother.

� Givenamulti-digraph� = ���*)J�!)-"E andarootedtree� such
that /*0�1�2�0	46�7�� LKM�!���� , themultiplicity of apairof vertices

H and I of � is "N�OHP)QI6 RKTSVU

F�W X�Y�Z6[

U]\

Y

"^�@BP)-_` for B'C

/a0�1�2�0546�7�%b� and _cCV/*0�132�0546�7�edf hg An incomparable pair
�OHP)-I� is calledamulti-edgewhen"N�OHG)-I� is greaterthanzero.
When both H and I are at the samedistancefrom the root
of � , the multi-edgeis calledhorizontal. A non-horizontal
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Figure3: Hierarchical Graph Decomposition

multi-edgebetweenvertices H and I where H is a leaf and
8

0�9;:3<3=>�@I� �i

8

0�9@:3<`=>�OHe is calleda primary crossingmulti-
edge.

Noticethata horizontalmulti-edge�OHP)@HP)Q"N�OHP)jHe J represents
thesubgraphof � inducedby /*0f1�2�0546�OHe and "N�OHP)jHe is its
aggregatedmultiplicity.

� For � and � asabove, thehierarchical graphdecomposition
of � , given by � , is themulti-digraph

8

���k)-�� with vertex
setequalto ���7�� andedgesetequalto theedgesof � union
themulti-edgesrunningbetweenincomparablepairsof � .

Because
8

���k)-�� containsa very large collectionof multi-
edgesthatcanbecomputedfrom thehorizontalandprimary
crossingmulti-edgesasde�ned above, we take theapproach
of maintainingjust thesemulti-edgesandcomputingthe re-
mainingoneson demand.This sub-multigraphis denotedby

/

8

���k)Q�l . /

8

���k)A�� canbeviewedasa collectionof lay-
ers representinganequivalencerelationon ������ . Eachlayer
containshorizontalmulti-edgesonly. The primary crossing
multi-edgesindicateinter-layerdatarelations.It is precisely
this layeredview of a graphwhatallow usto explore it visu-
ally.

� For � and � , asabove, the i-layer of � is themulti-digraph
with vertex set �?�@9Q and all the correspondinghorizontal
multi-edges.

� For a multi-edge �@BP)-_m of ani-layer its edge-sliceis thesub-
multigraphof the(i+1)-layer whosenodesarethechildrenof

B unionthechildrenof _ , andwhosemulti-edgesarethosein
the(i+1)-layer runningbetweenthesenodes.

� A goodmentalpictureof what thede�nitions convey is that
eachmulti-edge �OHG)JI6 hasbelow it a hierarchyof edge-slices
whereeachlevel representsanaggregationof previouslevels
andwherethe bottommost level is the subgraphof � with
vertices/*0f1�2�0546�7�

b
 union /*0�132�0546�7�

d
 andedgesof � run-

ning betweenthem. This is the justi�cation for namingthis
sectionHierarchical GraphSlices.

2.2 Constructing nporqAs.thu!v

TheprocedureConstruct /

8

���k)Q�l , presentedin [9], takesasin-
put a streamof edgesrepresentinga multi-digraph � anda rooted
tree � suchthat /*0f1�2�0546�7�� = �!���� . It returnsasoutput,a disk
resident,multi-level index structureto theedgesof /

8

���k)Q�l .
Lemma 1. /

8

���k)-�� canbeconstructedin time
�,�w� �!���� >�f


8

0�9;:3<3=>�7�� yxz� �!���� >�  

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

8

���k)-�� an ef�cient datastructureto usefor our visu-
alizationsystem.

Because/

8

���k)-�� is really � plus the collectionof layersof
� givenby � , we canthink of eachlayerasbeingrepresentedby
a two dimensionalgrid and � asa roadmapto navigatethe slice
hierarchy.

2.3 Handling the I/O bottlenec k

When � is an external memorygraphresidingon disk thereare
threecasesto consider:(1) � �ts in mainmemory, (2) � doesnot
�t but ������ does,and(3) ������ doesnot �t. The �rst two cases
correspondto whatis calledthesemi-externalversionandthethird
oneis referredto asfully external.We centerour discussionin the
�rst two casessincethey suf�ce for ourapplications.Thethird case
is not fully understoodyetandits solutionmaytake somethingof a
breakthroughbothat thealgorithmicandatthesystemslevel. In the
�rst case,theedgesof � arereadin blocksandeachoneis �ltered
up throughthe levelsof � until it landsin its �nal layer. This can
beachievedwith onepass.

In thesecondcase,amultilevel externalmemoryindex structure
is setup to represent� asa parentarrayaccordingto precomputed
breadth�rst searchnumbers.Filtering the edgesthroughthis ex-
ternalrepresentationof � canbedonein nomorethan

8

0�9@:3<`=>�7�� 

scansover thedata.
As pointedout in the introduction,the increasedavailability of

large RAMs makesit realisticto assumethat the vertex set�ts in
mainmemory. With multi-gigabyteRAMs beingarealityandusing
our approach,onecanprocessin principle any secondarystorage
multi-digraphde�ned onhundredsof millions of vertices.



2.4 Navigating the Hierarchy

Theconditionthat /a0�1�2�054{�7�� = �!���� guaranteesthatevery �?�@9A 

determinesapartitionof �!���� with every higherlevel beingjusta
partialaggregationof this partition. This implies in turn that from
any given layeronecanmove to any of theadjacentlayersby par-
tial aggregationor by re�nement of somesetsin the correspond-
ing partition. This is preciselythe informationthat is encodedin

/

8

���k)-�� . Namely, from any given multi-edge 0 in /

8

���k)-�� 

onecanobtainthesetof edgesin � thatarerepresentedby 0 . This
is theonly operationthat is neededto navigatesinceverticesin �

canbe easilyreplacedby their childrenby just following the tree
edges.Non-primarycrossingedgesbetweennon-leavesof thetree
canbeexpandedby usingthebasicoperationsde�ned below. The

|3}

� complexity is proportionalto thedifferencein heightbetween
thetwo endpoints.

Themainnavigationaloperationsusedby thecomputationalen-
gineare:

� Replacement: Given a vertex ~ in � , •�0JHy€•13‚ƒ0{�@~e substi-
tutes ~ by its children. This canbe implementedby gener-
ating edges„��@~P)w~y…� : ~%… is a child of ~ in �l† andvertices
children(~ ).

� Vertex zoom: Given a vertex ~ in � with children
~P‡�)J~eˆ	)ƒg]g‰g‰)w~eŠ , zoom�@~y generates„{�@~P)J~

…
 : ~

… is a child of ~

in � andpairs( ~y… ,~�‹ ) suchthatin theinputmulti-digraphthe
setof edgesfrom /*0�132�0546�@~

…
 to /*0�132�0546�@~

‹
 is non-empty† .

� Edge zoom: Given an edge �@~P)J23 , zoom�J�@~P)J23 J is de�ned
asfollows: „ deletetheedge �@~G)J23 ; •�0JHy€j1�‚ƒ0��@~y ; •�0JHy€j1�‚ƒ0��@23 ;
addall theedgesin thenext layer that run from thechildren
of ~ to thechildrenof 2`† .

Suitableinversesof theoperationsabovecanbede�nedprovided
certainrestrictionsareobeyed.For example,theinverseof •	0JHy€j1�‚>0

is de�ned, for a setof vertices,only if they areon the samelayer
andif they constituteall thechildrenof a vertex ~ .

3 Visual Navigation

Whenwe arevisualizingdatasetsthat are two to threeordersof
magnitudelarger (sayaround250million records)thanthescreen
resolution(typically aboutonemillion pixels), it becomesimpera-
tive to usea hierarchicaldecompositionof thevisualspace,partic-
ularly if we requirereal-timeinteractivity. In our case,we achieve
fastresponseby navigatinganinputgraphvia its slices.

Our systemallows the userto begin with a visualizationof an
initial layer, andinteractively focusonselectededgeswhichcanbe
zoomedin to producea visualizationof a slicefrom thenext layer
down thehierarchy. Currently, thesystemusesa mouse/keyboard
input interface. Using joysticks and gesturesto navigate the en-
vironmentis a possibilityworth exploring. Thebestrepresentation
for aparticularslicedependsonpropertiesof thegraphrepresenting
thatslice,sooursystemallowsavarietyof visualizationtechniques
to beusedfor eachslice. In thecaseof highly denseslices,which
areusuallyencounteredin higherlayersof theslice hierarchy, we
areoftenbestoff usingadjacency matrix stylevisualizationssince
the numberof edgesis too large to effectively usethe traditional
nodes-and-edgesvisualization.

In our experience,theprocessof drilling down on slicesworks
well to explore the realworld multi-digraphswe aredealingwith.
Suchdatasetshave highly skeweddistributions,andthis skewness
canbedirectlyobservedby thevisualcuesin our2D and3D repre-
sentations.For example,whenwe aredealingwith phonerecords

(calling frequency or total minutesof call), we arenaturallyinter-
estedin areasof larger edgeweights. Looking at the grid repre-
sentationshown in Figure4, we canquickly determinesuchedges
usingtheinclinationandcolorof thesticks.Wecanthenzoominto
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
components:theC computationalengineandtheJava-3Dgraphi-
cal engine. Givena largegraphasinput, thecomputationalengine
usesthe approachoutlinedin the previous sectionsto clustersub-
graphstogetherin a recursive fashionandgeneratesa hierarchyof
weightedmulti-digraphs.Theedge-slicesin eachlayerof thishier-
archyaresuf�ciently 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 metaphor, we amortizethe visual contentin every
scenewith the constructedgraphhierarchy. Further, the reduced
sizeof eachedge-slicemakesit possibleto provide the necessary
real-timefeedback in suchanexploratorysetting. As theusertra-
versesdeeperinto thehierarchy, thescenedisplayedbecomesmore
detailedin a restrictedportionof thedataset.

The graphicalenginehas two primary functions - generating
graphrepresentationsfor individual slices in

8

���k)Q�� using the
navigationoperationsde�ned in theprevioussection,anddisplay-
ing appropriatevisual cuesand labeledtext. One of the aims is
to help the userhave intuitive understandingalongwith complete
navigationcontrol.

We now describethemainvisualprimitivesthatallow a userto
move from onelevel of thehierarchyto anotherwhile changingthe
visualrepresentationif necessary.

Zooming

As theuseris viewing a particularslice,he/shecanusethemouse
or keyboardto pan,rotate,or zoomthe image.A thresholdcanbe
setwhich de�nes betweenwhich zoomfactorsthevisualizationis
valid. If theuserzoomsfarenoughin or outto exceedthethreshold,
a callbackis invoked which replacesthe currentslice with a new
slice.Whenzooming,thecomputationengineretrievesa new slice
representingtheclosestedgeto thecenter(which is wherewe are
zoominginto) andthesliceis placedonastack.Whenzoomingout
thecorrespondingsliceis retrievedfrom thestack.

Views

A varietyof visualizationscanbeusedto displaya givenslice. A
default is chosenautomaticallybasedon propertiesof the graph,
but theuseris presentedwith a list of visualizationtypesthat can
beselected.If analternateview is selected,thecurrentvisualization
is substitutedby the chosenreplacement.Our systemkeepstrack
of thepreferredview in casetheusernavigatesto otherslicesand
thenreturnsto a slice.Moreover, severalmechanismsareprovided
thatallow theuserto plug-in his/herown slicerepresentation.

Whenmultipleviewsof asliceareusedsimultaneously, they can
belinkedtogether. As themousepassesover elementsin oneview,
otherviews highlight thecorrespondingelementsin their view.

Selection

Theuserinterfaceallowsfor nodestobeselectedwith themouse.A
list of selectednodesis maintainedby thesystemwhichcanbeused
by differentvisualizationmethods.Typically, theselectionis used
to displaya sub-graphof thecurrentslice. For example,if we are
displayinga graphwhosenodesareall statesin theUS, 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.Whentheselectionchangeson
oneview of a graph,it is appropriatelyupdatedon corresponding
linkedviews.

Slice Computation

Our computationengine does not need to compute the entire
8

���k)-�� a priori, sinceit is likely that a userwill only navigate
througha subsetof thedata.Therefore,our enginerunsin concert
with thevisualizationinterfaceandactsasa server. The interface
startsoff by requestingan initial slice from the server. This slice
is convertedto a visual representation,which is navigatedby the
user. If theuserselectsto zoominto anedge,theinterfacesendsa
requestto theserver to obtainanew slice.Theenginecancompute
this sliceon the�y , or simply returnthecontentsof a precomputed
slice.

4 Slice Views

Thissectiondescribessomeof thebuilt-in visualizationtechniques
that canbe usedto displaygraphslices. MGV providesa �e xible

interfacefor de�ning new visualizationssowearenot limited to the
setof views thatwe describehere.

MGVworkswith slicesin theiradjacency matrix representation.
Slicesarevisualizedasa setof line segments,whereeachmatrix
elementmapsinto asingleline segmentwhoseorigin, length,color,
width, etc. dependon somemappingfunction Œ . In the simplest
case,we candraw the elementsonto a rectangulargrid, but much
moresophisticatedmappingsarepossible.

Our systemautomaticallytracks the correspondencebetween
edgesandvisualsegments.Thus,theauthorof avisualizationdoes
not have to handlethe detailsof userinteraction.Thesystemcan
determinewhich edgesareselectedthroughthe interface. It uses
this information to interactively label edgesanddeterminewhich
edgeis to bereplacedandexpandedwhentheuserzoomsin.

Currently, our visual metaphorsarebeingusedin the analysis
of several large multi-digraphsarising in the telecommunications
industry. Thesegraphsarecollectedincrementally. For example,
theAT&T call detailmulti-digraph,consistsondaily incrementsof
about275million edgesde�ned ona setcontainingon theorderof
260million vertices.Theaim is to processandvisualizethesetype
of multi-digraphsat a rateof a million edgespersecond.We will
useexamplesfrom thisdatato illustratethemetaphorspresentedin



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

this section2; we describeotherapplicationsin Section4.6.

4.1 Needle Grid

Oneway to view a slice is asa realnon-negative matrix • whose
entriesare normalizedin a suitablefashion. Each matrix entry

•k�@9J)�Ž{ is representedasa vector •3�@9J)�Ž{ with origin at �@9J)AŽ{ and
whosenormis obtainedvia a continuousandnon-decreasingmap-
ping • . Theangle 1�•e:e�@9J)@Ž{ that •3�@9w);Ž{ formswith thehorizontal
axis B is predeterminedby theorderof theentriesin thematrix • .
Weconstraintherangeof 1�•y:e�@9w)@Ž{ to runbetween•’‘ and � . One
suchpossiblemapping• is theoneprovidedby yourcarspeedome-
ter exceptthatnow theneedleincreasesin lengthasit rotatesfrom

•’‘ to � . We referto thevector •`�@9J)�Ž{ astheneedlecorresponding
to thevalue •?�@9w);Ž{ .

A rectangulargrid with the needles,representingthe values
•k�@9J)�Ž{ , placedat their correspondingorigins �@9J)�Ž{ , is called the
needle-gridrepresentationof the given matrix or a needleslice.
(seeFigure4 for an example). Note that the grid view for a par-
ticulargraphis notunique.It dependsontheorderingof thematrix
elements.

For oursetof phonecall datain Figure4, we canmake somein-
terestingobservations.First,weseehighvaluesalongthediagonal.
This indicatesa highercall volumefor interstatecalls in general.
We have arrangedthe orderof the matrix elementsto conformto
a Peano-Hilbertpath throughthe US map. In this way, clusters
aroundthediagonalcorrespondto countryregionswith high call-
ing traf�c. We canalsoobserve asymmetriesin the edgedensity
andthatcouldbeareaswith differingdensitiesof AT&T customers.
In general,patternsat higherlevelsof thehierarchycanbeusedas
explorationguidesat lower detail levels.

2Valueshavebeenchangedin thispaperto protectsensitive information.

4.2 Star Maps

The star-mapview rearrangeseachrow or columnof our matrix
into a circularhistogramrootedat a singlepoint. Thehistogramis
arrangedsuchthat the �rst valueis drawn at 0 degreesandvalues
areevenly spacedsuchthat the �nal value is drawn at �5‘ . This
resultsin a star-like appearance.We referto eachelementof a star
asa star segment. Starsegmentshave a lengthproportionalto the
valueof the edgeit represents.Additionally, the color of the star
segmentis dependenton the valueto provide an additionalvisual
cue.

Eachstarrepresentsa row or column,dependingon which type
of starvisualizationis chosen.The positionin which eachstar is
placedis arbitrary;however, if available,we canmake useof geo-
graphicdataassociatedwith eachnodein thegraph.For example,
supposewe arelooking at call detail data,whereeachnodein the
slicerepresentsaparticularstate.Wecouldsupplylatitudeandlon-
gitudefor eachnodeandarrangethestarsonaUSA map,asshown
in Figure5. In this case,we areplacingthe star representingthe
row (or column) Ž at thegeographicpositionof Ž .

The star-mapconveys a different type of information than the
needlegrid. It is particularlywell suitedto focuson a particular
subsetof verticesanddetecteasily amongthem thoseoneswith
higheror lower incomingor outgoingtraf�c. By moving themouse
over the segments,the correspondingvertex labelsget activated.
In the call detail data,we noticesomestateswith oneor two star
segmentsthatarelargerthantheothers.Moving themouseover the
segmentsrevealswhichstatestheseare.

4.3 Multi-comb

Themulti-combview canbethoughtof asanextensionof thestar
map. With star maps,an entire row or column of the matrix is
drawn suchthatit appearsasa singleobject(in theshapeof a star)



but it representsa 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 “ axisandconnectingtheendpointsof thecorresponding
star segments. An exampleis provided in Figure6. This single
object representsan aggregateview of a graphwith hundredsof
million of edges.

An advantageof this view is that we can comparerows or
columnsdependingif we look alongthestarsegmentsat a particu-
lar “ or if we look at all 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 overlaystarson top of
eachother. Insteadof putting eachstarat a different “ value as
wedowith themulti-comb,wedraw asinglestarasticks insteadof
segments,whereeachtick is placedattheendpointof thatsegment.
Theresultingpicture,asshown in Figure7, is a circularhistogram
with a distribution spectrumon eachstarsegment,which we call
a wedge. From this view, we canseethe min andmax valuesfor
a starline (which is a row or column),standarddeviation, median,
mean,etc. This is a two dimensionalview, which is preferableto
the multi-comb for static visualizations. The colors of the ticks
representthevalueof theback-edgein themulti-graph.Whenthe
matrix is symmetrical,thecolorsof ticks will occurin order. Thus,
we caneasilydetectasymmetrieswith this coloringconvention.

In our example,we canlook at thecalling distributionsfor each
state.We againseethat intrastatecalling is typically a lot greater
than interstatecalling, but this view revealsthe restof the distri-
bution variesa lot by state. Looking at the distributions can tell
uswhich stateshave moreregionalcalling patterns.For example,
NorthDakotamakesalot morecallsto Minnesotathanto any other
state,but Californiahasamoreevendistributionto theotherstates.

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

We alsoseethat the northernstatesof Idaho,MontanaandNorth
Dakotahave lower phoneusagethanneighboringstates.

4.5 Aggregate Views

Althoughwemapeachmatrixentryto exactlyonescreensegment,
we cancreatemappingswhich effectively computecertainaggre-
gateoperations.For example,supposewe areusingthe starmap
for a graphwith associatedgeographicinformationandwe want
to replacethe starswith a singlebar representingtheir aggregate
equivalent. We canaccomplishthis by creatingbar segmentsfor
eachstarandplacingthemon top of eachotheralongthe “ direc-
tion. Theresultingview will appearasasinglebarrepresentingthe
sumof valuesfor thatrow (or column),asshown in Figure8. Ad-
ditionally, ausercanmovethecursoronthebarto �nd outwhatare
thesegmentsthatmake up thebar, andcanzoomin on a particular
segment.

If we wish to do morecomplicatedaggregations,suchastaking
themean,medianor anarbitraryfunction Œ over thevalues,wecan
accomplishthis by mappingthe slice into a new slice represent-
ing the aggregationandvisualizingthat slice. For example,if we
wantedto visualizethe averageover eachrow, we would mapan

"”
P• sliceinto a "•
a� slice.Oursystemprovidesamechanismto
de�ne slice transformations,which areuseful in othercontexts as
well. For instance,supposeweareonly interestedin asubsetof the
vertices.We canusea slice mappingto selectout only the nodes
we areinterestedin. We canalsousetransformationsto rearrange
thevertex ordering.

4.6 Applications

Thenavigationoperationscanbeenhancedto performa varietyof
statisticalcomputationsin an incrementalmanner. They canalso
beusedto animatebehavior throughtime. Thestars-mapmetaphor
is veryusefulwhentheverticesof themulti-digraphhaveanunder-
lying geographiclocation(seeFigure5). This offersa high degree
of correlationbetweengraphtheoreticalinformationandtheunder-
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.

Wecurrentlyhaveinstantiationsof MGVthatvisualizecall detail
dataand network capacitydata. We can work with a variety of
otherdatasetsaswell; citationindexes,generallibrary collections,
programfunctioncall graphs,�le systemsandinternetroutertraf�c
dataare,amongothers,interestingdatasetsthat canbe explored
usingtheapproachdescribedhere.

Internetdatais aprimeexampleof ahierarchicallylabeledmulti-
digraphthat �ts quite naturallyour graphmetaphor. Eachi-layer
representstraf�c amongthe aggregateelementsthat lie at the 9Q–@—

level of thehierarchy(suchasIPaddressblocksor thedomainname
space).We canalsoapplythetechniquesto webdata.Considering
pagesasnodesandhyper-links asedges,we cantake a setof web
pagesasa digraph.A portalsuchasYahoo,whichcategorizesweb
sitesinto a hierarchy, couldbeusedas � .

5 Implementation

As mentionedpreviously, MGV is separatedinto acomputationen-
gine and a Java-baseduser interface. The engineruns as a web
server, andcommunicationtakesplaceusingthehttpprotocol.The
server encodesslicesasXML which arethenprocessedby the in-
terface.Theuseof Java-3Dmakesthesystemportableandallows
fastrenderingof visual representations,asit is ableto take advan-
tageof hardwaregraphicssupport. In the designof the interface,
we hadto make decisionson someinterestingquestionsregarding
thepresentationof thevariousvisualizations:

� How doweprovidecontext to theuserwhile he/sheis explor-
ing a nodedeepin thehierarchy?

� Typically, at eachlevel, therearea few sitesthat arepoten-
tially interesting.How dowecommunicatethis in thedisplay
andencouragethemto exploredeeper?

� Labelingis an importantissuewhendisplayinginformation.
How canweavoid theproblemof clutteringduringthedisplay
of labels?

� How canweapplygeographicinformationassociatedwith the
data?

In our display, we maintaincontext in two ways. We useone
window to displaya delayedview, with respectto zooming,of the
user's view (seeFigure9). We highlight thosedataportionsthat
have beenvisited alreadyto provide userswith informationabout
theextentof theirexploration.

The visualizationenginetracksthe mouseactivity of the user
anddisplaystextual informationabouttheclosestedgein aseparate
window.

Potentiallyinterestingregions(i.e. hotspots) arehighlightedin a
differentcolor to catchtheuser's attention.An obvious limitation
of thecurrentapproachis thatwhatis andis not interestingfrom a
dataminingpoint of view mustbepre-determined.

In orderto handletextual labelsin anef�cient mannerwedivide
the setof labelsinto two parts,staticanddynamic. Static labels
aredisplayedat all times. They area small fraction of the entire
labelset. Dynamiclabelsaredisplayedonly whentheuserselects
them. The combinationof staticanddynamiclabelsmanagesthe
excessive clutterin thedisplaywell.



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

6 Conc lusions

Needle-grids,star-maps,multi-combsandmulti-wedgesarethevi-
sualcounterpartof thegraphtheoreticalnotionsof edgesandneigh-
borhoods.They canbesuperimposedon anarbitrarylayoutof the
vertex set of a graph without cluttering the view. They can be
alsousedto visually representcertaintype of aggregatestatistics
on multi-graphs.Thesefactscoupledwith a prede�nedhierarchy
on the vertex setallow us to visually explore very massive multi-
digraphs. The navigation is basedon the notion of graph-slices.
Graph-slicesprovide �e xibility in termsof visual representations
andvisualnavigation.ThefactthattheMGVclient is implemented
in Java3Dhelpsmake thesystemhighly portableandextensible.

Ourmetaphorallowstheintegrationof visualizationandcompu-
tationon a largeclassof massive datasets.It opensthedoorto the
useof matrix theoreticalmethodsfor the hierarchicalanalysisof
very largedatacollections.In particular, thepseudo-automaticse-
lectionof color mapsdependingof thestatisticalpropertiesof the
dataat different levels of the hierarchyis oneof the major issues
thatwe areplanningto addressin thefuture.

Anothernaturaldirectionto pursueis to comeup with an ef�-
cientdistributedmemoryimplementationof MGV.
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