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Abstract

Structuralcomparisorof large treesis a dif cult taskthatis only

partially supportedby currentvisualizationtechniqueswhich are
mainly designedor browsing. We presentTreeJuxtaposen sys-
temdesignedo supportthe comparisortaskfor largetreesof sev/-

eral hundredthousandnodes. We introducethe idea of “guaran-
teedvisibility”, wherehighlightedareasare treatedas landmarks
that must remainvisually apparentat all times. We proposea
newv methodologyfor detailedstructuralcomparisorbetweentwo

treesandprovide a nev nearly-linearalgorithmfor computingthe
bestcorrespondingnodefrom onetreeto another In addition,we

presenta new rectilinearFocus+Contet techniquefor navigation
that is well suitedto the dynamiclinking of side-by-sideviews

while guaranteeindandmarkvisibility and constantframe rates.
Thesethreecontritutionsresultin a systemdeliveringa uid ex-

plorationexperiencethat scalesbothin the size of the datasetaind
thenumberof pixelsin thedisplay We have basedhedesigndeci-
sionsfor our systemon the need<of a targetaudienceof biologists
who mustunderstandhe structuraldetailsof mary phylogenetic,
or evolutionary trees. Our tool is also usefulin mary other ap-

plication domainswheretree comparisoris neededrangingfrom

network managemerto call graphoptimizationto genealogy
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1 Introduction

Biologists have beenworking towardsdiscovering the evolution-
ary treeof the history of speciessincethe time of Darwin. Until a
decadeago,the maininformationavailableto guidethemwaskey
morphologicalfeaturesfound by painstakingobsenration of living
organismsandthe fossil record. The scopeof thesemorphological
analysesvasusuallylimited to a few dozenspecieshut therecent
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Figurel: Left, Right Top: Biologistsfacedwith inadequateools
for comparingdargetreeshave fallenbackon papertape,andhigh-
lighter pens. Right Bottom: TreeJuxtaposes a scalabletool for
interactive explorationandcomparisorof trees.

explosionof moleculardatafrom DNA andproteinsequencingpas
allowed biologiststo tackleincreasinglylarge setsof species.To-
day somegroupsof systematidiologists,or systematistshave re-
constructedreesof thousand®f nodesandmary in the eld hope
to infer a completeTreeof Life, estimatedo containover ten mil-

lion nodeswithin the next tenyearsl.

Although onemight think that determiningthe Treeof Life de-
scribingall speciess mostly doneexceptfor a few minor excep-
tions, the oppositeis true. Thereis still controrersy on how to
catgorizewell-studiedgroupslik e vertebrate@ndeven primates,
andthesituationwith bacterisandvirusesis evenlessclear These
treesareof interestnot only to evolutionarybiologists,but alsoin
suchdomainsaspharmaceuticadlrug design:determiningthe pos-
sibletherapeutidunctionof anunknavn plantsamplemayrequire
alargenumberof expensve lab tests.By decidingwherethe plant
ts into the tree of already-recognizedvolutionaryrelationships,
onecanperforma muchmoretametedsetof tests.

Biologistshave mary toolsfor creatingtreesthroughautomatic
reconstructiofSwofford 1998]. A singlerun of a reconstruction
packagemaygeneratelozensor hundredf treesmary suchruns
with differentparametergould occurdaily, and systematistsnay
grapplewith a particulardatasefor years. Onecommonmethod
for comparingtreesis to treateachtreeasa pointin a “treespace”
andde ne ametricin thetreespaceo determinehow differenttwo
treesare. For example, TreeSefAmenta and Klingner 2002] is
suchatool thathelpsbiologistswinnow andcompardarge setsof
treesat a high level. However, a single numberthat summarizes
the differencebetweentwo treesis too coarsefor biologistswho
needto understandhe structuraldifferencebetweenwo trees.No
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toolsfor comparingreesin full structuraldetailexist now, but they
would be extremelyhelpful for biologistswho mustdeterminethe
truetreeamidstthesemary possibilities.

In this papemwe will useseveralbiologicalterms,whichwe now
de ne. A phylogenetictr eg alsoknown asa phylogeny, is anen-
codingof hypothesizeavolutionaryrelationshipsvherethe leaves
of the treerepresenturrentlyextant speciesr genes.An interior
treenoderepresentaninferredancestraspeciesrom whichall the
nodesn thesubtreaunderneatlit aredescendedindthesesubtrees
arecalledclades Ideally, phylogenetictreesare binary because
aninterior noderepresentshe bifurcationpoint whereonespecies
split into two distinct new species.However, higherdegreenodes
areoftenseenin a phylogenetiareewhenthe orderof bifurcation
cannotbedeterminedecaus®f missingdataor uncertainty Typi-
cally leavesarelabelledwith speciesiamedut theinferredinterior
nodesoftenhave nolabels.

A consensusr eeis madeby combiningmultipletreesinto asin-
gle treethatrepresentshe cladesthatarecommonto all the input
trees.In thecasewhentheinputtreesarebinary, theconsensugree
may have nonbinaryinterior nodes,indicating a structuraldiffer-
ence. Although consensugreescanhelp systematistsletectareas
of difference characterizatiomf the differencess not easyto ac-
complishthroughpurevisualinspectionof a singleconsensusree
becausestructuralinformation hasbeenlost: the sameconsensus
treedescribesnary possiblesituations anddistinguishingoetween
thesesituationss importantfor the biologists.

A relatedfundamentabperationunderlyingmary biologicalin-
vestigationdetweertreesis determiningwhethera cladeis mono-
phyletic acrosstrees. This problemcan be statedas discovering
whetherthe nodesin a subtree(ancestoiplus all descendantsp
onetreeform a cladein anothertree,or have becomeaforest.

1.1 Requirements

We have identi ed the following task requirementdrom discus-
sionswith ourtamgetaudienceof systematists.

Automatic identi cation of structural differences. Humansdo
not performwell at detectiontasks,sowe needcomputationasup-
portfor locatingthe areasof differencebetweertwo treesin order
to visually markthem. We alsoneedef cient structuraldifference
computationalgorithmsin orderto extend brushing[Becker and
Cleveland1987]to treecomparison.

Differ encescharacterization. The biologistsdo not simply need
to discover whethertwo treesare different: they mustunderstand
howtopologicalstructurediffer in detail. For this task,biologists
often needto inspectsmalltree areasat the sametime, if possible
in the contet of thefull tree.

Scalability in treeand display size. Thestatedgoal of the Treeof
Life projectis to createtreesof millions of nodeswithin the next
several years,andwe would like to supportnavigation and com-
parisonat that scale. Mary biologistsstill studytreesof only a
few dozennodesandcomparingeventhesesmalltreesis not easy
throughunsupportedisualinspectioralone.Severalgroupsareal-
readyworking with thousandsf nodesandtheir existing toolsfor
biologicaltreedraving do notadequatelsupporttreesof this size.
As aresult,thesystematistareoftenforcedto fall backon scotch-
tapingdozensof piecesof papertogetherandmanuallyannotating
this singlelargetree,asin Figurel. We would alsolik e to take ad-
vantage®f new displaytechnologiesuchasthe 9 megapixel IBM
T221display While mostsystematistslo not yet have suchdis-
plays, having more pixels with which to explore hugedatasetsis
animportantaid to scalability soour systemshouldwork well on
them.

We thusmustdesignalgorithmsthatdependon the minimum of
the total numberof visible nodes(tied to the numberof pixelsin
thedisplay),andthetotal numberof nodesn thetree.

Finally we obseredthatsystematidiologistsuseawide variety
of operatingsystemsjncluding Macs, Unix/Linux, and Windows.
We choseto build our systemusing Java and OpenGLusing the
GL4Java? bindings.By usingJava, we gainmulti-platformsupport
in returnfor aminor sacri ce of ef ciency.

1.2 Contrib utions

Our TreeJuxtaposesystemis a new tool for comparingandbrows-
ing largetrees.TreeJuxtaposeaelieson threebasictechniques:

Structural comparison. The structuralcomparisoris doneby as-
sociatingeachnodein onetreeto its most“similar’ node,the best
correspondingiode in theothertree. We proposea similarity mea-
surebetweemodesanddesignef cient algorithmsfor computing
the similarity measureébetweenary two nodesandfor computing
the bestcorrespondingiodes. Thesealgorithmsallow usto high-
light areaf differenceautomaticallyandsupportstructurabrush-
ing: interactve highlighting of the areadn the othertreesthatcor
respondo whatis underthe mousein the active treewindow. Our
algorithmstypically run in almostlinear pre-processindime and
provide lookup in almostconstanttime during interactive explo-
ration.

Guaranteedvisibility . We identify the conceptof guaranteedis-
ibility, the propertythat marked areasare alwaysvisible no matter
what navigation hasbeenperformedby the user It would defeat
our purposef our algorithmsautomaticallydetectedall suchareas
but the usermissedan areabecauseét wasout of the frustumor it
subtendediessthana singlepixel of screerarea.

AccordionTreenavigation. We presenta techniquefor tree navi-
gationthatis basednglobalrectangulaFocus+Contet distortion,
andis well adaptedo phylogenetidrees. Our algorithmincorpo-
ratesa novel extensionto the quadtreedatastructureand supports
efcient distortion-basechavigation and guaranteedvisibility of
rectilinearareas.Our techniqueprovidesgoodinformationdensity
both for non-binaryandbinary trees,asneededoy biologists,un-
like several previously proposedscalabldreelayoutmethodssuch
as[Lamping et al. 1995; Munzner1998]. Our progressie rendef
ing algorithmis similar to thesesystems providing a guaranteed
frameratefor treesof up to 500,000nodeson a rangeof display
sizes from alaptopto a high resolution9 megapixel display

2 Previous Work

Most phylogely treeviewersonly handlesmalltrees;anexception
is the TreeWz [RostandBornbeg-Bauer2002] systenthatscales
to 75,000nodes It doesnotprovide ary explicit featurego easehe
comparisorof large trees,andnavigatonis awkward becauseach
viewpoint changespavnsanewn window. In our currentimplemen-
tationwe cancompareour treesof 75,000nodeseachatinteractive
framerates.MacClade[MaddisonandMaddison1992]is perhaps
the mostsophisticateaf themary toolsfor interactive manipula-
tion of phylogenetidrees but it is not designedor scalability
Focus+Contextis a popularinformationvisualizationapproach
of shawing anareaof distortedaggrgatecontext aroundan easily
changeabléocuspointto allow alargeoverview integratedwith de-
tails in limited screerreal estateRobertsonet al. 1991; Munzner
1998]. Early examplesof global Focus+Contet systemswhere
changingthe focus point affects the entire visible area, include
DocumentLens[RobertsonandMackinlay 1993] and Continuous
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Zoom [Bartramet al. 1995]. One of our contritutionsis ef cient
algorithmsto allow this techniqueto be usedfor visualizinglarge
phylogenetidrees.

Tree visualizationis a highly active areaof researchwell de-
scribedin a recentsuney [Hermanet al. 2000], andwe limit our
discussiorhereto systemghatfocuson Focus+Contet exploration
of thetreetopology TherecentDOI Tree[CardandNation2002]
and SpaceTee [Plaisantet al. 2002] systemsmake heary use of
aggr@ationby automaticallydeterminingwhento collapsea sub-
treeanddisplayit asa glyph. Our oppositeapproachs to present
asmuchinformationas possiblegiven the pixel countof the dis-
play. Section5.3discussethejusti cation andcontritutionsof our
choiceof maximumvisible detail comparedo visualaggregation.

Few systemshave beenexplicitly designedor treecomparison,
despitetsimportancen mary domains.The TimeTubeandVisual-
izationSpreadsheetf Chietal [Chi etal. 1998;ChiandCard1999]
sharesomegoalswith TreeJuxtaposebut focuson shaving addi-
tion anddeletionof nodesvia color codingon the samecombined
layoutof all treesof interest.Our work shaws the structuraldiffer-
encesnoreeffectively, astheirapproachs similarto theconsensus
tree constructiondiscussedn Sectionl. Grahampresentsa sys-
temfor globalfocus+contet manipulationof multiple linked tree
views [GrahamandKennedy2001]. However, it scaledo lessthan
10,000nodesandonly links theperfectmatchesttheleaves,while
we solve the more generalproblemof nding bestcorresponding
nodesin theinterior.

Brushingandlinked highlighting [Becker and Cleveland1987;
WardandMartin 1995]areoftenusedwith smallerdatasetswhere
the all thedatapointsareassumedo bevisible on the screen.We
areexploring how the sameadwantagesanbe deliveredfor large
datastructurefor which screerimitations might not guarante¢hat
all elementsare visible on the screen. Although we arethe rst
to identify guaranteediisibility assuch,the discussionof infor-
mationresiduglFurnas1997]anddesertfog [Jul andFurnas1998]
have in uencedour thinking.

3 Algorithms

We next describeanddiscussew algorithmsfor computingstruc-
tural differencesdraving a globalfocus+contet layout,andguar
anteeingyisibility.

3.1 Structural Comparison

Structuralcomparisoralgorithmsunderliethreecentralaspectof
our system: automatic structural difference marking, structural
brushing, and guaranteedvisibility. We presenta nev method
for computingthe bestcorrespondinghode betweentwo treesin

nearlinearaveragetime during preprocessingWe alsoexplain the
constructionthat allows us to quickly computehow “similar” two
nodesareby usinga known rectangularangesearchinglatastruc-
ture. Suchcomputationis hecessaryor the guaranteedisibility

computationslescribedn Section3.3.

Both algorithmsdependon a de nition of similarity. Our strat-
egy is to rst associateachnodein onetreewith the most“simi-
lar” nodein theothertreeaccordingo a carefullychosersimilarity
measure Then,we canvisualizethe structuraldifferencebetween
two treesby highlightingthosenodesthatdo not have a very good
match. Our de nitions of similarity and BCNs are explicitly de-
signedto supportvisual highlighting that pinpointsthe nonmono-
phyletic cladesof interestto biologists. The associatiorbetween
nodesalsoallows usto implementinkedhighlightingconveniently

Associatingleaf nodesis straightforvard as eachleaf nodeis
labeledby a name,and we canassociatéwo leavesif they have
the samename. However, the associatiorbetweeninternalnodes

Figure 2: We shav the calculationof bestcorrespondingnode
scoresandthe highlighting of structuraldifferencebasedon them.
At eachinterior node of the large tree, we shav the similarity
scorebetweernthatnodeandevery nodein the othertree. We only
computethe scoresn the simpli ed spanningree,emphasizedn
black, and usethe highestone asthe BCN. Structuraldifferences
areshavn by markingthenodeswith BCN score  in red.

is lessclear Our similarity de nition canbe regardedas an ex-
tensionof previous work on consensusrees[Adams 1972; Sokal
and Rohlf 1981; Margushand McMorris 1981] and the RF met-
ric for trees[Robinsonand Foulds 1981], both usedextensively
in the biology community If for eachnode , let de-
notethe setof the labelsof the leavesin the subtreerootedat |,
then using the RF metric a node is mappedto a node
if . Becausehe previous work only con-
sidersperfectmatching,it may causetwo intuitively similar trees
to have very low similarity score. We extend this de nition by
using a similarity thatis usedto measurehe differencebetween

two sets— the similarity betweentwo sets is de-
ned to be ——. Onenice propertyof this measurds that the
functionde ned by is ametric,meaning
that both if andonly if ( ),

and . This measurehas also

beenusedfor detectingsimilar documentsn the StanfordSCAM
project[ShivakumarandGarca-Molina1995]andin the AltaVista
searchengine[Broderetal. 1997;Broder1998].

Using this measurewe are now able to comparetwo internal
nodesaccordingto the setsthey represenbr the setsof leavesun-

derneaththem. For two nodes and , we de-
ne the similarity betweenthem as .
For , the best corresponding node is

de ned to be the node that maximizesthe similarity score, i.e.
, with the tie broken arbitrarily,

asshavn in Figure2. This extensionis appealingbecauset re-
ects thefactthatin phylogenetidreesaninternalnoderepresents
the evolutionaryeventleadingto the creationof the speciesunder
neaththe node. BCN is not a one-to-onemapping,andtherefore
notsymmetric.

In whatfollows, we explain how to ef ciently computethe sim-
ilarity scorebetweenary two nodesandthe BCN for eachnode,
afteralmostlineartime preprocessing.

Similarity score query. For ary pair , we
would like to be ableto quickly compute In a nave
implementation,one may pre-computeall the pairwise similar-
ity scoresand storethem, requiring quadraticspaceand compu-
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Figure3: Left: Whencomparingtwo trees,computing

is equivalentto computingthe numberof pointsinsidearectangle,
whereeachlabelis mappedo a point in the plane. The intersec-
tion of the leaf setsfor subtreegootedat and is the upper
left square(C,E,F),andis the lower right square(B) for and .

Right: To computethe bestcorrespondingnodeof — we compute
thesimilarity for eachnodein  andpick the nodewith thegreat-
estvalue. The BCN computationcan be acceleratedy comput-
ing only thosevaluesat the nodesof the simpli ed spanningree,
shavn with redcircles.For example,atnode thesetof learesbe-

low and is(C,E,F)whilethesetbelov or is(A,C,D,EF),
SO . Therootof  hasthehighestscoreandis the
BCN of

tation time. Here, we presenta connectionbetweenthis prob-
lem andthe classicalrectangularangesearchingproblem. In pre-
processingye rst traversethe treeandcomputethe size of
for eachnode in thetree. This reduceshe problemof comput-
ing to computing as
. Wethenmapeachleafto a
pointin the planeby the following procedure we assigna number
to eachleaf node accordingto its orderin the post-order
traversalof the tree  for . For alabel , supposehat
and are the nodeswith the label . We map
to the point with coordinates . In a post-order
traversalthe nodesin a subtreearein consecutie order soanin-
tersectionqueryreducego computingthe numberof pointsinside
aqueryrectangleasshavn in Figure3 Left. This problemis well-
known in computationafjeometryandef cient solutionsareavail-
able [Preparataand Shamos1990]. We implementone algorithm
thatrequires pre-processingime and spaceand
cananswenary queryin time.

Best corresponding nodes. In previouswork [Day 1985],all
the perfectlymatchingpairs,namelypairsof nodeswith similarity
score , canbe computedin the optimal linear time. Computing
the bestcorrespondinghodesis moredif cult. Evenif we usethe
datastructurewe build for computingpairwisesimilarity scoresjt
would requirequadratidcime. We cando betterby realizingthatthe
BCN canonly appeaiat certainnodesn thetree.

Foratree andary subsetof leaves , we de ne the simpli-
ed spanningtree of to bethe subtreethatis formedby
rst computingthe spanningtree of the leavesin  andthenre-
placing eachpath of degree-two nodesby a single edge,to com-
presslong chainsof nodeswith only a single child. We obsere
thatthe BCN of mustbe a nodein the simpli ed span-
ning tree , asshavn in Figure 3 Right. By this obser

vation, it is shavn in [Zhang2003]that we can computethe best
correspondingnodesin an incrementafashionin a total of about
time. Thatalgorithmis howvever too complicatedfor im-
plementation.In practice,we usethe factthatthe BCN of a node
canbecomputedn time afterlineartime
pre-processingwe pre-computea datastructureto answerleast
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Figure 4: Left: Sparsequadtreeconstruction. A bottom-level
quadtreecell, shavn herein light blue, is createdfor eachnode
in thetree. Higherlevel cellsareonly createdf atleastonechild
exists,sothegrey cell in the upperleft corneris not createdn the
quadtreeThe spatialextentof a quadtreecell is determineddy the
relative split valueof theline dividing its parentin two: theredline
dividesthetop-level cell, andthe bluelines divide lower levels. In
the undistortedstate,thesesplit valuesareall .5. Middle: In this
simplezoom,the absolutepositionof every cell boundaryandtree
edgehaschangedjut only the split value of the red line differs.
Right: Nodegeometry Top: Interior node.Bottom: Leaf node.

commonancestoqueriesef ciently [HarelandTarjan1984],con-
structthe simpli ed spanningtree explicitly, andthen
traverse to computetheBCN of . Wethensimplyrun
this methodfor eachnodein . Althoughin the worst casethis
methodwouldrequirequadraticunningtime,for balancedreesthe
totalrunningtime is almostlinear( ). Fortunatelytrees
in phylogely andmary otherdomainstendto be fairly balanced.
Thereforethe simplemethodworksvery ef ciently in practice.

3.2 Spatialization and Drawing

Phylogenetidreesare mostcommonlylaid out usingone of three
methods:rectangularslanted,or circular After discussionsvith
our tamget populationwe chosethe rectanguladayout as a good
compromiséetweercompactnesandreadability(mary biologists
nd circularlayoutsdif cult to read).Thelayoutis donein a stan-
dardway: we rst placeall theleavesin averticalcolumn,equally
spacedasshovn in Figure4, andthenrecursvely calculatethe co-
ordinatesof theinterior nodesfrom the bottomup.

We chosea Focus+Contet navigation methodof expandingor
contractingrectangulaareas asif the treehadbeenlaid outon a
stretchableubbersheefSarkaret al. 1993]. The borderis always
anchoredo the frame,sothe effectsof distortionareglobal rather
thanlocal: groving someareasnecessarilymplies shrinking oth-
ers, andvice versa. The global distortion approachallows us to
strictly guaranteevisibility of marked areasaswe will discussin
Section3.3. We constrainthe deformationsothatreshapingrect-
angle propogateslong both the row and columnthat containsit.
Figures4 and5 shav thatmodifying a nodealsoaffectsthe subtree
beneatht andall of its siblingsat the samelevel in thetree. Bas-
ing everythingon rectanguladistortionssimpli es the conceptual
model of interactionand exploits the naturally hierarchicalstruc-
ture of subtrees.The AccordionDraver techniqueis namedafter
thevisualeffectthatcompressingomestripsandexpandingothers
is reminiscenbf thebellows of anaccordionput onecanof course
deformin bothdimensionsnotjustone.

Focus+Conte xt quadtree . Drawing a geometricrepresenta-
tion of thetreeimposesamappingbetweertheabstracelementof
thetreeandthe spatialextentsin which we lay out anddraw their
geometricrepresentationsEvery nodeis uniguelyassociateavith
the edgebetweernit andits parent.For simplicity we considerthis
node-edgepair asa single primitive, whosegeometricrepresenta-
tion is differentfor interior andleaf nodes,as shavn in Figure 4
Right. We needa spatiallyrecursve datastructureto hierarchically



storeandaccesghesegeometricobjects. A quadtreds the appro-
priatechoice,but we mustextendit to supportour requirement®f
distortion-basedavigationandguaranteedisibility.

Quadtreeconstructionis describedn Figure4. The heightof
thebottomquadtreegrid is the numberof leavesin thetree,andits
width is the tree depth. We build a sparsegrid, with a cell at the
lowestlevel createdonly whenit containsa treenode. At higher
levels, a cell is only createdif at leastone child cell alreadyex-
ists. We build increasinglycoarsegrid levelsin the quadtreewith
the top-level grid containingonly a single cell. The depthof the
quadtreas ,where isthenumberof leavesin thetree.

We attacha node-edgepair to the smallestquadtreecell that
completelyenclosest. Theseattachmentarepermanentgeomet-
ric elementdo not move from cell to cell. Navigationchangeshe
absolutepositionsof quadtreecell boundarieshut the edgesthey
containkeepthe samerelative offsetsto the cell borders. Using
theanalogyabove, boththe geometryandthe quadtreecell bound-
ariesareontherubbersheetandtheboundaryinesarethehandles
with which to stretchor shrink the sheet. Therefore our quadtree
structurehasa x ed cell-elementattachmentelationshipbut the
geometryof cellsin the quadtreeare e xible asthey may change
dueto the userinteraction. This is differentthantypical quadtree
usein which the geometryof quadtreas x edbut the cell-element
attachmenthanges.

We storethe cell boundarieshierarchically as a split position
with avaluebetween and thatdeterminesheallocationof space
betweena cell's childrenrelative to its own borders. The grid is
uniform whenevery splitis setto  , andFigure4 shavs how a
simple global deformationcan be the result of changinga single
split value. In more extremecasesa child boundarymight need
to move outsideof the currentabsoluteposition of its parentcell
boundariesandwe mustalsochangehe parents own splitin order
to maintainthe hierarchicalrelationshipbetweenparentand child
cell borders. The worst caseof a ripple effect of deformationsall
theway up to theroot quadtreecell is boundedby the depthof the
grid, andis thus work to updatecell boundariesLookup
of absoluteposition hasthe samecompleity, with a a similar hi-
erarchicalquadtredraversalfrom thetop down. We storerelative
split positionsinsteadof absolutecoordinatedecausét makesthe
costof eachupdatesmall while it is still efcient to computethe
coordinateof eachcell onthe y. For efciency, we alsocache
the coordinatesothatthey do not have to berecalculatedvithin a
singleframe,whenno navigationalchangesanoccur

Progressive rendering. Justas we designfor the situation
wherethe visible elementdn the scenearea small fraction of the
total nodesin the tree, we also supportrealtimeinteractionwhen
thenumberof elementghatcanbedravn in asingleframeis only
a small fraction of the visible elements. Our draving algorithm
is similar in spirit to that of H3Viewer [Munzner 1998; Munzner
2000], wherethe sceneis divided into small piecesthat require
roughly constanamountsof time to render andthework unitsare
orderedaccordingto their visualimportance We have a x edtime
quotaperframeto ensuraapidinteractve systenresponseWe use
the rst frame's time to drav the mostimportantitemsin the back
buffer, thenprogressiely adddetailto thescendn subsequerftont
buffer framesif theuseris notactively moving thestructure.In this
case the quantumof work is a quadtreecell, or more speci cally
the treenode-edgeairsattachedo thatcell. The key problemis
choosingthe correctdrawing order becaus@poorchoicewill lead
to distracting ick ering for smalltreesanda completebreakdan
of realtimeinteractionfor big trees. The mostobvious solutionof
simply startingat the tree root fails dramaticallywith distortion-
basechavigation.

Onepossiblecriterionfor visualimportances to orderthequeue
by the currentscreenareaof the cells. However, this orderingig-

Figure5: Treecomparisorbetweentwo variantsof a single phy-
logeneticreconstructiorrun, with the exact location of structural
differenceq(in biological terms,nonmonophyleticlades)marked
in red. Theleft treeis in the undistortedovervien position,while
partsof theright sidehave beenexpanded.Left: A small55-node
tree.Right: A larger1600nodetree.

noresthe topologyof thetree,andusersfoundit distractingto see
disconnectedubtreesppeamvhile therenderingorogressedAlso,

wheninteractingwith directmanipulationthevisualimportances

moredependenbn proximity to the currentlocusof attentionthan

screensize alone. We thusbegin with the site of the mostrecent
userinteraction,presumablythe focus of the users attention,and

work outwardsfrom therein orderto prioritize drawing visibly con-

nectedcomponentsWe enqueueells basedon the treetopology:

afterwe drav anedgeattachedo thecell, we enqueughequadtree
cellsthat containthe treeedges parentand children. The accom-
parying videoshavs the ef cacy of our approach.

3.3 Guaranteed Visibility

In Section3.1we describehow to computethedifferencesbetween
two trees.Herewe discusshe problemof ensuringthat thesedif-
ferencesare always madevisible to users.We usethe termguar-
anteedvisibility (GV) for thepropertythatsomemarkdeemedm-
portantis alwaysvisible onscreen(SeeSection4 for a discussion
of themarktypesconsideredmportantin our system.)in agraph-
ics systemthere are three main reasonghat a highlighted object
would notbeseeronthescreenculling for beingoutsidethe view-
ing frustum (frustumculling), culling becauséts projectionon the
screenis smallerthana pixel (LOD culling), or occlusionby an-
other object. While thesesituationsare not an extreme concern
whenbrowsing, they are major breakdavns in a systemdesigned
for identifying differencesbecausehey force usersto carryoutan
exhaustve searchof the entire navigable area. Humansperform
poorly in sucha detectiontask,andmorewer a searchwould force
theusersto abandora carefully chosercurrentpoint of view.

Culling. In the vastmajority of graphicsandvisualizationsys-
tems,the viewport is smallerthanthe areaof interest,introducing
the possibility of frustumculling. In our approachve ohviate that
problemby relying on a global Focus+Contet technique where
thefull datasets presentednthescreeratall times.

Evenif we guarante¢hat eachdataseelementhasa projection
insidethe viewport, an elementcould be too smallto be seen,in-
troducingLOD culling. Thatis, it couldsubtendessthanasingle
screerpixel afterapplyingthetransformatiorfrom world to screen
space. To guaranteevisibility of marked areas,beforeculling a
nodebecauséts projectedsizeon the screeris too small, we must
efciently querywhetherthe spatialextentof the subpiel cell en-
closesary highlightedobjects.



Figure6: We compare7K-nodenonbinarytaxonomy(left) with a
6K-nodebinary phylogely (right) by markingclades/subtreedVe
mark four clades,andthe top two arenot monophyletic:they be-
comeforestson theotherside.

In Section3.1wedescribedhealgorithmfor computingthesim-
ilarity scorebetweertwo nodesefciently. Thatalgorithmis also
usefulfor providing GV ef ciently. In GV drawing, thedecisionof
highlightinga cell depend®n whetherthe cell containsnodesthat
belongto arangeselectedn theothertree.Whenwe build thehier
archyof quadtreecellsat startup we performa post-ordetraversal
of the quadtredo storethe minimumandmaximumindicesof ob-
jectsattachedo acell'sdescendantdNe thenassociatéheintenal
betweerthe minimumandmaximumindicesto eachcell. Thisas-
sociationis conserative asa cell may containnodesfrom different
partsof thetreeandthatarenot necessarilgontiguous.

In orderto usetherange-checkinglatastructure we mustcon-
tinueto useobjectindicesbasedn apost-ordetraversalof thetree
topologyratherthanspatialextent. The rangecorvergesaswe de-
scendhequadtredhierarchyandis necessarilgxactfor thelowest
level cellsthatcontainonly asinglenode.

We dotherangecheckonly for subpixel cellswhenwe consider
whetherto halt spatialrecursion.If thereareno marked areaswe
simply stop. If we have alreadyhighlightedthis cell becauseof
an attachedmarked object, we canlikewise halt. Otherwise,we
continuethedescentntil we have resoledthe marklocation,thus
avoiding potentialfalsepositve marksfrominexactranges Theap-
proximationmeangshatsomeunnecessaryork will beperformed,
but we cancachethe resultsuntil the marksare next changedas
describedn Section4). The importantpropertyof our algorithm
is thatno necessaryvork will ever be missed.andFigure?7 shavs
thattheoverheads acceptable.

Occlusion and labels. The only sourceof occlusionin our

systemis text labelsfor interior edgesbecausave areusinga 2D

representationAlthough mary phylogenetidreeshave labelsonly

attheleafedgesasin Figure5, we supportiabelsatinternaledges
for full generalityasshawvn in Figures6 and8. We calculatethepo-

tential positionof alabelrelative to the currentpositionof its edge,
asshavn in Figure4 Right, anddraw it only if it doesnot occlude
ary previously drawvn labelsin the scene.(We usestandardaxis-

alignedboundingboxesfor ef cient collisiondetectior{M dller and
Haines1999].) The onscreerabel densityis usercontrollable by

changingthe size of the buffer zonearoundeachlabel that deter

minesthesizeof theboundingbox. Thedrawing orderdescribedn

Section3.2thushasa strongin uence onwhich labelsarevisible.

To improve legibility over complex backgroundsvhile limiting the

occlusionin thetreeinterior, we usea contrastingone-pixel border
ratherthana backgroundectangle.

4 TreeJuxtaposer

We have implementedhe techniquesiescribedabove in TreeJux-
taposera global Focus+Contet systemfor comparinglarge phy-
logenetictrees. The systemhandlessimultaneousomparisonof
severaltreesusingstructuraldifferencecomputationgor every pos-
sible pair, andcanalsobe usedasa browserfor a singletree.

Figure5 shaws a typical layoutwhile comparingwo smallphy-
logenies. Eachtreeis drawn in its own panelusing a rectilinear
layoutwith theroot on theleft. Edgesarerenderedassimplelines
(linewidth is controllablewith slider on the tool panel)andnodes
areindicatedby asmallsquare.

Our color schemeis designedo scalewell evento very large
trees. Our designresultsin large areasof denselypacled edges,
particularlyat the leaf level. We wish to avoid total visual unifor-
mity in thoseareasvhichwould leadto afeaturelesgxpansenvhen
not highlightedandexcess¥e visualimpactwhenhighlighted. We
thusmodulatebrightnessindsaturatiorof thetreeedges.

Unmarled edgesare renderedn lighter shadeof grey asthey
arefurtheraway from theroot. Theresultingbrightnesgradations
provide a redundantcoding of topologicalinformation. Densely
pacled areagprovide contextual landmarkfeaturesaiding userori-
entation,and in expandedfocus areasbrightnessis an additional
clueaboutthecurrenttopologicaldepthof theareaunderconsider
ation. In highlightedareasve modulatethe saturatiorof eachnode
dependingnthecurrentvisualextentof its subtreesothatdensely
pacled areasaredesaturatedb conterbalancghe visualimpactof
theiraggregation.

4.1 Visual query mechanisms

To helpthe analysisof the differencesetweertrees,nodescanbe
coloredin four differentways. Themostbasicmechanisnis linked
mouseuwer highlighting: thenodeunderneattthe mousecursorand
the bestcorrespondingiodesin all othertreesaretemporarilyre-
drawn in in gold. Their labelsarealsounconditionallydravn with
a gold backgroundso mousewer causesemporarypopupfor the
vast majority of labelsthat have beensuppressedo achie/e the
targetvisual density Becausananipulationof subtreess both bi-
ologicallyimportantandcentralto our navigationschemewe also
indicatethe extent of the subtreeunderneathhathighlightednode
in theactive window with anunobtrusie frame. Thesechangesre
madewith a combinationof xor drawving andpixel readbackn the
front buffer, for immediateresponseavithout incurring the costsof
afull sceneredrav. The secondhighlighting mechanisnoperates
througha standardsearchinterfaceto let usersrapidly nd anode
with a known nameby selectingit from analphabetizedist. It is
thenmarlkedin magentaandcanbe expandedn demand.

Thethird way to color treesis to highlight structuraldifferences
by markingnodesfor which in red. Our sim-
ilarity de nition waschosenso thatthe nodesmarked in red pin-
pointthe nonmonophyleticlades An unmarkednode,anodewith
a BCN scoreof , doesnot imply the subtreebeneathit hasan
isomorphiccounterpartn the othertree. If we marked every node
with non-identicalstructuresunderneaththe markswould be so
numerousasto be uselessRather if all the nodesin a subtreeare
unmarled,thentheredoesexist a structurallyidenticalcounterpart.
Our designtamgetis treesthataremostly similar, with scatteredar
easof difference.However, differencehighlightingcanbetoggled
off in casesvherethetreesaresodissimilarthatthetreewould be
overwhelminglyred.

Finally, the entire subtreebeneatha nodecanbe highlightedin
a userchosencolor, andthe BCN of eachnodein the subtreeis
also highlightedin the othertree. Thatis, if the subtree is
highlighted thenall thenodesn arehighlighted
in the othertree. Highlighting the subtreebeneatha red edgewill



resultin highlightednodesin theothertreethatform aforestrather
thana contiguoussubtree Figure5 Left shavs anonmonophyletic
clade:the subtreaunderneathhebottomrededgeof theright-hand
treeis blue,andontheleft sidetheblue areagorm aforest. Figure
6 shavs four marked cladeson the left-handtree,andthe top two
monophyleticcladesarescatteredhroughoutheright-handtree.

We do not maintainan explicit list of all highlightednodes be-
causetraversingthat list would be linear in the total node count
whenlarge partsof the treearemarlked. We delaythe decisionof
whatcolor to usefor a nodeuntil rendertime, sothatwe only pay
the costof checkingfor the visible nodes. As describedn Sec-
tion 3.1, eachsubtreeis associatedvith a rangeboundedby two
integers,andit takes time to checkwhethertwo sub-
treeshave leavesin common,or equivalently to nd whetherasub-
tree shouldbe highlighted. We cachethesecolorsuntil the users
next changein marking subtreesor toggling the structuraldiffer-
encemarkdisplay We thusmaintaintheinteractvity of thesystem
evenwhenvery largesubtreesareselected.

4.2 Navigation

We navigatein TreeJuxtaposewith rubbersheetstyle expansions
and contractionsof rectangulamareas. The main navigation mode
usesthetreetopologyasa startingpoint: the rectangulaboundary
of ary subtregby default,theoneunderthemouseanbeadjusted
eitherby directly draggingthe boundaryrectanglecornerto a nev
placeor by animatedransitionsin x edincrements.During com-
parisonusersoftenwantanalagousreasn eachtreeto bethefocus
and nd it cumbersoméo navigateseparatelyn eachwindow. We
provide the optionof linked navigation,wherethe subtreedeneath
the bestcorrespondingnodesin otherwindows areresizedn lock-
stepwith that of the active window. Entire forestscanbe growvn
or shrunkwith linked x ed-intenal transitions. Unlinked naviga-
tion in a singletreeis possibleby rst draggingout an arbitrary
screen-spacectanglethendeformingit to the desiredsize.

5 Results and Discussion

5.1 Performance

TreeJuxtaposes a highly scalablesystem even comparedo pre-
vious work that addresghe simplerproblemof browsing: we can
interactin real time with a single tree of 550,000nodes. When
comparingwo trees the systemcanhandlea sumof upto 277,000
nodes,asshavn in Figure8. Both benchmarksvererunona2.4
GHzPentiumlll machinewith 2GBof RAM, usingjaval.4with an
heapof 1100MB andannVidia Quadro4700XGLgraphicscard. It

runswell on alarge variety of displaysfrom a simplelaptopto the
latesthigh resolution3800x240Qixel IBM T221 atpanel (driven
by an nVidia Quadro4900XGL). We do not shav that rangein

the gures becauserinting a full-resolution screenshotvould re-
quiremoreareathana standargage seeinsteadheaccompaying

video.

In Figure7 we shav theoverheadf ourmajordesignchoicesby
graphingthe time requiredto renderan entiresceneasthe number
of treenodesincreasesWe seethatthe computationcostis linear
in thenumberof nodesup to athresholdafterwhich the coststops
increasing We havethusachiezedourgoalof boundingourcompu-
tationcostshy thedisplaysizeratherthanthetotal numberof nodes
whenthetreeis large. Ourtechnique®f progressie renderingand
guaranteedisibility doincuroverheaccomparedo ourbaselineof
LOD culling (whichis itself alwaysbetterthanthe naive approach).
We succeedht mitigating the costof GV with caching. Although
progressie renderingis expensve, prioritizing the elementsy vi-
sualimportances a major contritution to the effectivenessof the
interactive experiencevhenusing TreeJuxtaposer
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Figure 7: Statisticsshawing the overheadof our designchoices,
with thebenchmarlof completebinarytreesrangingfrom  leaves
to leaves. The red line is the naive case,where we render
all edgesstartingfrom the root. The yellow baselineshavs LOD
culling. The cyanline hasLOD culling and progressie rendef
ing. Thegreenline shavs LOD culling, progressie renderingand
guaranteedisibility support.The blackline, which representshe
normalstateof TreeJuxtaposehasthepreviousfeaturesdut caches
the GV computationgor addedef ciency. Theseperformanceg-
uresarefor a2.2GHzPentiumXeonwith 2GB of RAM, usingjava
1.4with aheapof 1500MB andannVidia Ti4600graphicscard.

Our progressie renderingalgorithmmaintainsa constanframe

rateondisplaysof up to ninemegapixelsusingonly asinglegraph-
ics card. Neverthelessye seetheinevitable limit of this approach
even if we had an optimal orderingfor draving: asdisplay size
grows, theamountof time to completelyrendera scenealsogrowns
andthe proportionof the scenethatwe candraw in a singleframe
decreasesThis problemis not speci ¢ to our applicationor con-
guration. For example,a similar problemwas reported[Guim-
bretiere2001] while usingbrainstormingools on the Stanfordin-
teractve Mural, a 9 megapbel digital whiteboarddriven by a 32-
noderenderingcluster

Wewill continueto work towardsthemotivatingexampleof han-
dling the entire Tree of Life. Thusfar we have focusedsomevhat
more on time ef ciency thanspaceef ciency, so our currentbot-
tleneckis memoryfootprint ratherthan computation. We believe
thatmakingseveralohviousre nementswill leadto majormemory
ef ciency improvements.

5.2 Structural Comparison

Our algorithmsfreethe userfrom the painstakingaskof manually
identifying patternspr worseyet manuallycon rming thata given
patterndoesnotexistin thedatasetTheapplicabilityof ourmethod
of computingbestcorrespondingiodeshasbeencon rmed by ev-

ery biologistto whomwe have shavn the system,which is heart-
ening given the plethoraof differentmetricsfor whole-treecom-
parisonthatarecurrentlyin use[RobinsonandFoulds1981;Sokal
andRohlf 1981]. We have found that the comparisorfeaturesof

thistool areappreciate@venby the mary biologistswho still work
with relatively smalldatasets.

As for efciency, the query costis nggligible, and our prepro-
cessingalgorithmsarevery ef cient in practice.For example BCN
computatiortakesonly 7 secondst startuptime to compareatree
of 137,000nodeswith one of 140,000nodes,and the rangetree
constructiontakes 29 seconds .Both benchmarksre on the Xeon
PC mentionedabove usingthe datasetshawvn in Figure8.



5.3 Focus+Conte xt

Previous Focus+Contet literature focusesmostly on browsing.
While SpaceTee [Plaisantet al. 2002] and H3 [Munzner 1998;
Munzner2000] are able to display large trees,thesesystemsare
ill-suited for the task of comparisorbecausehey cannotguaran-
teethatmarked areaswill bevisible onthescreenSpaceteeuses
unconstraine@D navigationwhich meanghatmary nodescanbe
outsidethe frustum,while H3 culls away subtreesvhoseprojected
areaswill belessthanonepixel onthe screen.(Moreover, the H3
layout resultsin very poor information densitywith the common
phylogeneticaseof binarytrees.)

Our preventionof frustumandsubpiel culling comesat a cost.
GlobalFocus+Contet navigationtechniquegouldbeconfusingto
novice usersbecauséighly compresseadreasare sometimedif -
cult to identify. Guaranteeingisibility of subpixel selectedareas
incursthe computationakxpenseof a rangecheckbeforehalting
the quadtreetraversal. Neverthelesswe seefrom Figure 7 that
cachingtheinformationleadsto acceptablg@erformance.

Visual aggregationversusglyphs. In TreeJuxtaposexe drav as
muchdetailaspossible down to thelevel of onepixel. This maxi-
mumvisible detailapproachs diametricallyopposedo displaying
aggr@ateinformationin aglyph,asexempli ed by DOITree[Card
andNation2002]andSpaceTee[Plaisantetal. 2002],wherevisual
encodingtechniquesieliver abstracsemantidnformationabouta
structureandhide the details.Becauseave usetrue geometryrather
than a monolithic glyph, we can usethe very lightweight query
mechanisnof mousewer highlightingto quickly getstructuraland
labelinformationat the pixel level. Similarly, our guaranteedisi-
bility framework goesbeyond simply indicatingthe existenceof a
marled area- the exact position of the mark impartsinformation
aboutthelocationof thatmarked areawithin the subtree Although
we have designedhe navigation systemfor maximum uidity , we
alsorecognizethat having high information density of ary given
staticview is usefulin minimizing the total amountof navigation
thatmustbeundertaknby theuser

In mostglyph-basedystemsexpansionsareexplicitly triggered
by userselectionof a point of interestandsometimegontractions
mustalsobe explicitly requestedin our approachusernavigation
implicitly controlsexpansionsand contractionsof subtreesa fea-
turethatsupportdasterassimilatiorof unfamiliar datasestructure.

We have takenaparticularlyextremeapproachn thismaximum-
detaildirectionto exploreits potential, becausehe preponderance
of previous work hasinvestigatedhe bene ts of aggrgation. Fu-
ture systemamay well bene t from hybrid approacheshat memge
thebene tsof bothvisual simplicity andthe power of detail.

5.4 Guaranteed Visibility

Theconcepf guaranteedisibility hasprovento bevery powerful
becausé relievesour userdrom thejob of exhaustve exploration,
by providing directiononareaf interesiasnavigationtargets. It is
of coursenot limited to this speci c applicationandcanbe applied
to otherinformation visualizationsystemas well. For example,
visible landmarksarecritical for way nding in the physicalworld
[Lynch1960],andwe conjecturehat GV will helpusersmaintain
their orientatiorwhennavigatingthroughlargeinformationspaces.

Occlusions. While occlusionis a familiar problemin 3D systems
(for example, the in uential Cone Tree [Robertsonet al. 1991]),
it canalsobe presentin 2D approachebecaus@bjectscan mask
eachotherssuchasin the DOI Tree[CardandNation2002]or sim-
pleitemslik e labelscanhide highlightedareasIn our systemonly
labelscan createocclusions. While we alleviate this problemby
usinga contrastingporderratherthanthe usualopaquéebackground
rectanglefor thelabel, markscanstill sometimede hidden.Users
mustoccasionallyturn off labeldraving brie y in orderto locate

areasf interest.Althoughthis solutionis notideal,it doesnot oc-
curoftenin practice especiallypbecausenostphylogenetidreesdo
nothave interior nodelabels.Furthermoremouseeer highlighting
wherelabelsappeaibrie y aspopupsdoesallow usersto stayori-
entedevenin theinteriorif they have chosera sparsdabeldensity
While we consideredranslucentabels,they would be very dif -
cult to read,andthe progressie renderingalgorithmdescribedn
Section3.2 would have to be muchmore comple to alsosupport
back-to-frontdraving semantics.

Guaranteed frame rate. Ourwork uncorersaninterestinginter-
actionbetweenguaranteedisibility andguaranteedramerateal-
gorithms. With a genericguaranteedrame rate algorithm, some
objectsmay be culled becauséhe systemis runningout of time to
drav them.Evenin aGV systemwith progressie rendering havi-
gatingtowardaselectednarkcanbedif cult becaus¢hemarksare
not guaranteedo be in the rst frame,only in the nished scene,
so the mark could disappearfrom view during interaction. In the
worst case,the entire scenecould be marked so thereis no way
to guarante¢hatall marked areasaredravn within the rst frame.
We couldaddresshesituationwherethenumberof markedareass
smallandthey couldhave beenvisible hadthey beenorderedearly
in the drawing queue.Although our designdecisionto evaluateon
the y whetheran elementis marked makesit expensve to keep
track of marked areasexplicitly, it couldbeinterestingto integrate
markingstatuswith our currentdraving ordercriteria.
Ourcurrentapproacho guaranteeffamerateis purelygeomet-
ric. It might be fruitful to exploit inter-frame cohereng through
texture,asdonein the Talismansystem{Torboig andKajiya 1996].
We could startby saving the resultof the previous sceneasa tex-
ture, mapit to re ect the changesn expansionsand contractions,
andthen Il in only theareasof majorchangegeometrically

Visibility versusdetectability. In this paperwe have focusedon
thenotion of visibility: thefactthatanobjectcouldbeseenonthe
screen.However, somethingvisible canstill be dif cult to detect:
anobjectmadefrom 1x4 redpixelsis technicallyvisible, but could
bedif cult to detectona200dpidisplay Therelationshipbetween
thetwo notionsis in generahon-trivial: factorssuchassaturation,
hue,brightnessandvisualextententerinto play. For example,sim-
ply increasingthe visual extent of highlightedareaswould leadto
undesirableocclusion,andusingothervisual encodingtechniques
suchasamaving outline could prove distracting.

Indir ect guaranteedvisibility. Our de nition of guaranteedis-

ibility is strict, mandatingthat all marked objectsare always di-

rectly visible on the screen.If insteadsomenavigationis accept-
able, the underlyinggoal of ensuringthat highlightedobjectsare
not missedcan be approximatedhroughother mechanisms.For

instance,graphicaldiff  tools have a marked scrollbarthat can
be consideredin always-visibleindex, eventhoughthe main view

is only partial. Anotherapproachwould be automatechavigation,
wherea seriesof viewpoint changesshaws all interestingplaces
brie y, in the style of Asimov's GrandTour [Asimov 1985]. Strict

GV hasenoughconstraintghatit cannotbe integratedinto mary

previous systems but indirect GV addsenough e xibility that it

could be addedto glyph-basedsystemssuchasDOI Trees[Card

andNation 2002]. The multiscalenavigation analysisof Jul and
Furnasdiscusseshe needfor visible “residue”, which is a form of

indirectGV.

5.5 Other application domains

Our currentsystemis a standalonepplicationtargetedto the area
of phylogery. We would like to integrate our systemwith exist-
ing phylogely manipulationtools like Mesquité at the API level,

Shitp://www.mesquiteproject.org



sothat the resultsof more sophisticatediological queriescanbe
graphicallyexploredin largetrees.

While phylogenetictree comparisorwas our primary intended
task,we believe that our systemwill be usefulin numerousother
domains Althoughthe nomenclaturef monophyleticladesis un-
familiar outsideof phylogeneticspur de nition of similarity leads
to avisualindicationof the exactareasf structuraldivergencebe-
tweentreesthatis broadly applicable. In biology alonethereare
mary otherproblemsrequiringtreecomparisonincludingcompar
ing the dendrogramsesultingfrom alternatehierarchicalcluster
ingsof microarraydata] SeoandShneiderma2002]. Formalmeth-
odsfor verifying computerhardware and software generatehuge
proof treeswherecomparisorcould guide the developersin re n-
ing their solveralgorithms[Neufeldetal. 1997]. Webdesignersare
ofteninterestedn comparingthe hyperlink structureof their sites
beforeand after major site reoiganizationgChi and Card 1999].
Figure8 shaws a networking exampleof two spanningreesof the
Internetbackboneroutertopology This is the samedatasetused
in a widely distributed seriesof four posters*, one per year but
it wasessentiallyimpossibleto usethemto comparethe network
structurefrom yearto yearthroughvisualinspection.It hadnever
beenexploredin aninteractve systemdueto its sheersize before
we loadedit into TreeJuxtaposer

6 Future work

Our currentde nition of similarity doesnottake edgeweightsinto
account. Mary biologistsuse treeswith weightededges,where
the weightsrepreseneither elapsedime or levels of uncertainty
We would like to develop a structuralcomparisoralgorithm that
dealsproperly with edgeweights. De ning an appropriatesimi-
larity measures a challengingproblem, and even someolvious
extensionsaredif cult to computeefciently.

We would alsolik e to explore furtherthe conceptof guaranteed
visibility. Our work alreadyidenti es someimportantaspectof
this conceptbut muchmoreneedso be done. For example,while
weguarante¢hatmarkedareaswill beshavn to theuser ourmarks
are relatively coarse-grainedour structuraldifferencemarks do
not distinguishbetweena contiguoussubtreeand a separatedor-
est. We intendto extendthe notion of guaranteedisibility sothat
markscanre ect moreinformation aboutthe hiddeninformation
they represent.

7 Conclusion

We have presenteda systemthat allows interactionwith and de-
tailed structuralcomparisondbetweertreesof over 100,000nodes
each,andbrowsing single treesof half a million nodes. Our ap-
proachto visual structuralcomparisorandalgorithmsfor ef cient
structuraldifferencecomputationll aneededyap.Ournew global
Focus+Contet navigation algorithm allows scalableexploration
andcomparisonWe have introducedheconcepbf guaranteedis-
ibility, andfoundit to be a usefulpropertyin expandingthe reach
of our systems.
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