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Abstract

Structuralcomparisonof large treesis a dif�cult taskthat is only
partially supportedby currentvisualizationtechniques,which are
mainly designedfor browsing. We presentTreeJuxtaposer, a sys-
temdesignedto supportthecomparisontaskfor largetreesof sev-
eral hundredthousandnodes. We introducethe ideaof “guaran-
teedvisibility”, wherehighlightedareasare treatedas landmarks
that must remain visually apparentat all times. We proposea
new methodologyfor detailedstructuralcomparisonbetweentwo
treesandprovide a new nearly-linearalgorithmfor computingthe
bestcorrespondingnodefrom onetreeto another. In addition,we
presenta new rectilinearFocus+Context techniquefor navigation
that is well suited to the dynamic linking of side-by-sideviews
while guaranteeinglandmarkvisibility and constantframe rates.
Thesethreecontributionsresult in a systemdelivering a �uid ex-
plorationexperiencethat scalesboth in thesizeof thedatasetand
thenumberof pixelsin thedisplay. Wehave basedthedesigndeci-
sionsfor our systemon theneedsof a targetaudienceof biologists
who mustunderstandthe structuraldetailsof many phylogenetic,
or evolutionary, trees. Our tool is also useful in many other ap-
plication domainswheretreecomparisonis needed,rangingfrom
network managementto call graphoptimizationto genealogy.

CR Categories: I.3.6 [ComputerGraphics]: Methodologyand
Techniques—Graphicsdatastructuresanddatatypes

Keywords: information visualization,Focus+Context, realtime
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1 Intr oduction

Biologists have beenworking towardsdiscovering the evolution-
ary treeof thehistoryof speciessincethe time of Darwin. Until a
decadeago,themain informationavailableto guidethemwaskey
morphologicalfeaturesfoundby painstakingobservation of living
organismsandthefossil record.Thescopeof thesemorphological
analyseswasusuallylimited to a few dozenspecies,but therecent
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Figure1: Left, Right Top: Biologistsfacedwith inadequatetools
for comparinglargetreeshave fallenbackonpaper, tape,andhigh-
lighter pens. Right Bottom: TreeJuxtaposeris a scalabletool for
interactive explorationandcomparisonof trees.

explosionof moleculardatafrom DNA andproteinsequencinghas
allowedbiologiststo tackleincreasinglylargesetsof species.To-
daysomegroupsof systematicbiologists,or systematists,have re-
constructedtreesof thousandsof nodes,andmany in the�eld hope
to infer a completeTreeof Life, estimatedto containover tenmil-
lion nodes,within thenext tenyears1.

Althoughonemight think thatdeterminingtheTreeof Life de-
scribingall speciesis mostly doneexceptfor a few minor excep-
tions, the oppositeis true. There is still controversy on how to
categorizewell-studiedgroupslike vertebratesandeven primates,
andthesituationwith bacteriaandvirusesis evenlessclear. These
treesareof interestnot only to evolutionarybiologists,but alsoin
suchdomainsaspharmaceuticaldrugdesign:determiningthepos-
sibletherapeuticfunctionof anunknown plantsamplemayrequire
a largenumberof expensive lab tests.By decidingwheretheplant
�ts into the treeof already-recognizedevolutionaryrelationships,
onecanperforma muchmoretargetedsetof tests.

Biologistshave many tools for creatingtreesthroughautomatic
reconstruction[Swofford 1998]. A singlerun of a reconstruction
packagemaygeneratedozensor hundredsof trees,many suchruns
with differentparameterscould occurdaily, andsystematistsmay
grapplewith a particulardatasetfor years. Onecommonmethod
for comparingtreesis to treateachtreeasa point in a “treespace”
andde�ne a metricin thetreespaceto determinehow differenttwo
treesare. For example,TreeSet[Amenta and Klingner 2002] is
sucha tool thathelpsbiologistswinnow andcomparelargesetsof
treesat a high level. However, a singlenumberthat summarizes
the differencebetweentwo treesis too coarsefor biologistswho
needto understandthestructuraldifferencebetweentwo trees.No

1http://research.amnh.org/biodiversity/center/features/tol.html



toolsfor comparingtreesin full structuraldetailexist now, but they
would beextremelyhelpful for biologistswho mustdeterminethe
truetreeamidstthesemany possibilities.

In thispaperwewill useseveralbiologicalterms,whichwenow
de�ne. A phylogenetictr ee, alsoknown asa phylogeny, is anen-
codingof hypothesizedevolutionaryrelationshipswheretheleaves
of the treerepresentcurrentlyextantspeciesor genes.An interior
treenoderepresentsaninferredancestralspeciesfrom whichall the
nodesin thesubtreeunderneathit aredescended,andthesesubtrees
arecalledclades. Ideally, phylogenetictreesarebinary, because
aninterior noderepresentsthebifurcationpoint whereonespecies
split into two distinctnew species.However, higherdegreenodes
areoftenseenin a phylogenetictreewhentheorderof bifurcation
cannotbedeterminedbecauseof missingdataor uncertainty. Typi-
cally leavesarelabelledwith speciesnamesbut theinferredinterior
nodesoftenhave no labels.

A consensustr eeis madeby combiningmultipletreesinto asin-
gle treethat representsthecladesthatarecommonto all the input
trees.In thecasewhentheinput treesarebinary, theconsensustree
may have nonbinaryinterior nodes,indicatinga structuraldiffer-
ence.Althoughconsensustreescanhelpsystematistsdetectareas
of difference,characterizationof thedifferencesis not easyto ac-
complishthroughpurevisual inspectionof a singleconsensustree
becausestructuralinformationhasbeenlost: the sameconsensus
treedescribesmany possiblesituations,anddistinguishingbetween
thesesituationsis importantfor thebiologists.

A relatedfundamentaloperationunderlyingmany biologicalin-
vestigationsbetweentreesis determiningwhetheracladeis mono-
phyletic acrosstrees. This problemcanbe statedasdiscovering
whetherthe nodesin a subtree(ancestorplus all descendants)in
onetreeform a cladein anothertree,or have becomea forest.

1.1 Requirements

We have identi�ed the following task requirementsfrom discus-
sionswith our targetaudienceof systematists.

Automatic identi�cation of structural differ ences. Humansdo
notperformwell at detectiontasks,sowe needcomputationalsup-
port for locatingtheareasof differencebetweentwo treesin order
to visually markthem. We alsoneedef�cient structuraldifference
computationalgorithmsin order to extend brushing[Becker and
Cleveland1987]to treecomparison.

Differ encescharacterization. Thebiologistsdo not simply need
to discover whethertwo treesaredifferent: they mustunderstand
howtopologicalstructuresdiffer in detail. For this task,biologists
oftenneedto inspectsmall treeareasat thesametime, if possible
in thecontext of thefull tree.

Scalability in tr eeand display size.Thestatedgoalof theTreeof
Life project is to createtreesof millions of nodeswithin the next
several years,andwe would like to supportnavigation andcom-
parisonat that scale. Many biologistsstill study treesof only a
few dozennodes,andcomparingeventhesesmall treesis not easy
throughunsupportedvisualinspectionalone.Severalgroupsareal-
readyworking with thousandsof nodes,andtheirexisting toolsfor
biologicaltreedrawing donotadequatelysupporttreesof this size.
As aresult,thesystematistsareoftenforcedto fall backon scotch-
tapingdozensof piecesof papertogetherandmanuallyannotating
this singlelargetree,asin Figure1. Wewould alsolike to take ad-
vantagesof new displaytechnologiessuchasthe9 megapixel IBM
T221 display. While mostsystematistsdo not yet have suchdis-
plays,having morepixels with which to explore hugedatasetsis
an importantaid to scalability, soour systemshouldwork well on
them.

Wethusmustdesignalgorithmsthatdependon theminimumof
the total numberof visible nodes(tied to the numberof pixels in
thedisplay),andthetotal numberof nodesin thetree.

Finally weobservedthatsystematicbiologistsuseawidevariety
of operatingsystems,includingMacs,Unix/Linux, andWindows.
We choseto build our systemusing Java and OpenGLusing the
GL4Java2 bindings.By usingJava,wegainmulti-platformsupport
in returnfor a minorsacri�ce of ef�ciency.

1.2 Contrib utions

OurTreeJuxtaposersystemis a new tool for comparingandbrows-
ing largetrees.TreeJuxtaposerrelieson threebasictechniques:

Structural comparison. Thestructuralcomparisonis doneby as-
sociatingeachnodein onetreeto its most“similar” node,thebest
correspondingnode, in theothertree.Weproposeasimilarity mea-
surebetweennodesanddesignef�cient algorithmsfor computing
the similarity measurebetweenany two nodesandfor computing
thebestcorrespondingnodes.Thesealgorithmsallow us to high-
light areasof differenceautomaticallyandsupportstructuralbrush-
ing: interactive highlightingof theareasin theothertreesthatcor-
respondto what is underthemousein theactive treewindow. Our
algorithmstypically run in almostlinear pre-processingtime and
provide lookup in almostconstanttime during interactive explo-
ration.

Guaranteedvisibility . We identify theconceptof guaranteedvis-
ibility , thepropertythatmarkedareasarealwaysvisible no matter
what navigation hasbeenperformedby the user. It would defeat
our purposeif our algorithmsautomaticallydetectedall suchareas
but theusermissedanareabecauseit wasout of the frustumor it
subtendedlessthana singlepixel of screenarea.

AccordionTreenavigation. We presenta techniquefor treenavi-
gationthatis basedonglobalrectangularFocus+Context distortion,
andis well adaptedto phylogenetictrees.Our algorithmincorpo-
ratesa novel extensionto thequadtreedatastructureandsupports
ef�cient distortion-basednavigation and guaranteedvisibility of
rectilinearareas.Our techniqueprovidesgoodinformationdensity
both for non-binaryandbinary trees,asneededby biologists,un-
like severalpreviously proposedscalabletreelayoutmethodssuch
as[Lampinget al. 1995;Munzner1998]. Our progressive render-
ing algorithmis similar to thesesystems,providing a guaranteed
frameratefor treesof up to 500,000nodeson a rangeof display
sizes,from a laptopto a high resolution9 megapixel display.

2 Previous Work

Most phylogeny treeviewersonly handlesmalltrees;anexception
is theTreeWiz [RostandBornberg-Bauer2002]systemthatscales
to 75,000nodes.It doesnotprovideany explicit featuresto easethe
comparisonof largetrees,andnavigatonis awkwardbecauseeach
viewpoint changespawnsanew window. In ourcurrentimplemen-
tationwecancomparefour treesof 75,000nodeseachat interactive
framerates.MacClade[MaddisonandMaddison1992] is perhaps
themostsophisticatedof themany tools for interactive manipula-
tion of phylogenetictrees,but it is notdesignedfor scalability.

Focus+Contextis a popularinformationvisualizationapproach
of showing anareaof distortedaggregatecontext aroundaneasily
changeablefocuspointtoallow alargeoverview integratedwith de-
tails in limited screenrealestate[Robertsonet al. 1991;Munzner
1998]. Early examplesof global Focus+Context systems,where
changingthe focus point affects the entire visible area, include
DocumentLens[RobertsonandMackinlay1993]andContinuous

2http://www.jausoft.com/gl4java.html



Zoom [Bartramet al. 1995]. Oneof our contributionsis ef�cient
algorithmsto allow this techniqueto be usedfor visualizinglarge
phylogenetictrees.

Tree visualizationis a highly active areaof researchwell de-
scribedin a recentsurvey [Hermanet al. 2000], andwe limit our
discussionhereto systemsthatfocusonFocus+Context exploration
of thetreetopology. TherecentDOI Tree[CardandNation2002]
and SpaceTree [Plaisantet al. 2002] systemsmake heavy useof
aggregationby automaticallydeterminingwhento collapsea sub-
treeanddisplayit asa glyph. Our oppositeapproachis to present
asmuch informationaspossiblegiven the pixel countof the dis-
play. Section5.3discussesthejusti�cation andcontributionsof our
choiceof maximumvisibledetailcomparedto visualaggregation.

Few systemshave beenexplicitly designedfor treecomparison,
despiteits importancein many domains.TheTimeTubeandVisual-
izationSpreadsheetof Chi etal [Chi etal.1998;ChiandCard1999]
sharesomegoalswith TreeJuxtaposer, but focuson showing addi-
tion anddeletionof nodesvia color codingon thesamecombined
layoutof all treesof interest.Our work shows thestructuraldiffer-
encesmoreeffectively, astheirapproachis similar to theconsensus
treeconstructiondiscussedin Section1. Grahampresentsa sys-
tem for global focus+context manipulationof multiple linked tree
views [GrahamandKennedy2001].However, it scalesto lessthan
10,000nodesandonly links theperfectmatchesattheleaves,while
we solve the moregeneralproblemof �nding bestcorresponding
nodesin theinterior.

Brushingandlinked highlighting [Becker andCleveland1987;
WardandMartin 1995]areoftenusedwith smallerdatasetswhere
theall thedatapointsareassumedto bevisible on thescreen.We
areexploring how the sameadvantagescanbe deliveredfor large
datastructurefor whichscreenlimitationsmightnotguaranteethat
all elementsarevisible on the screen. Although we are the �rst
to identify guaranteedvisibility assuch,the discussionsof infor-
mationresidue[Furnas1997]anddesertfog [Jul andFurnas1998]
have in�uencedour thinking.

3 Algorithms

We next describeanddiscussnew algorithmsfor computingstruc-
tural differences,drawing a globalfocus+context layout,andguar-
anteeingvisibility.

3.1 Structural Comparison

Structuralcomparisonalgorithmsunderliethreecentralaspectsof
our system: automaticstructural differencemarking, structural
brushing, and guaranteedvisibility. We presenta new method
for computingthe bestcorrespondingnodebetweentwo treesin
near-linearaveragetime duringpreprocessing.We alsoexplain the
constructionthat allows us to quickly computehow “similar” two
nodesareby usinga known rectangularrangesearchingdatastruc-
ture. Suchcomputationis necessaryfor the guaranteedvisibility
computationsdescribedin Section3.3.

Both algorithmsdependon a de�nition of similarity. Our strat-
egy is to �rst associateeachnodein onetreewith themost“simi-
lar” nodein theothertreeaccordingto acarefullychosensimilarity
measure.Then,we canvisualizethestructuraldifferencebetween
two treesby highlightingthosenodesthatdo not have a very good
match. Our de�nitions of similarity andBCNs areexplicitly de-
signedto supportvisual highlighting that pinpointsthe nonmono-
phyletic cladesof interestto biologists. The associationbetween
nodesalsoallowsusto implementlinkedhighlightingconveniently.

Associatingleaf nodesis straightforward as eachleaf node is
labeledby a name,andwe canassociatetwo leaves if they have
the samename. However, the associationbetweeninternalnodes
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Figure 2: We show the calculationof best correspondingnode
scoresandthehighlightingof structuraldifferencebasedon them.
At eachinterior node of the large tree, we show the similarity
scorebetweenthatnodeandevery nodein theothertree.We only
computethescoresin thesimpli�ed spanningtree,emphasizedin
black, andusethe highestoneasthe BCN. Structuraldifferences
areshown by markingthenodeswith BCN score
�� in red.

is lessclear. Our similarity de�nition can be regardedas an ex-
tensionof previous work on consensustrees[Adams1972;Sokal
andRohlf 1981; MargushandMcMorris 1981] and the RF met-
ric for trees[Robinsonand Foulds 1981], both usedextensively
in the biology community. If for eachnode 
���� , let ��� 
 � de-
note the setof the labelsof the leaves in the subtreerootedat 
 ,
then using the RF metric a node 
 ������� is mappedto a node

 ������� if ��� 
 � ������� 
 � � . Becausethepreviouswork only con-
sidersperfectmatching,it may causetwo intuitively similar trees
to have very low similarity score. We extend this de�nition by
usinga similarity that is usedto measurethe differencebetween
two sets— the similarity ���  "! #$� betweentwo sets  "! # is de-
�ned to be % & ' ()%

% & * ()%

. Onenice propertyof this measureis that the
functionde�ned by + �  "! #$�,�-��.����  "! #$� is a metric,meaning
that both  /�/# if and only if + �  "! #$�0�21 ( ���  "! #$�3�4� ),
and + �  "! 5"�-67+ �  "! #$�"8-+ � #�! 5"� . This measurehas also
beenusedfor detectingsimilar documentsin theStanfordSCAM
project[ShivakumarandGarć�a-Molina1995]andin theAltaVista
searchengine[Broderet al. 1997;Broder1998].

Using this measurewe are now able to comparetwo internal
nodesaccordingto thesetsthey representor thesetsof leavesun-
derneaththem. For two nodes 
 ������� and 
 ����� � , we de-
�ne the similarity �,� 
 � ! 
 � � betweenthem as ��� ��� 
 � � ! ��� 
 � � � .
For 
 ���9�:� , the best corresponding node ;,<,=�� 
 ���9� � is
de�ned to be the node that maximizesthe similarity score, i.e.

;,<)=�� 
 �"�9> ? @)AB> C D E F G���� H�! 
 � , with the tie broken arbitrarily,
asshown in Figure2. This extensionis appealingbecauseit re-
�ects thefactthatin phylogenetictreesaninternalnoderepresents
theevolutionaryevent leadingto thecreationof thespeciesunder-
neaththe node. BCN is not a one-to-onemapping,andtherefore
notsymmetric.

In whatfollows,we explain how to ef�ciently computethesim-
ilarity scorebetweenany two nodesandthe BCN for eachnode,
afteralmostlineartimepreprocessing.

Similarity score quer y. For any pair 
 �3�I�:� ! 
 �0�I��� , we
would like to be able to quickly compute �,� 
 � ! 
 � � . In a naive
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 computingthenumberof pointsinsidea rectangle,
whereeachlabel is mappedto a point in the plane. The intersec-
tion of the leaf setsfor subtreesrootedat J and K is the upper
left square(C,E,F),andis the lower right square(B) for L and M .
Right: To computethebestcorrespondingnodeof J we compute
thesimilarity for eachnodein � � andpick thenodewith thegreat-
est value. The BCN computationcan be acceleratedby comput-
ing only thosevaluesat thenodesof thesimpli�ed spanningtree,
shown with redcircles.For example,atnodeK thesetof leavesbe-
low K and J is (C,E,F)while thesetbelow K or J is (A,C,D,E,F),
so �,� JN! K��,�IO P Q . Theroot of � � hasthehighestscoreandis the
BCN of J .

tation time. Here, we presenta connectionbetweenthis prob-
lem andtheclassicalrectangularrangesearchingproblem.In pre-
processing,we �rst traversethe treeandcomputethesizeof ��� 
 �

for eachnode 
 in the tree. This reducesthe problemof comput-
ing �,� 
 � ! 
 � � to computingR ��� 
 � � SB��� 
 � � R as R ��� 
 � � T3��� 
 � � R �

R �,� 
 � � R 8IR ��� 
 � � R .�R ��� 
 � ��S0��� 
 � � R . We thenmapeachleaf to a
point in theplaneby thefollowing procedure:we assigna number
U V

� 
 � to eachleaf node 
 accordingto its order in the post-order
traversalof the tree �

V for WB�/� ! X . For a label Y , supposethat

 ���Z�:� and 
 ����� � are the nodeswith the label Y . We map
Y to the point with coordinates�

U

� � 
 � � !

U

� � 
 � � � . In a post-order
traversalthe nodesin a subtreearein consecutive order, so an in-
tersectionqueryreducesto computingthenumberof pointsinside
a queryrectangle,asshown in Figure3 Left. Thisproblemis well-
known in computationalgeometry, andef�cient solutionsareavail-
able[PreparataandShamos1990]. We implementonealgorithm
that requires[�� K"\ ] @)K�� pre-processingtime and [�� K�� spaceand
cananswerany queryin [�� \ ] @

�

K�� time.

Best corresponding nodes. In previouswork [Day 1985],all
theperfectlymatchingpairs,namelypairsof nodeswith similarity
score � , canbe computedin the optimal linear time. Computing
thebestcorrespondingnodesis moredif�cult. Even if we usethe
datastructurewe build for computingpairwisesimilarity scores,it
wouldrequirequadratictime. Wecandobetterby realizingthatthe
BCN canonly appearat certainnodesin thetree.

For a tree � andany subsetof leaves � , we de�ne the simpli-
�ed spanning tr ee �$� �)� of � to be the subtreethat is formedby
�rst computingthe spanningtreeof the leaves in � and thenre-
placingeachpathof degree-two nodesby a singleedge,to com-
presslong chainsof nodeswith only a singlechild. We observe
that the BCN of 
 �3�I�:� mustbe a nodein the simpli�ed span-
ning tree � � � ��� 
 � � � , asshown in Figure3 Right. By this obser-
vation, it is shown in [Zhang2003] that we cancomputethe best
correspondingnodesin an incrementalfashionin a total of about

[�� K

� ^ _

� time. Thatalgorithmis however too complicatedfor im-
plementation.In practice,we usethe fact that theBCN of a node

 ���3��� canbecomputedin time [�� R ��� 
 � � R \ ] @,K�� afterlineartime
pre-processing:we pre-computea datastructureto answerleast
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Figure 4: Left: Sparsequadtreeconstruction. A bottom-level
quadtreecell, shown herein light blue, is createdfor eachnode
in the tree. Higher level cellsareonly createdif at leastonechild
exists,sothegrey cell in theupperleft corneris not createdin the
quadtree.Thespatialextentof a quadtreecell is determinedby the
relativesplit valueof theline dividing its parentin two: theredline
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theundistortedstate,thesesplit valuesareall .5. Middle: In this
simplezoom,theabsolutepositionof every cell boundaryandtree
edgehaschanged,but only the split valueof the red line differs.
Right: Nodegeometry. Top: Interiornode.Bottom: Leaf node.

commonancestorqueriesef�ciently [Harel andTarjan1984],con-
struct the simpli�ed spanningtree � � � ��� 
 � � � explicitly, andthen
traverse��� � ��� 
 � � � to computetheBCN of 
 � . Wethensimply run
this methodfor eachnodein ��� . Although in the worst casethis
methodwouldrequirequadraticrunningtime,for balancedtreesthe
total runningtime is almostlinear( [�� K�\ ] @

�

K�� ). Fortunately, trees
in phylogeny andmany otherdomainstendto be fairly balanced.
Therefore,thesimplemethodworksveryef�ciently in practice.

3.2 Spatialization and Drawing

Phylogenetictreesaremostcommonlylaid out usingoneof three
methods:rectangular, slanted,or circular. After discussionswith
our target populationwe chosethe rectangularlayout as a good
compromisebetweencompactnessandreadability(many biologists
�nd circular layoutsdif�cult to read).Thelayoutis donein a stan-
dardway: we �rst placeall theleavesin a verticalcolumn,equally
spacedasshown in Figure4, andthenrecursively calculatetheco-
ordinatesof theinterior nodesfrom thebottomup.

We chosea Focus+Context navigation methodof expandingor
contractingrectangularareas,asif the treehadbeenlaid out on a
stretchablerubbersheet[Sarkaret al. 1993]. Theborderis always
anchoredto theframe,sotheeffectsof distortionareglobal rather
thanlocal: growing someareasnecessarilyimplies shrinkingoth-
ers, and vice versa. The global distortion approachallows us to
strictly guaranteevisibility of marked areas,aswe will discussin
Section3.3. Weconstrainthedeformationsothatreshapinga rect-
anglepropogatesalongboth the row andcolumnthat containsit.
Figures4 and5 show thatmodifyinganodealsoaffectsthesubtree
beneathit andall of its siblingsat thesamelevel in the tree. Bas-
ing everythingon rectangulardistortionssimpli�es theconceptual
modelof interactionandexploits the naturallyhierarchicalstruc-
ture of subtrees.The AccordionDrawer techniqueis namedafter
thevisualeffect thatcompressingsomestripsandexpandingothers
is reminiscentof thebellowsof anaccordion,but onecanof course
deformin bothdimensions,not just one.

Focus+Conte xt quadtree . Drawing a geometricrepresenta-
tion of thetreeimposesamappingbetweentheabstractelementsof
the treeandthespatialextentsin which we lay out anddraw their
geometricrepresentations.Every nodeis uniquelyassociatedwith
theedgebetweenit andits parent.For simplicity we considerthis
node-edgepair asa singleprimitive, whosegeometricrepresenta-
tion is different for interior and leaf nodes,asshown in Figure4
Right. Weneedaspatiallyrecursive datastructureto hierarchically



storeandaccessthesegeometricobjects.A quadtreeis theappro-
priatechoice,but we mustextendit to supportour requirementsof
distortion-basednavigationandguaranteedvisibility.

Quadtreeconstructionis describedin Figure4. The heightof
thebottomquadtreegrid is thenumberof leavesin thetree,andits
width is the treedepth. We build a sparsegrid, with a cell at the
lowest level createdonly whenit containsa treenode. At higher
levels, a cell is only createdif at leastonechild cell alreadyex-
ists. We build increasinglycoarsegrid levels in thequadtree,with
the top-level grid containingonly a singlecell. The depthof the
quadtreeis [�� \ ] @,K�� , whereK is thenumberof leavesin thetree.

We attacha node-edgepair to the smallestquadtreecell that
completelyenclosesit. Theseattachmentsarepermanent:geomet-
ric elementsdo not move from cell to cell. Navigationchangesthe
absolutepositionsof quadtreecell boundaries,but the edgesthey
containkeepthe samerelative offsetsto the cell borders. Using
theanalogyabove,boththegeometryandthequadtreecell bound-
ariesareontherubbersheet,andtheboundarylinesarethehandles
with which to stretchor shrink the sheet.Therefore,our quadtree
structurehasa �x ed cell-elementattachmentrelationshipbut the
geometryof cells in the quadtreeare�e xible asthey may change
dueto the userinteraction. This is differentthantypical quadtree
usein which thegeometryof quadtreeis �x edbut thecell-element
attachmentchanges.

We storethe cell boundarieshierarchically, as a split position
with avaluebetween1 and � thatdeterminestheallocationof space
betweena cell's childrenrelative to its own borders. The grid is
uniform whenevery split is setto 1 x Q , andFigure4 shows how a
simpleglobal deformationcan be the result of changinga single
split value. In more extremecasesa child boundarymight need
to move outsideof the currentabsolutepositionof its parentcell
boundaries,andwemustalsochangetheparent'sown split in order
to maintainthe hierarchicalrelationshipbetweenparentandchild
cell borders.The worst caseof a ripple effect of deformationsall
theway up to theroot quadtreecell is boundedby thedepthof the
grid, andis thus [�� \ ] @,K�� work to updatecell boundaries.Lookup
of absolutepositionhasthe samecomplexity, with a a similar hi-
erarchicalquadtreetraversalfrom thetop down. We storerelative
split positionsinsteadof absolutecoordinatesbecauseit makesthe
costof eachupdatesmall while it is still ef�cient to computethe
coordinatesof eachcell on the �y . For ef�ciency, we alsocache
thecoordinatessothatthey do not have to berecalculatedwithin a
singleframe,whenno navigationalchangescanoccur.

Progressive rendering. Just as we designfor the situation
wherethe visible elementsin thescenearea small fractionof the
total nodesin the tree,we alsosupportrealtimeinteractionwhen
thenumberof elementsthatcanbedrawn in a singleframeis only
a small fraction of the visible elements. Our drawing algorithm
is similar in spirit to that of H3Viewer [Munzner1998; Munzner
2000], where the sceneis divided into small piecesthat require
roughlyconstantamountsof time to render, andthework unitsare
orderedaccordingto their visual importance.We have a �x edtime
quotaperframeto ensurerapidinteractivesystemresponse.Weuse
the�rst frame's time to draw themostimportantitemsin theback
buffer, thenprogressively adddetailto thescenein subsequentfront
buffer framesif theuseris notactively moving thestructure.In this
case,the quantumof work is a quadtreecell, or morespeci�cally
the treenode-edgepairsattachedto that cell. Thekey problemis
choosingthecorrectdrawing order, becauseapoorchoicewill lead
to distracting�ick ering for small treesanda completebreakdown
of realtimeinteractionfor big trees.Themostobvioussolutionof
simply startingat the tree root fails dramaticallywith distortion-
basednavigation.

Onepossiblecriterionfor visualimportanceis to orderthequeue
by thecurrentscreenareaof the cells. However, this orderingig-

Figure5: Treecomparisonbetweentwo variantsof a singlephy-
logeneticreconstructionrun, with the exact locationof structural
differences(in biological terms,nonmonophyleticclades)marked
in red. The left treeis in theundistortedoverview position,while
partsof theright sidehave beenexpanded.Left: A small55-node
tree.Right: A larger1600nodetree.

noresthe topologyof thetree,andusersfoundit distractingto see
disconnectedsubtreesappearwhile therenderingprogressed.Also,
wheninteractingwith directmanipulation,thevisualimportanceis
moredependenton proximity to thecurrentlocusof attentionthan
screensizealone. We thusbegin with the site of the mostrecent
userinteraction,presumablythe focusof the user's attention,and
work outwardsfrom therein orderto prioritizedrawing visibly con-
nectedcomponents.We enqueuecellsbasedon the treetopology:
afterwedraw anedgeattachedto thecell, weenqueuethequadtree
cells that containthe treeedge's parentandchildren. Theaccom-
panying videoshows theef�cacy of our approach.

3.3 Guaranteed Visibility

In Section3.1wedescribehow to computethedifferencesbetween
two trees.Herewe discusstheproblemof ensuringthat thesedif-
ferencesarealwaysmadevisible to users.We usethe termguar-
anteedvisibility (GV) for thepropertythatsomemarkdeemedim-
portantis alwaysvisible onscreen.(SeeSection4 for a discussion
of themarktypesconsideredimportantin our system.)In a graph-
ics systemthereare threemain reasonsthat a highlightedobject
wouldnotbeseenonthescreen:culling for beingoutsidetheview-
ing frustum(frustumculling), culling becauseits projectionon the
screenis smallerthana pixel (LOD culling), or occlusionby an-
other object. While thesesituationsare not an extremeconcern
whenbrowsing, they aremajor breakdowns in a systemdesigned
for identifying differencesbecausethey forceusersto carryout an
exhaustive searchof the entire navigablearea. Humansperform
poorly in sucha detectiontask,andmoreover a searchwould force
theusersto abandona carefullychosencurrentpointof view.

Culling. In the vastmajority of graphicsandvisualizationsys-
tems,theviewport is smallerthantheareaof interest,introducing
thepossibilityof frustumculling. In our approachwe obviate that
problemby relying on a global Focus+Context technique,where
thefull datasetis presentedon thescreenatall times.

Evenif we guaranteethateachdatasetelementhasa projection
insidetheviewport, an elementcould be too small to be seen,in-
troducingLOD culling. That is, it couldsubtendlessthana single
screenpixel afterapplyingthetransformationfrom world to screen
space. To guaranteevisibility of marked areas,beforeculling a
nodebecauseits projectedsizeon thescreenis too small,we must
ef�ciently querywhetherthespatialextentof thesubpixel cell en-
closesany highlightedobjects.



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

In Section3.1wedescribedthealgorithmfor computingthesim-
ilarity scorebetweentwo nodesef�ciently . Thatalgorithmis also
usefulfor providing GV ef�ciently . In GV drawing, thedecisionof
highlightinga cell dependson whetherthecell containsnodesthat
belongto arangeselectedin theothertree.Whenwebuild thehier-
archyof quadtreecellsatstartup,weperformapost-ordertraversal
of thequadtreeto storetheminimumandmaximumindicesof ob-
jectsattachedto acell'sdescendants.Wethenassociatetheinterval
betweentheminimumandmaximumindicesto eachcell. This as-
sociationis conservative asacell maycontainnodesfrom different
partsof thetreeandthatarenotnecessarilycontiguous.

In orderto usetherange-checkingdatastructure,we mustcon-
tinueto useobjectindicesbasedonapost-ordertraversalof thetree
topologyratherthanspatialextent. Therangeconvergesaswe de-
scendthequadtreehierarchy, andis necessarilyexactfor thelowest
level cellsthatcontainonly asinglenode.

Wedo therangecheckonly for subpixel cellswhenweconsider
whetherto halt spatialrecursion.If thereareno markedareas,we
simply stop. If we have alreadyhighlightedthis cell becauseof
an attachedmarked object, we can likewise halt. Otherwise,we
continuethedescentuntil we have resolvedthemarklocation,thus
avoidingpotentialfalsepositivemarksfrominexactranges.Theap-
proximationmeansthatsomeunnecessarywork will beperformed,
but we cancachethe resultsuntil the marksarenext changed(as
describedin Section4). The importantpropertyof our algorithm
is thatno necessarywork will ever bemissed,andFigure7 shows
thattheoverheadis acceptable.

Occlusion and labels. The only sourceof occlusionin our
systemis text labelsfor interior edges,becausewe areusinga 2D
representation.Althoughmany phylogenetictreeshave labelsonly
at theleaf edges,asin Figure5, we supportlabelsat internaledges
for full generalityasshown in Figures6 and8. Wecalculatethepo-
tentialpositionof a labelrelative to thecurrentpositionof its edge,
asshown in Figure4 Right, anddraw it only if it doesnot occlude
any previously drawn labelsin the scene.(We usestandardaxis-
alignedboundingboxesfor ef�cient collisiondetection[Möller and
Haines1999].) Theonscreenlabeldensityis user-controllable,by
changingthe sizeof the buffer zonearoundeachlabel that deter-
minesthesizeof theboundingbox. Thedrawing orderdescribedin
Section3.2 thushasa strongin�uence on which labelsarevisible.
To improve legibility over complex backgroundswhile limiting the
occlusionin thetreeinterior, we usea contrastingone-pixel border
ratherthana backgroundrectangle.

4 TreeJuxtaposer

We have implementedthe techniquesdescribedabove in TreeJux-
taposer, a global Focus+Context systemfor comparinglarge phy-
logenetictrees. The systemhandlessimultaneouscomparisonof
severaltreesusingstructuraldifferencecomputationsfor everypos-
siblepair, andcanalsobeusedasa browserfor a singletree.

Figure5 shows a typical layoutwhile comparingtwo smallphy-
logenies. Eachtree is drawn in its own panelusinga rectilinear
layoutwith theroot on theleft. Edgesarerenderedassimplelines
(linewidth is controllablewith slider on the tool panel)andnodes
areindicatedby asmallsquare.

Our color schemeis designedto scalewell even to very large
trees. Our designresultsin large areasof denselypacked edges,
particularlyat the leaf level. We wish to avoid total visualunifor-
mity in thoseareaswhichwould leadto a featurelessexpansewhen
not highlightedandexcessive visual impactwhenhighlighted.We
thusmodulatebrightnessandsaturationof thetreeedges.

Unmarked edgesare renderedin lighter shadeof grey as they
arefurtheraway from theroot. Theresultingbrightnessgradations
provide a redundantcoding of topological information. Densely
packedareasprovide contextual landmarkfeaturesaidinguserori-
entation,and in expandedfocusareasbrightnessis an additional
clueaboutthecurrenttopologicaldepthof theareaunderconsider-
ation. In highlightedareaswemodulatethesaturationof eachnode
dependingonthecurrentvisualextentof its subtree,sothatdensely
packedareasaredesaturatedto conterbalancethevisual impactof
theiraggregation.

4.1 Visual quer y mechanisms

To helptheanalysisof thedifferencesbetweentrees,nodescanbe
coloredin four differentways.Themostbasicmechanismis linked
mouseoverhighlighting: thenodeunderneaththemousecursorand
the bestcorrespondingnodesin all othertreesaretemporarilyre-
drawn in in gold. Their labelsarealsounconditionallydrawn with
a gold background,somouseover causestemporarypopupfor the
vast majority of labels that have beensuppressedto achieve the
targetvisualdensity. Becausemanipulationof subtreesis bothbi-
ologically importantandcentralto our navigationscheme,we also
indicatetheextentof thesubtreeunderneaththathighlightednode
in theactivewindow with anunobtrusive frame.Thesechangesare
madewith a combinationof xor drawing andpixel readbackin the
front buffer, for immediateresponsewithout incurringthecostsof
a full sceneredraw. Thesecondhighlighting mechanismoperates
througha standardsearchinterfaceto let usersrapidly �nd a node
with a known nameby selectingit from analphabetizedlist. It is
thenmarkedin magentaandcanbeexpandedondemand.

Thethird way to color treesis to highlight structuraldifferences
by markingnodesfor which �,� 
 ! #$y05�� 
 � �$z ��� in red. Our sim-
ilarity de�nition waschosenso that the nodesmarked in red pin-
point thenonmonophyleticclades.An unmarkednode,anodewith
a BCN scoreof � , doesnot imply the subtreebeneathit hasan
isomorphiccounterpartin theothertree. If we markedevery node
with non-identicalstructuresunderneath,the markswould be so
numerousasto beuseless.Rather, if all thenodesin a subtreeare
unmarked,thentheredoesexist astructurallyidenticalcounterpart.
Our designtargetis treesthataremostlysimilar, with scatteredar-
easof difference.However, differencehighlightingcanbetoggled
off in caseswherethetreesaresodissimilarthatthetreewould be
overwhelminglyred.

Finally, the entiresubtreebeneatha nodecanbehighlightedin
a user-chosencolor, and the BCN of eachnodein the subtreeis
also highlightedin the other tree. That is, if the subtree��{ | } is
highlighted,thenall thenodesin T)~

E F • € •

#$5"y�� 
 � arehighlighted
in theothertree. Highlighting thesubtreebeneatha rededgewill



resultin highlightednodesin theothertreethatform aforestrather
thana contiguoussubtree.Figure5 Left shows a nonmonophyletic
clade:thesubtreeunderneaththebottomrededgeof theright-hand
treeis blue,andon theleft sidetheblueareasform aforest.Figure
6 shows four marked cladeson the left-handtree,andthe top two
monophyleticcladesarescatteredthroughouttheright-handtree.

We do not maintainanexplicit list of all highlightednodes,be-
causetraversingthat list would be linear in the total nodecount
whenlargepartsof the treearemarked. We delaythedecisionof
whatcolor to usefor a nodeuntil rendertime, sothatwe only pay
the cost of checkingfor the visible nodes. As describedin Sec-
tion 3.1, eachsubtreeis associatedwith a rangeboundedby two
integers,and it takes [�� \ ] @

�

K�� time to checkwhethertwo sub-
treeshaveleavesin common,or equivalently, to �nd whetherasub-
treeshouldbe highlighted. We cachethesecolorsuntil the user's
next changein markingsubtreesor toggling the structuraldiffer-
encemarkdisplay. Wethusmaintaintheinteractivity of thesystem
evenwhenvery largesubtreesareselected.

4.2 Navigation

We navigatein TreeJuxtaposerwith rubber-sheetstyleexpansions
andcontractionsof rectangularareas.The main navigation mode
usesthetreetopologyasa startingpoint: therectangularboundary
of any subtree(by default, theoneunderthemouse)canbeadjusted
eitherby directly draggingtheboundaryrectanglecornerto a new
placeor by animatedtransitionsin �x ed increments.During com-
parisonusersoftenwantanalagousareasin eachtreeto bethefocus
and�nd it cumbersometo navigateseparatelyin eachwindow. We
provide theoptionof linkednavigation,wherethesubtreesbeneath
thebestcorrespondingnodesin otherwindows areresizedin lock-
stepwith that of the active window. Entire forestscanbe grown
or shrunkwith linked �x ed-interval transitions.Unlinked naviga-
tion in a single tree is possibleby �rst draggingout an arbitrary
screen-spacerectangle,thendeformingit to thedesiredsize.

5 Results and Discussion

5.1 Performance

TreeJuxtaposeris a highly scalablesystem,evencomparedto pre-
vious work thataddressthesimplerproblemof browsing: we can
interact in real time with a single tree of 550,000nodes. When
comparingtwo trees,thesystemcanhandleasumof up to 277,000
nodes,asshown in Figure8. Both benchmarkswererun on a 2.4
GHzPentiumIII machinewith 2GBof RAM, usingjava1.4with an
heapof 1100MB andannVidia Quadro4700XGLgraphicscard.It
runswell on a largevarietyof displaysfrom a simplelaptopto the
latesthigh resolution3800x2400pixel IBM T221�atpanel (driven
by an nVidia Quadro4900XGL). We do not show that rangein
the �gures becauseprinting a full-resolutionscreenshotwould re-
quiremoreareathanastandardpage,seeinsteadtheaccompanying
video.

In Figure7 weshow theoverheadof ourmajordesignchoicesby
graphingthetime requiredto renderanentiresceneasthenumber
of treenodesincreases.We seethat thecomputationcostis linear
in thenumberof nodesup to a threshold,afterwhich thecoststops
increasing.Wehavethusachievedourgoalof boundingourcompu-
tationcostsby thedisplaysizeratherthanthetotalnumberof nodes
whenthetreeis large.Our techniquesof progressive renderingand
guaranteedvisibility doincuroverheadcomparedto ourbaselineof
LOD culling (whichis itself alwaysbetterthanthenaiveapproach).
We succeedat mitigating the costof GV with caching. Although
progressive renderingis expensive, prioritizing theelementsby vi-
sual importanceis a major contribution to the effectivenessof the
interactive experiencewhenusingTreeJuxtaposer.
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Figure7: Statisticsshowing the overheadof our designchoices,
with thebenchmarkof completebinarytreesrangingfrom X ‚ leaves
to X

�

‚ leaves. The red line is the naive case,wherewe render
all edgesstartingfrom the root. The yellow baselineshows LOD
culling. The cyan line hasLOD culling and progressive render-
ing. Thegreenline shows LOD culling, progressive rendering,and
guaranteedvisibility support.Theblack line, which representsthe
normalstateof TreeJuxtaposer, hasthepreviousfeaturesbut caches
theGV computationsfor addedef�ciency. Theseperformance�g-
uresarefor a2.2GHzPentiumXeonwith 2GBof RAM, usingjava
1.4with a heapof 1500MB andannVidia Ti4600graphicscard.

Ourprogressive renderingalgorithmmaintainsa constantframe
rateondisplaysof upto ninemegapixelsusingonly asinglegraph-
ics card. Nevertheless,we seetheinevitable limit of this approach
even if we had an optimal orderingfor drawing: as display size
grows, theamountof time to completelyrendera scenealsogrows
andtheproportionof thescenethatwe candraw in a singleframe
decreases.This problemis not speci�c to our applicationor con-
�guration. For example,a similar problemwas reported[Guim-
breti�ere2001]while usingbrainstormingtoolson theStanfordIn-
teractive Mural, a 9 megapixel digital whiteboarddriven by a 32-
noderenderingcluster.

Wewill continuetowork towardsthemotivatingexampleof han-
dling theentireTreeof Life. Thusfar we have focusedsomewhat
moreon time ef�ciency thanspaceef�ciency, so our currentbot-
tleneckis memoryfootprint ratherthancomputation.We believe
thatmakingseveralobviousre�nementswill leadto majormemory
ef�ciency improvements.

5.2 Structural Comparison

Ouralgorithmsfreetheuserfrom thepainstakingtaskof manually
identifying patterns,or worseyetmanuallycon�rming thata given
patterndoesnotexist in thedataset.Theapplicabilityof ourmethod
of computingbestcorrespondingnodeshasbeencon�rmed by ev-
ery biologist to whom we have shown the system,which is heart-
eninggiven the plethoraof differentmetricsfor whole-treecom-
parisonthatarecurrentlyin use[RobinsonandFoulds1981;Sokal
andRohlf 1981]. We have found that the comparisonfeaturesof
this tool areappreciatedevenby themany biologistswhostill work
with relatively smalldatasets.

As for ef�ciency, the querycost is negligible, andour prepro-
cessingalgorithmsareveryef�cient in practice.For example,BCN
computationtakesonly 7 secondsat startuptime to comparea tree
of 137,000nodeswith oneof 140,000nodes,and the rangetree
constructiontakes29 seconds.Both benchmarksareon theXeon
PCmentionedabove usingthedatasetsshown in Figure8.



5.3 Focus+Conte xt

Previous Focus+Context literature focusesmostly on browsing.
While SpaceTree [Plaisantet al. 2002] and H3 [Munzner 1998;
Munzner2000] are able to display large trees,thesesystemsare
ill-suited for the taskof comparisonbecausethey cannotguaran-
teethatmarkedareaswill bevisible on thescreen.SpaceTreeuses
unconstrained2D navigationwhich meansthatmany nodescanbe
outsidethefrustum,while H3 culls away subtreeswhoseprojected
areaswill be lessthanonepixel on thescreen.(Moreover, theH3
layout resultsin very poor informationdensitywith the common
phylogeneticcaseof binarytrees.)

Our preventionof frustumandsubpixel culling comesat a cost.
GlobalFocus+Context navigationtechniquescouldbeconfusingto
novice usersbecausehighly compressedareasaresometimedif�-
cult to identify. Guaranteeingvisibility of subpixel selectedareas
incurs the computationalexpenseof a rangecheckbeforehalting
the quadtreetraversal. Nevertheless,we seefrom Figure 7 that
cachingtheinformationleadsto acceptableperformance.

Visual aggregationversusglyphs. In TreeJuxtaposerwe draw as
muchdetailaspossible,down to thelevel of onepixel. This maxi-
mumvisibledetailapproachis diametricallyopposedto displaying
aggregateinformationin aglyph,asexempli�ed by DOITree[Card
andNation2002]andSpaceTree[Plaisantetal.2002],wherevisual
encodingtechniquesdeliver abstractsemanticinformationabouta
structureandhidethedetails.Becausewe usetruegeometryrather
than a monolithic glyph, we can usethe very lightweight query
mechanismof mouseover highlightingto quickly getstructuraland
label informationat thepixel level. Similarly, our guaranteedvisi-
bility framework goesbeyondsimply indicatingtheexistenceof a
marked area- the exact positionof the mark impartsinformation
aboutthelocationof thatmarkedareawithin thesubtree.Although
we have designedthenavigationsystemfor maximum�uidity , we
also recognizethat having high informationdensityof any given
staticview is useful in minimizing the total amountof navigation
thatmustbeundertakenby theuser.

In mostglyph-basedsystems,expansionsareexplicitly triggered
by userselectionof a pointof interest,andsometimescontractions
mustalsobeexplicitly requested.In our approach,usernavigation
implicitly controlsexpansionsandcontractionsof subtrees,a fea-
turethatsupportsfasterassimilationof unfamiliardatasetstructure.

Wehavetakenaparticularlyextremeapproachin thismaximum-
detaildirectionto explore its potential,becausethepreponderance
of previous work hasinvestigatedthebene�ts of aggregation. Fu-
ture systemsmay well bene�t from hybrid approachesthat merge
thebene�tsof bothvisualsimplicity andthepower of detail.

5.4 Guaranteed Visibility

Theconceptof guaranteedvisibility hasprovento beverypowerful
becauseit relievesourusersfrom thejob of exhaustiveexploration,
by providing directiononareasof interestasnavigationtargets.It is
of coursenot limited to this speci�c applicationandcanbeapplied
to other information visualizationsystemas well. For example,
visible landmarksarecritical for way�nding in thephysicalworld
[Lynch1960],andwe conjecturethatGV will helpusersmaintain
theirorientationwhennavigatingthroughlargeinformationspaces.

Occlusions. While occlusionis a familiar problemin 3D systems
(for example,the in�uential ConeTree [Robertsonet al. 1991]),
it canalsobepresentin 2D approachesbecauseobjectscanmask
eachotherssuchasin theDOI Tree[CardandNation2002]or sim-
ple itemslike labelscanhidehighlightedareas.In our systemonly
labelscancreateocclusions. While we alleviate this problemby
usingacontrastingborderratherthantheusualopaquebackground
rectanglefor thelabel,markscanstill sometimesbehidden.Users
mustoccasionallyturn off label drawing brie�y in orderto locate

areasof interest.Althoughthis solutionis not ideal,it doesnot oc-
curoftenin practice,especiallybecausemostphylogenetictreesdo
nothave interiornodelabels.Furthermore,mouseover highlighting
wherelabelsappearbrie�y aspopupsdoesallow usersto stayori-
entedevenin theinterior if they havechosenasparselabeldensity.
While we consideredtranslucentlabels,they would be very dif�-
cult to read,andthe progressive renderingalgorithmdescribedin
Section3.2 would have to bemuchmorecomplex to alsosupport
back-to-frontdrawing semantics.

Guaranteed frame rate. Our work uncoversan interestinginter-
actionbetweenguaranteedvisibility andguaranteedframerateal-
gorithms. With a genericguaranteedframeratealgorithm,some
objectsmaybeculledbecausethesystemis runningout of time to
draw them.Evenin a GV systemwith progressive rendering,navi-
gatingtowardaselectedmarkcanbedif�cult becausethemarksare
not guaranteedto 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 guaranteethatall markedareasaredrawn within the�rst frame.
Wecouldaddressthesituationwherethenumberof markedareasis
smallandthey couldhave beenvisiblehadthey beenorderedearly
in thedrawing queue.Althoughour designdecisionto evaluateon
the �y whetheran elementis marked makes it expensive to keep
trackof markedareasexplicitly, it couldbeinterestingto integrate
markingstatuswith ourcurrentdrawing ordercriteria.

Ourcurrentapproachto guaranteedframerateis purelygeomet-
ric. It might be fruitful to exploit inter-framecoherency through
texture,asdonein theTalismansystem[Torborg andKajiya 1996].
We couldstartby saving the resultof theprevious sceneasa tex-
ture,mapit to re�ect the changesin expansionsandcontractions,
andthen�ll in only theareasof majorchangegeometrically.

Visibility versusdetectability. In this paperwe have focusedon
thenotionof visibility: thefactthatanobjectcouldbeseenon the
screen.However, somethingvisible canstill be dif�cult to detect:
anobjectmadefrom 1x4 redpixelsis technicallyvisible,but could
bedif�cult to detectona200dpi display. Therelationshipbetween
thetwo notionsis in generalnon-trivial: factorssuchassaturation,
hue,brightness,andvisualextententerinto play. For example,sim-
ply increasingthevisualextentof highlightedareaswould leadto
undesirableocclusion,andusingothervisualencodingtechniques
suchasa moving outlinecouldprove distracting.

Indir ect guaranteedvisibility . Our de�nition of guaranteedvis-
ibility is strict, mandatingthat all marked objectsare always di-
rectly visible on the screen.If insteadsomenavigation is accept-
able, the underlyinggoal of ensuringthat highlightedobjectsare
not missedcan be approximatedthroughother mechanisms.For
instance,graphicaldiff tools have a marked scrollbarthat can
beconsideredanalways-visibleindex, eventhoughthemainview
is only partial. Anotherapproachwould beautomatednavigation,
wherea seriesof viewpoint changesshows all interestingplaces
brie�y , in thestyleof Asimov's GrandTour [Asimov 1985]. Strict
GV hasenoughconstraintsthat it cannotbe integratedinto many
previous systems,but indirect GV addsenough�e xibility that it
could be addedto glyph-basedsystemssuchasDOI Trees[Card
andNation 2002]. The multiscalenavigation analysisof Jul and
Furnasdiscussestheneedfor visible “residue”,which is a form of
indirectGV.

5.5 Other application domains

Our currentsystemis a standaloneapplicationtargetedto thearea
of phylogeny. We would like to integrateour systemwith exist-
ing phylogeny manipulationtools like Mesquite3 at theAPI level,

3http://www.mesquiteproject.org



so that the resultsof moresophisticatedbiological queriescanbe
graphicallyexploredin largetrees.

While phylogenetictreecomparisonwasour primary intended
task,we believe that our systemwill be useful in numerousother
domains.Althoughthenomenclatureof monophyleticcladesis un-
familiar outsideof phylogenetics,our de�nition of similarity leads
to a visualindicationof theexactareasof structuraldivergencebe-
tweentreesthat is broadlyapplicable. In biology alonethereare
many otherproblemsrequiringtreecomparison,includingcompar-
ing the dendrogramsresultingfrom alternatehierarchicalcluster-
ingsof microarraydata[SeoandShneiderman2002].Formalmeth-
ods for verifying computerhardware andsoftwaregeneratehuge
proof treeswherecomparisoncouldguidethedevelopersin re�n-
ing theirsolveralgorithms[Neufeldetal. 1997].Webdesignersare
often interestedin comparingthe hyperlinkstructureof their sites
beforeand after major site reorganizations[Chi andCard 1999].
Figure8 shows a networking exampleof two spanningtreesof the
Internetbackbonerouter topology. This is the samedatasetused
in a widely distributedseriesof four posters4, oneper year, but
it wasessentiallyimpossibleto usethemto comparethe network
structurefrom yearto yearthroughvisual inspection.It hadnever
beenexploredin an interactive systemdueto its sheersizebefore
we loadedit into TreeJuxtaposer.

6 Future work

Ourcurrentde�nition of similarity doesnot take edgeweightsinto
account. Many biologistsuse treeswith weightededges,where
the weightsrepresenteitherelapsedtime or levels of uncertainty.
We would like to develop a structuralcomparisonalgorithm that
dealsproperly with edgeweights. De�ning an appropriatesimi-
larity measureis a challengingproblem,and even someobvious
extensionsaredif�cult to computeef�ciently .

We would alsolike to explorefurther theconceptof guaranteed
visibility. Our work alreadyidenti�es someimportantaspectsof
this conceptbut muchmoreneedsto bedone.For example,while
weguaranteethatmarkedareaswill beshown to theuser, ourmarks
are relatively coarse-grained:our structuraldifferencemarksdo
not distinguishbetweena contiguoussubtreeanda separatedfor-
est. We intendto extendthenotionof guaranteedvisibility sothat
markscanre�ect more informationaboutthe hiddeninformation
they represent.

7 Conc lusion

We have presenteda systemthat allows interactionwith and de-
tailedstructuralcomparisonsbetweentreesof over 100,000nodes
each,andbrowsing single treesof half a million nodes. Our ap-
proachto visualstructuralcomparisonandalgorithmsfor ef�cient
structuraldifferencecomputation�ll aneededgap.Ournew global
Focus+Context navigation algorithm allows scalableexploration
andcomparison.Wehaveintroducedtheconceptof guaranteedvis-
ibility , andfound it to bea usefulpropertyin expandingthe reach
of oursystems.
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