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Abstract

This paper presentsan algorithm for drawing a sequencef graphsonline The algorithm strivesto maintain
theglobal structue of the graphandthusthe user's mentalmap,while allowing arbitrary modi cationsbetween
consecutivéayouts.Thealgorithmworksonlineandusesvariousexecutionculling methodsn orderto reducethe
layouttime and handlelarge dynamicgraphs.Tedchniquesfor representinggraphson the GPU allow a speedup
by a factor of up to 8 compaedto the CPU implementationAn applicationto visualizationof discussiorthreads

in Internetsitesis provided.

CategoriesandSubjectDescriptorgaccordingo ACM CCS}

1.3.8[Computergraphics]:ApplicationsH.4.3[Informationsystemsapplications].Communicationgpplications

1. Intr oduction

Graphdrawing addressethe problemof constructinggeo-

metricrepresentationsf graphg KWO01]. It hasapplications
in a variety of areas,ncluding software engineering soft-

warevisualization databasesnformationsystemsgecision
supportsystemsbiology, andchemistry

Many applicationsrequirethe ability of dynamicgraph
drawing i.e., theability to modify thegraph[Nor95 DGO02,
KWO01], asillustratedin Figure 1 . Sampleapplicationsin-
clude nancial analysis network visualization,security so-
cial networks, and software visualization.The challengein
dynamicgraphdrawing is to computea new layoutthatis
both aestheticallypleasingasit standsand ts well into the
sequencef dravingsof theevolving graph.Thelattercrite-
rion hasbeentermedpreservingthe mentalmap[MELS95
or dynamicstability [Nor95].

Most existing algorithmsaddresshe problemof of ine
dynamicgraphdrawing, wheretheentiresequencef graphs
to bedrawn is known in advance [DG02 EHK 03, KGO06].
This gives the layout algorithm information about future
changesdn the graph,which allows it to optimize the lay-
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outsgeneratedicrossthe entire sequenceln contrastyvery
little researcthasaddressethe problemof online dynamic
graphdrawing, wherethe graphsequenceo be laid out is
notknown in advance[FT04,LLYO06)].

This papemroposesnonlinealgorithmfor dynamiclay-
outof graphslt attemptgo maintainthe users mentalmap,
while computingfastlayoutsthattake theglobalgraphstruc-
tureinto accountThealgorithm,whichis basednforcedi-
rectedlayouttechniquesgontrolsthe displacementf nodes
accordingto the structureand changesperformedon the
graph.By takingspecialcarein orderto representhe graph
in a GPU-efcient mannerthealgorithmis ableto make use
of the GPU'to signi cantly acceleratéhelayout.

This paper malkes the following contrikutions. First, a
novel, efcient algorithm for online dynamicgraphdraw-
ing is presentedit spendsmostof the executiontime onthe
partsof the graphbeingmodi ed. Secondjt is shovn how
the heaviestpartof thealgorithm,performingforcedirected
layout, canbeimplementedn a mannersuitablefor execu-
tion on the GPU. This allows usto signi cantly shortenthe
layouttime. For example,incrementatiranving of agraphof
32,000nodestakes1.12 secondgerlayout. Finally, the al-
gorithmis appliedto the visualizationof the evolution over
time of discussiorthreadsin Internetsites.In this applica-
tion, illustratedin Figurel, nodesrepresentisersandedges
represeninessagesentbetweerusersn discussiorforums.
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Figure 1: Snapshotfromthethreadslgraphsequencgvisualizingdiscussiorthreadsat http://wwwdailyted.com Jeft to right.
Nodelabelsin red showusernamesedgeslink uses replyingto postedcommentsUp to 119 usess are shown.Discussion
topics, marked as blue A_n nodes,include GPUs (A_4864,A_4285),chipsets(A_4637,A_4425,A_4538and A_4866)and

CPUs(A_4589) A total of 144messgesare visualized.

2. RelatedWork

Various methodsfor graph draving have been proposed
[KWO01]. Our algorithm builds on force directed layout
[KWO01], where forces are appliedto nodesaccordingto
the graph structureand the layout is determinedby con-
vergenceto a minimum stresscon guration. To accelerate
theforcedirectedlayout,seseralapproachebkave beenpro-
posed.Theseattemptto reducethe numberof calculations
performedpy usingmultiple levelsof detailto representhe
graph[HK02, Wal03 HJ04 KCHO03, BH86, ATAMO4].

Dynamic layout using force directed methodsis intro-
ducedin [BW97]. Severalalgorithmsaddresshe problemof
of ine dynamicgraphdrawing, wherethe entiresequencés
known in advance.In [DG0Z], a meta-graplbuilt usingin-
formationfrom theentiregraphsequencds usedin orderto
maintainthe mentalmap.In [KGO06] a strati ed, abstracted
versionof the graphis usedto exposeits underlyingstruc-
ture.An of ine forcedirectedalgorithmis usedn [EHK 03]
in orderto create2D and3D animationf evolving graphs.
Creatingsmoothanimationbetweenchangingsequencesf
graphdgs addresseéh [BFP03.

An online algorithm is discussedn [LLYO06], wherea
costfunction that takes both aestheticand stability consid-
erationsinto account,is de ned and used.Unfortunately
computingthis function is very expensve (45 seconddor
a 63 node graph). Drawing constrainedgraphshas also
beenaddressedncrementaldraving of DAGs s discussed
in [Nor95. In [FT04 dynamicdrawing of clusteredyraphs
is addresseddynamicdrawing of orthogonakndhierarchi-
calgraphdsdiscusseih [GBPDO04. Thecurrentpaperaims
at producingonline layoutsof generalgraphsef ciently .

In recentyears,GPUshave beensuccessfullyappliedto
numerousproblemsoutside of classicalcomputergraph-

ics[OLG 05]. Proteinfolding [Pan0§ andsimulationof de-
formablebodiesusingmass-springystemg TEO5 GEWO0Y
are relatedto our application. However, while the mass-
springalgorithmstake only nodesconnectedy edgesinto
accounttheforcedirectedalgorithmconsidersll thenodes
when calculatingthe force exertedon a node.GPUshave
also beenusedto simulate gravitational forces [NHP04,
whereanapproximatdorce eld is usedto calculateforces.

3. Algorithm Outline

Given, online, a series of undirected graphs Gg =

wherelL; is a straight-edgedraving of G;. The updatedJ;
thatcanbe performedbetweersuccessie graphsG; ; and
G;i, includeaddingor remaving verticesandedges.

A key issuein dynamicgraphdrawing is the preseration
of thementalmap.,i.e.thestability of thelayouts] MELS95.
This is animportantconsideratiorsincea userlooking at a
graphdraving becomegraduallyfamiliar with thestructure
of the graph.The quality of the layout canbe evaluatedby
measuringhe movementof the nodesbetweensuccessie
layouts,which shouldbe small, especiallyin unchangear
easof the graph.In addition, eachlayoutin the sequence
shouldsatisfy the standardrequirementdrom static graph
layouts,suchasminimizationof edgecrossingsavoidance
of nodeoverlapsandlayoutsymmetry] KWO01].

Amongthedifferentclasse®f graphdrawing algorithms,
the force directed algorithm class [KWO01] is a natural
choicein our case for several reasonsFirst, differentlay-
out criteria can be easily integratedinto thesealgorithms.
Secondjn someof thesealgorithmsit is possibleto update
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node positionsin parallel, thus makingit possibleto ef-
ciently emplgy the GPU's parallel computationmodel. Fi-
nally, it is possibleto usea corvergenceschemehatresem-
blessimulatedannealingjn which nodesareslowly frozen
into position [FR9] . This is suitablefor usein dynamic
layout,wherenodeshave differentscalesof movement.

Our algorithmutilizes several key ideas.First, nodesare
initially placedusinglocal graphpropertiesandinformation
from thepreviouslayout.Secondamovemente xibility de-
greeis assignedo eachnode allowing thealgorithmto “fo-
cus” on nodesthatmay have large displacementsThird, an
approachsimilar to simulatedannealing's used,wherethe
graphslowly freezesinto its nal position. The above are
performedn orderto maintainthe mentalmap.In addition,
in orderto reducethe layouttime while maintaininglayout
quality, forcesfrom distantnodesareapproximatedFinally,
the GPUis usedto accelerat¢helayout.

Givenasequencef graphsGy; : :: Gn, ouralgorithmcom-
puteslayoutsLy; ::: Ln usingthefollowing stages:

1. Initialization: computdayoutL.

2. Merging: MergelayoutL; 1 andgraphG; to producean
initial layout.

3. Pinning: Assign pinning weightsto the nodes.These
weightscontrolthe alloweddisplacemenof eachnode.

4. Geometricpartitioning: The nodesin the graphs initial
layoutarepartitioned,in orderto allow usto performap-
proximatecalculationson partitionsinsteadof on indi-
vidual nodes.

5. Layout: a modi ed force directedalgorithmis usedto
computethe nal layoutL;.

6. Animation:smoothlymorphL; 1 into L;, gotostep2.

ComputinglayoutL involvesexecutingstepsl, 4 and5.
Subsequerlayoutsinvolve steps2-6.

4. Algorithm
This sectiondescribeghealgorithmin detail.

Initialization (Step 1): Lg is computedusing a multi-
level force-directedayoutschemewherecoarserepresen-
tationsof thegrapharerecursvely built. At eachlevel, given
a ne graph,acoarserepresentatiois constructedisinga
seriesof edge collapseoperationsA collapseoperationre-
placestwo connectechodesandthe edgebetweerthemby
asinglenode whoseweightis the sumof theweightsof the
nodesheingreplacedThe weightsof the edgesareupdated
accordingly (Theinitial weightof anode/edgés 1.) Theal-
gorithmis similarto [Wal03. However, theorderof theedge
collapseoperationgs different:First, nodeswhich arecan-
didatesto be eliminated,aresortedby their degree(soasto
eliminatelow-degreenodesrst). An adjacentedgeof alow-
degreenodeis chosenfor collapseby maximizingthe fol-
lowing measure?"’v(vg:,‘)’) + ":’A(,E‘u‘)’) , wherew(x) is theweightof

nodex andw(x;y) is theweightof edge(x;y). This function
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helpsto presere the topology of the graphby “uniformly”
collapsinghighly connectedodes.

The coarsesgraphis laid out using the Kamada-Kavai
algorithm[KK89]. It is not usedon the ner graphssince
it is expensve. However, it givesgoodresultson the coarse
graph.Torecursvely lay the ner graphsaseriesof interpo-
lationsandlayoutsis performedasdescribedn Steps4-5,
until theinitial, nest graphis laid out.

Merging (Step 2): Computinga goodinitial positionis
vital for reducingthe layouttime and maintainingdynamic
stability [Coh97 GGKO04. The coordinatesof nodesthat
existbothin G; ; andin G; arecopiedfromL; ;. Nodesin
G thatdo notexist in G; ; areassignedcoordinatesvhile
considerindocal graphpropertiesasfollows.

Eachun—positioneshodev is examinedn turn.Let PN(v)
be the set of neighborsof nodev 2 V; that have already
beenassigneda position. If v hasat leasttwo positioned
neighborsy is placedattheirweightedbarycenterpogv) =
pogu). If v hasasinglepositionedneighbor

1 o
JPN(VJ u2 PaN(v)
u, thenv is positionedalongtheline betweenpoqu) andthe
centerof the boundingbox of G; 1. This procedurds per

formedin aBFSmanneystartingfrom thepositionechodes.
Thenodeghatcannotbe placedby this procedurereplaced

in acirclearoundcerter(L; 1).

A Positioningscore (V) is assignedo eachnode,based
onthe methodusedto positionit. Scoref 1; 0:25; 0:1 and
0 areassignedo nodespositionedaccordingto their coor
dinatesatL; i, atthebarycenteof two or moreneighbors,
accordingo oneneighborandatthecenterof L; 1, respec-
tively. Thesescoresindicatethe “con dence” in the nodes
positionandwill beusedin thenext stepof thealgorithm.

Pinning (Step3): After all thenodesareplacedheirpin-
ning weights,wpin(v) 2 [0; 1], which re ect the stiffnessin
thepositionsof thenodesarecomputed[FT04,KGO0€]. The
positionof a nodewith a pinningweight1 is x ed during
layout, while a nodewith a pinningweightO is completely
freeto move duringlayout,asif thelayoutis static.

Pinningweightsareassignedisingtwo sweepsThe rst
sweepwhich is local, usesinformationregardingthe posi-
tioning scoresG of thenodeandits neighbors:

1 o
Wpin(V) = a vV+(1 a)———— u);
(0= QO+ D gy 8 AW
wherein ourimplementatiora = 0:6. Takingthe neighbors
of vinto accountamountgo performinglow passltering of
the pinning weights,accordingto graphconnectity infor-
mation.This mimicsthecreationof e xible ligamentsn the
grapharoundareaghatweremodi ed.

In the secondsweepthelocal changesrepropagted,in
orderto createaglobaleffect. A BFS-typealgorithmassigns
eachnode a distance-to-modi cationrmeasureas follows.
The distance-zermodeset, Dy, is de ned asthe union of
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the setof nodeswith a pinning weight of lessthanoneand
the setof nodesadjacento anedgethatwaseitheraddedor
removedfrom G; ;. Thedistance-onset,D4, is de ned as
thesubsebf nodesn V nDg adjacento anodein Dg. In gen-
eral,D; is the subsebf nodesnotyet marked, which aread-
jacentto anodein D; 1. Thisprocesontinueauntil all the
nodesin V areassignedo oneof thesetsDg;D1;  ;Ddmax

Pinning weights are assignedto nodesbasedon their
distance-to-modi cationin particular nodeshatarefarther
thansomecutof distancedcutof , are assigneda pinning
weightof one,thusremaining x ed, sincethey arefar avay
from areasof the graphthat were changedThe movement
of othernodesdependon the setD; they belongto. This is
doneasfollows. Givendcutof = k dmax thenodesn D;j,
i 2 [1;dcutof] areassigneginningweights:

Whpin = (V\)Siirgial)(l o)

In our implementatiork = 0:5 andw{jiy® = 0:35: This as-
sighmentcreatesa decayingeffect in which nodesfarther
away from Dg are assignecdhigher pinning weights. Note
thata largerk resultsin a moreglobal effect, possiblytrad-
ing layoutstability for betterlayoutquality (sincenodesare
morefreeto move).

Geometric partitioning (Step4): Thepartitioningstepis
usedto accelerat¢helayoutstep discussedbelon. Thereare
threerequirementghat shouldbe satis ed by partitioning.
First, the partitionsshouldbe geometricallylocalized,thus
thenodesn eachpartitionshouldberelatively closeto each
other Thiswill let usrepreseneachpartitionusingasingle
"heary" node.Secondthenumberof nodesn eachpartition
shouldbesimilar. Thisis importantin orderto achieve good
loadbalancebetweerthe parallelprocessorsf the GPU, as
discussedn Section5. Third, thealgorithmshouldbefast.

This stepcreatesa KD-tree-typepartitioning.Proceeding
from coarseto ne, the nodesare partitionedaccordingto
their median,alternatingbetweencomputationof the me-
dianof the X andY coordinatesThe recursve subdvision
terminatesvhenthe sizeof the subseis below the required
partitionsize.

Layout (Step5): This stepof thealgorithmcomputeghe
layout. Our algorithmbuilds on the basicforce directedal-
gorithm[FR91], whichis modi ed, soasto makeit suitable
bothfor incrementalayoutandfor ef cient implementation
on the GPU. The basicalgorithmis thusmodi ed in three
ways.First, an approximateforce modelis usedin orderto
speeduphe calculation.Second nodepinning allows indi-
vidual control over the movementof eachnode.Third, the
algorithmis reformulatedn a mannersuitablefor ef cient
implementatioron the GPU.

Figure 2 outlines our algorithm. The input is a graph
G = (V;E) decomposethto partitionsP;, nodeswith initial
placementpogV), andtheir pinning weightswpin(v). The
outputis the positionsfor all nodes.Thekey ideaof the al-

gorithmis to cornvergeinto a minimal enegy con guration,
whichis shavn to correlatewith anaesthetidayout.

fracgone= 0, K = 0:1,t = K v iVi,1 = 0:9
do iteration_countimes,
updatepartitioning(step4)if required
parallel_foreachpartitionP, 2 P,
4 pogv)

calculatepartition centerof gravity CG(R,) = 2 F}F‘,j

parallel_foreachnodev, v2 P wherefracjone> Wpin(V),

repl o\ — 2 2_pogv) pogu)

Fin ()=, & 6. Koo posuk?

©ply =k K2 PO COP)

Fed (¥ PjZF?PjQHK P Chog cotpz

Fatr) = 3 k pog(u) pOiV)kK(DOS(U) pogv))
u(uv)2 E

Foel(y) = R (v + e (v) + F2()
parallel_foreachnodev wherefracione> Wpin(V),
Ftotal(v)

Posien(V) = pogVv) + mmir\(t;kF“"a'(v)k)
t =1, fracgonet = iteration_court 1

Figure 2: Parallel forcedirectediayoutalgorithm

Theinitialization of thealgorithmincludessettingthe op-
timal geometricnode distanceK (that affects the scaleof
the graph),theinitial annealinggemperature, the tempera-
turedecayconstant , andthefractionof theiterationsdone
fracyone2 [0;1].

Partitioning is usedto acceleratehe algorithm. Instead
of calculatingall-pair repulsive forces,asis customaryap-
proximateforcesarecalculated An exactcalculationis per
formedonly for nodescontainedn thesamepartition,while
an approximatecalculationis performedfor nodesbelong-
ing to differentpartitions.The centerof gravity is foundfor
eachpartitonP, andis usedto replacethenodesin P.

Our experimentsshav thatthereis e xibility in thenum-
berof nodesn eachpartition, e.g.Figure3 shavsthatusing
twentytimesfewernodesn eachpartitionhaslittle effecton
the nal layout.Moreover, it is not necessaryo re-partition
ateveryiteration,exceptfor theinitial iterationsof theinitial
layout (stepl), wherethe nodesmay have a high displace-
ment. During the incrementalayout, the mege stage(step
3) alreadygivesa goodapproximatiorof the nal layout.

Thekey to ef cient implementatiorof this algorithmon
the GPUis theuseof theparallel_foread loops.Eachitera-
tion of thealgorithmoperate®nly onthesubsebf thenodes
in G for which fracgone> Wpin(V). This makesit possible
to control the relative displacemenbf nodes.Nodeswith a
low pinningweightwill bedisplacedduringmoreiterations
of the algorithm. Becausehe allowed displacements de-
creasedrom oneiterationto the next, settinga higherpin-
ning weight limits the total displacementf nodes.Hence,
the pinningweightcontrolsthe stability of nodepositions.

The algorithm computesthe total force acting on each
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(b) 10p jVj partitions

(a) 0:5p iVj partitions

Figure 3: Partition sizeeffect on layout, graph 4elt, jVj =
15606 jEj = 45878

nodein several stepsFirst, the centersof gravity of all par
titions are computed.Next, the setof actve nodes,which
areallowedto bedisplacedn the currentiteration,is deter
mined.For eachsuchnode therepulsice forcesF<P'; FLeP!
andthe attractie force F 2 actingonit, arecalculatedFi-
nally, the nodesaredisplacedoy anamountboundecby the
currenttemperatureof the algorithm,which slowly decays,
mimicking particlesfreezinginto position.

The asymptoticcompleity of the meiging and pinning
stepss O(JEj + jVj). Thecompleity of thepartitioningstep
isO(jVj log(jVj)): nding themedianislinearateachevel
in thepartitiontreewhich containgO(logjVj) levels.Assum-
ing that eachpartition containsCs nodes the runningtime
of eachlayoutiterationis O(JEj + jVj (Cs+ lé)) . Thisex-
pressioris minimizedwhenCs = = jVj, resultingin atotal
compleity of O(Ej + jVj*®). In mary casesEj jVj and
the dominatingtermis jVj*°. Althoughthis maylook rela-
tively high, the simplicity of the calculationandits parallel
implementatioron the GPU give goodresults,asdiscussed
in Section5. We use50 layoutiterations[Wal03.

5. Implementation and Results

This sectiondescribeur GPU implementatiorof the lay-

out stage(step5, seeFigure2), which is the mosttime con-
sumingstage,and our results.On the GPU, parallel com-

putationis achieved by renderinggraphicsprimitives that
cover several pixels. The GPU runsa programcalleda ker-

nel programfor eachpixel candidatecalledafragment The

key to high performancen the GPUis usingmultiple frag-

mentprocessorswhich operatein parallel. The GPU suits
uniformly structureddata,suchas matrices.The challenge
is representingraphs which areunstructuredin a manner
thatmalkesef cient useof GPUresources.

Several textures are usedon the GPU to representhe
graph:the texturesrepresenthe nodes,the partitions, the
edges,andthe forces.The location texture holdsthe (x,y)
positionsof all the nodesin the graph and their partition
number Eachgraphnodehasa correspondindu,v) index in
thetexture. The partition centerof gravity texture holdsthe
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current(x,y) coordinate®f thecenterof gravity of eachpar

tition. Graphedgesarerepresentedsingthe neighbos tex-

ture andthe adjacencytexture. The adjacencytexture con-
tainslists of (u;V) pointersinto the locationtexture, repre-
sentingthe neighborsof eachnode.The neighbos texture
holdsfor eachnodev, a pointerinto the adjaceng texture,
to the coordinate®f the rst neighborof the node.Pointers
to additionalneighboringhodesarestoredin consecutie lo-

cationsin the adjaceng texture. The neighborstexture also
holdsthe degreeof eachnode.The forcescomputedduring
layoutarestoredin two textures:the attractiveforcetexture
andthe repulsiveforce texture. The attractive force texture
containsfor eachnodethe sumof the attractive forcesF &

exertedon it by its neighbors.The repulsiveforce texture
holdsthe sumof repulsive forces,bothby nodesn thesame

partition— FI' and by the other partitionsin the graph—

FLP The overall storagecompleity is O(jVj + jEj): every
nodeandedgeis storeda x ednumberof times.

Computingeachlayoutiterationis donein several steps,
which areimplementedas kernel programsthat run on the
GPU.Thepartition CG kernelcalculateghe centerof grav-
ity of eachpartition. Therepulsekernelcalculategherepul-
sive forcesexertedon eachnode.This kernel rst calculates
for eachfragmentit processegheinternalforces,e.g.forces
exertedby nodescontainedn the partitionthatthefragment
belonggo. Then,it approximatesheforcesby all otherpar
tition. The attract kernelis usedto calculatethe attractve
forcescausedy graphedgesFor eachnode,the kernelac-
cessesheneighbordexturein orderto getapointerinto the
adjaceny texture, which containsthe (u,v) locationtexture
coordinatesf the nodes neighbors.For eachneighboring
node,the attractve forceis calculatedandaccumulatedfi-
nally, the annealkernel calculatesthe total force on each
node,F1°@  This kernelupdatesa secondcopy of the loca-
tion texture. This doublebufferingis requiredsincethe GPU
cannotreadandwrite to the sametexture.

Two criteria are usedto measurethe quality of the re-
sultingdynamiclayouts:average displacemenof nodesbe-
tweenead pair of successivéayoutsandpotentialenegy.
The rst criterion measureshe stability of the layout. The
secondcriterion judgesthe quality of the layout. Lower
enepgy implies low stressin the graph, correspondingo
a good layout. The enegy U is derived from the relation
F = r U. For attractie forcesactingon edges " (x) =

K lkxkx = r U henceU2" =  (3K) kxk®. For
repulsive forcesacting betweenall node pairs, F"®P'(x) =
Kokak 2=r U™ hencal™P = 0:5K?log(kxk?) . The
totalenegy is U@ = yatr + yreP! Otherstaticgraphlay-
out quality criteriaareindirectly handledby the underlying
forcedirectedalgorithm.

The quality of thelayoutis comparedo two algorithms.
The rst is a force-directechon-incrementahlgorithmthat
lays eachgraphin the sequenceéndependentlyThis algo-
rithm, which is expectedto producethe bestlayoutssince



Y. Frishmané& A. Tal / Online DynamicGraph Drawing

graph threadsl threads2 3elt delt fe_pwt
metric Dpos | U@ [l Dpos [ U@ [ Dpos | U©& Dpos | U@ Dpos | Uto@
non-incr 134 | 389 1.40 [ 9.65 28.7 | 2.73x10 || 56.3 | 1.01x16 || 99.9 | 9.59x1G
basic-incr || 0.33 | 39.8 032 | 9.76 1.35 3x10P 2.58 | 9.17x1G || 4.65 | 8.37x10
ours 0.05 | 28.0 0.05 | 5.76 0.66 | 2.72x1C 1.05 | 9.87x10 1.97 | 8.26x1C0

Table 1: Layoutquality - valuesare avelagesfor a sequencef layouts

it hasno constraintsjs usedto checkthe quality of our dy-
namiclayouts.The seconds avariantof our dynamicalgo-
rithm which doesnot usepinning weights(e.g. wpin ~ 0).
This algorithmdemonstratethat simply usingthe previous
placements insufcient for generatingstablelayouts.

Several well-known graphs(3elt, 4elt, fe_pwt) are used
to demonstrateur algorithm[Wal]. Thedynamicsequences
aregeneratedby performingrandomchange®nthegraphs,
modifying JEj andjVj by up to 15%. In addition, the se-
guencesnarked threads1,Zomefrom real data,discussed
in Section6. Figure4 shavs a few snapshotfrom the dy-
namic graphlayout of 3elt. Table 1 shavs averageresults
for thelayoutquality metrics.(Lower valuesarebetter) The
Dposcolumnshaws the averagedisplacemenbf nodesand
they '@ columnshowsthe potentialenegy of thegraph.It
is clearthatourincrementablgorithmoutperformgheother
algorithmsand maintainsdynamic stability. The potential
enepgiesachieved by all algorithmsaresimilar, demonstrat-
ing thatthe quality of layoutscomputedoy our algorithmis
good.In somecasegfe_pwt,4elt) thetwo incrementahlgo-
rithmssurprisinglyperformbetterthanthestaticone.Thisis
dueto thefactthattheforce-directedalgorithm nds alocal
minimumwhich depend®ntheinitial conditionswhichare
differentfor eachalgorithmusedhere.In summarythere-
sultsdemonstrat¢hatour algorithmcomputesesthetiday-
outswhile minimizing the movementsf thenodes.

For our performancdestswe useda PC equippedwith a
1.86 GHz Intel Core2 Duo CPU andanNVIDIA 7900GS
GPU. Our algorithmwas implementedusing C++, Cg and
OpenGL. Table 2 gives information about the graph se-
guencesandrunningtimes.As canbe seenin thetable,our
GPU implementationprovides a signi cant speedupof up
to 8 comparedo the CPU. Due to the high ratio of arith-
meticoperationdo memoryaccesseghealgorithmis com-
puteandnot memorybound.Suchanalgorithmis expected
to scalewell whenusingfaster newver GPUs.

6. Application to DiscussionThr ead Visualization

We appliedouralgorithmto thevisualizationof Internetdis-
cussionforums. We collecteddatafrom several discussion
threadsat http://www.dailytech.com . This site contains
various hi-tech relatednews items. The discussionthreads
visualizedcontainthe commentspeoplemale on the news
items.In the graph,eachnoderepresents: user Edgesare
constructedbetweenthe useraddinga commentand users

Figure4: Snapshotfromlayoutsof the3eltsequenc§Vj

4000 jEj  10;500), left-to-right, top-to-bottom
Graph avg. avg. initial layout incr. layout
name V| IE| GPU CPU | GPU CPU
3elt 4097 | 10468 | 151 | 2.2 0.1 | 0.34
delt 14588 | 40176 | 2.89 | 13.27 | 0.39 | 2.93
fe_pwt | 32045 | 112395| 6.05 | 35.7 | 1.12 | 9.23
g7 9783 | 19179 | 1.9 5.94 | 0.18 | 0.85

Table 2: Graph sequencdnformation and running time
[sec.]. Thelasttwo columnsshowaveiage incrementalay-
outtimefor onegraph.Total runningtimesfor the CPU only
and GPU acceleratedvariant of thealgorithmare shown.

which replied to that comment.Eachdiscussionthreadis
representetly anodelabeledA_n wheren is thediscussion
threadnumber(correspondingo a nensitem).

Figure 1 showvs a samplevisualizationof 7 discussion
threadswith 119 users.Although during visualizationthe
graphmore than doubles,our layout managedo presere
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Figure5: Snapshotfromthethreadsgraphsequencgvisualizingdiscussiorthreadsat http://wwwdailyted.com Jeft to right,
top to bottom.109 messgesfrom 86 usess in 5 discussiorthreadsare shown.Discussiontopics,marked as blue A_nnodes,
include computergames(A_5054),nuclear fusion (A_5027),low-costPCs (A_5060),Windows/Linuxswitch (A_5069)and

Christmase-shoppindA_5082).

thementalmap.Severalinsightscanbe gainedfrom the vi-
sualization Clustersareevidentaroundthe A_n nodesfep-
resentingeachdiscussiorthread.As time progressesnore
clusters,representinghewn discussiornthreads becomevis-
ible. There are clustersof various sizes— correlatingto
threadgdrawing differentlevelsof attention Someusergost
messagesn several threadswhile othersdiscussonly one
topic. Someusersarevery active andpostmary messages,
actingascentralnodesn thegraph.Thedegreeof nodesep-
resentingsuchusersincreasesver time andthey contribute
to theconnectvity of thegraph.Someuserswho aredravn
attheboundarie®f thegraph contrituteonly onecomment.

As a secondexamplewe studiedthe latestheadlinesec-
tion of the website.We selected ve items,appearingover
a spanof threedays,from seeminglyunrelatedelds: com-
putergames nuclearfusion,low-costPCs,Windows/Linux
switchandChristmase-shoppingThe numberof comments
for eacharticlevariedfrom 15to 31. A total of 86 userscon-
tributedto the discussiorthreadsFigure 5 presentseveral
snapshot$rom the animationsequencehaowing the evolu-
tion of thesediscussiorthreadsovertime.

Looking at the visualization,several conclusionscan be

¢ TheEurographic#ssociation2007.

dravn. The graphis initially partitionedinto disconnected
clustersrepresentinguclearfusion,low-costPCsandcom-
putergamesLater, connectionstartto appeain the graph.
The threadsdiscussinglow-cost PCs and Windows/Linux
switch are highly connected.Some connectionsexist be-
tweentheseclustersandthe computergamecluster Surpris-
ingly, several usersdiscussingnuclearfusion join both the
computergamesand Windows/Linux switch threads. Good
correlationalsoexistsbetweemuclearfusionandtheChrist-
mase-shoppingliscussion.

7. Conclusion

We have presentedan online algorithmfor dynamiclayout
of graphs,whosegoal is to efciently computestableand
aesthetidayouts.Thealgorithmhasseveralkey ideas First,
a goodinitial layoutis computed Secondthe allowed dis-
placementf nodesis controlledaccordingto the changes
appliedto the graph.In particular eachnodeis assignedn
individual corvergencescheduleThird, the global interac-
tionsin the graphareapproximatedn orderto maintainthe
structureof the graphandcomputeanaesthetidayout. Last
but not least,the GPU is usedto accelerateghe algorithm,
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requiringtherepresentationf unstructuredyraphsin anor-
deredmannetthat ts the GPU.

It hasbeendemonstratethatthe algorithmcomputesan
aesthetidayout, while minimizing displacemenandmain-
tainingtheusers mentalmapbetweerayoutiterations.Our
GPUimplementatiorof thealgorithmperformsupto 8times
fasterthanthe CPU version.We have appliedour algorithm
to visualizationof discussiorthreadsontheInternet.
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