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Abstract

This paperpresentsan algorithm for drawing a sequenceof graphsonline. Thealgorithm strivesto maintain
theglobal structure of thegraphandthustheuser's mentalmap,while allowing arbitrary modi�cationsbetween
consecutivelayouts.Thealgorithmworksonlineandusesvariousexecutionculling methodsin orderto reducethe
layout timeandhandlelarge dynamicgraphs.Techniquesfor representinggraphson theGPU allow a speedup
bya factorof up to 8 comparedto theCPU implementation.Anapplicationto visualizationof discussionthreads
in Internetsitesis provided.

CategoriesandSubjectDescriptors(accordingto ACM CCS):
I.3.8 [Computergraphics]:ApplicationsH.4.3[Informationsystemsapplications]:Communicationsapplications

1. Intr oduction

Graphdrawing addressesthe problemof constructinggeo-
metricrepresentationsof graphs[KW01]. It hasapplications
in a variety of areas,including softwareengineering,soft-
warevisualization,databases,informationsystems,decision
supportsystems,biology, andchemistry.

Many applicationsrequirethe ability of dynamicgraph
drawing, i.e., theability to modify thegraph[Nor95,DG02,
KW01], asillustratedin Figure1 . Sampleapplicationsin-
clude�nancial analysis,network visualization,security, so-
cial networks,andsoftwarevisualization.The challengein
dynamicgraphdrawing is to computea new layout that is
bothaestheticallypleasingasit standsand�ts well into the
sequenceof drawingsof theevolving graph.Thelattercrite-
rion hasbeentermedpreservingthementalmap[MELS95]
or dynamicstability [Nor95].

Most existing algorithmsaddressthe problemof of�ine
dynamicgraphdrawing,wheretheentiresequenceof graphs
to bedrawn is known in advance [DG02,EHK� 03,KG06].
This gives the layout algorithm information about future
changesin the graph,which allows it to optimize the lay-
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outsgeneratedacrossthe entiresequence.In contrast,very
little researchhasaddressedtheproblemof onlinedynamic
graphdrawing, wherethe graphsequenceto be laid out is
not known in advance[FT04,LLY06].

Thispaperproposesanonlinealgorithmfor dynamiclay-
outof graphs.It attemptsto maintaintheuser'smentalmap,
whilecomputingfastlayoutsthattaketheglobalgraphstruc-
tureinto account.Thealgorithm,which is basedonforcedi-
rectedlayouttechniques,controlsthedisplacementof nodes
accordingto the structureand changesperformedon the
graph.By takingspecialcarein orderto representthegraph
in aGPU-ef�cient manner, thealgorithmis ableto makeuse
of theGPUto signi�cantly acceleratethelayout.

This papermakes the following contributions. First, a
novel, ef�cient algorithm for online dynamicgraphdraw-
ing is presented.It spendsmostof theexecutiontime on the
partsof thegraphbeingmodi�ed. Second,it is shown how
theheaviestpartof thealgorithm,performingforcedirected
layout,canbeimplementedin a mannersuitablefor execu-
tion on theGPU.This allows usto signi�cantly shortenthe
layouttime.For example,incrementaldrawing of agraphof
32,000nodestakes1.12secondsper layout.Finally, theal-
gorithmis appliedto thevisualizationof theevolution over
time of discussionthreadsin Internetsites.In this applica-
tion, illustratedin Figure1, nodesrepresentusersandedges
representmessagessentbetweenusersin discussionforums.
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(a) (b) (c)

Figure1: Snapshotsfromthethreads1graphsequence, visualizingdiscussionthreadsat http://www.dailytech.com,left to right.
Nodelabels in red showusernames,edgeslink users replyingto postedcomments.Up to 119 users are shown.Discussion
topics,marked as blue A_n nodes,includeGPUs(A_4864,A_4285),chipsets(A_4637,A_4425,A_4538and A_4866)and
CPUs(A_4589).A total of 144messagesarevisualized.

2. RelatedWork

Various methodsfor graph drawing have been proposed
[KW01]. Our algorithm builds on force directed layout
[KW01], where forces are applied to nodesaccordingto
the graph structureand the layout is determinedby con-
vergenceto a minimum stresscon�guration. To accelerate
theforcedirectedlayout,severalapproacheshave beenpro-
posed.Theseattemptto reducethe numberof calculations
performed,by usingmultiple levelsof detailto representthe
graph[HK02,Wal03,HJ04,KCH03,BH86,ATAM04].

Dynamic layout using force directedmethodsis intro-
ducedin [BW97]. Severalalgorithmsaddresstheproblemof
of�ine dynamicgraphdrawing, wheretheentiresequenceis
known in advance.In [DG02], a meta-graphbuilt usingin-
formationfrom theentiregraphsequence,is usedin orderto
maintainthementalmap.In [KG06] a strati�ed, abstracted
versionof the graphis usedto exposeits underlyingstruc-
ture.An of�ine forcedirectedalgorithmisusedin [EHK� 03]
in orderto create2D and3D animationsof evolving graphs.
Creatingsmoothanimationbetweenchangingsequencesof
graphsis addressedin [BFP05].

An online algorithm is discussedin [LLY06], where a
cost function that takesboth aestheticandstability consid-
erationsinto account,is de�ned and used.Unfortunately,
computingthis function is very expensive (45 secondsfor
a 63 node graph). Drawing constrainedgraphshas also
beenaddressed.Incrementaldrawing of DAGs is discussed
in [Nor95]. In [FT04] dynamicdrawing of clusteredgraphs
is addressed.Dynamicdrawing of orthogonalandhierarchi-
calgraphsis discussedin [GBPD04]. Thecurrentpaperaims
atproducingonlinelayoutsof generalgraphsef�ciently .

In recentyears,GPUshave beensuccessfullyappliedto
numerousproblemsoutsideof classicalcomputergraph-

ics[OLG� 05]. Proteinfolding [Pan06] andsimulationof de-
formablebodiesusingmass-springsystems[TE05,GEW05]
are related to our application.However, while the mass-
springalgorithmstake only nodesconnectedby edgesinto
account,theforcedirectedalgorithmconsidersall thenodes
when calculatingthe force exertedon a node.GPUshave
also beenusedto simulategravitational forces [NHP04],
whereanapproximateforce�eld is usedto calculateforces.

3. Algorithm Outline

Given, online, a series of undirected graphs G0 =
(V0;E0);G1 = (V1;E1); : : : ;Gn = (Vn;En), thegoalof theal-
gorithm is to producea sequenceof layoutsL0;L1; : : : ;Ln,
whereLi is a straight-edgedrawing of Gi . The updatesUi
thatcanbeperformedbetweensuccessive graphsGi� 1 and
Gi , includeaddingor removing verticesandedges.

A key issuein dynamicgraphdrawing is thepreservation
of thementalmap,i.e.thestabilityof thelayouts[MELS95].
This is an importantconsiderationsincea userlooking at a
graphdrawing becomesgraduallyfamiliarwith thestructure
of the graph.The quality of the layout canbe evaluatedby
measuringthe movementof the nodesbetweensuccessive
layouts,which shouldbesmall,especiallyin unchangedar-
easof the graph.In addition,eachlayout in the sequence
shouldsatisfy the standardrequirementsfrom static graph
layouts,suchasminimizationof edgecrossings,avoidance
of nodeoverlapsandlayoutsymmetry[KW01].

Amongthedifferentclassesof graphdrawing algorithms,
the force directed algorithm class [KW01] is a natural
choicein our case,for several reasons.First, different lay-
out criteria can be easily integratedinto thesealgorithms.
Second,in someof thesealgorithms,it is possibleto update
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nodepositionsin parallel, thus making it possibleto ef�-
ciently employ the GPU's parallel computationmodel.Fi-
nally, it is possibleto usea convergenceschemethatresem-
blessimulatedannealing,in which nodesareslowly frozen
into position [FR91] . This is suitablefor usein dynamic
layout,wherenodeshavedifferentscalesof movement.

Our algorithmutilizes several key ideas.First, nodesare
initially placedusinglocalgraphpropertiesandinformation
from thepreviouslayout.Second,amovement�e xibility de-
greeis assignedto eachnode,allowing thealgorithmto “fo-
cus” on nodesthatmayhave largedisplacements.Third, an
approachsimilar to simulatedannealingis used,wherethe
graphslowly freezesinto its �nal position.The above are
performedin orderto maintainthementalmap.In addition,
in orderto reducethe layout time while maintaininglayout
quality, forcesfrom distantnodesareapproximated.Finally,
theGPUis usedto acceleratethelayout.

Givenasequenceof graphsG0; : : :Gn, ouralgorithmcom-
puteslayoutsL0; : : :Ln usingthefollowing stages:

1. Initialization:computelayoutL0.
2. Merging: MergelayoutLi� 1 andgraphGi to producean

initial layout.
3. Pinning: Assign pinning weights to the nodes.These

weightscontrolthealloweddisplacementof eachnode.
4. Geometricpartitioning:The nodesin the graph's initial

layoutarepartitioned,in orderto allow usto performap-
proximatecalculationson partitionsinsteadof on indi-
vidualnodes.

5. Layout: a modi�ed force directedalgorithm is usedto
computethe�nal layoutLi .

6. Animation:smoothlymorphLi� 1 into Li , gotostep2.

ComputinglayoutL0 involvesexecutingsteps1, 4 and5.
Subsequentlayoutsinvolvesteps2-6.

4. Algorithm

Thissectiondescribesthealgorithmin detail.

Initialization (Step 1): L0 is computedusing a multi-
level force-directedlayoutscheme,wherecoarserrepresen-
tationsof thegrapharerecursively built. At eachlevel,given
a �ne graph,a coarserrepresentationis constructedusinga
seriesof edge collapseoperations.A collapseoperationre-
placestwo connectednodesandtheedgebetweenthemby
asinglenode,whoseweightis thesumof theweightsof the
nodesbeingreplaced.Theweightsof theedgesareupdated
accordingly. (Theinitial weightof anode/edgeis 1.) Theal-
gorithmis similarto [Wal03]. However, theorderof theedge
collapseoperationsis different:First,nodes,which arecan-
didatesto beeliminated,aresortedby their degree(soasto
eliminatelow-degreenodes�rst). An adjacentedgeof alow-
degreenodeis chosenfor collapseby maximizingthe fol-
lowing measure:w(u;v)

w(v) + w(u;v)
w(u) , wherew(x) is theweightof

nodex andw(x;y) is theweightof edge(x;y). This function

helpsto preserve the topologyof thegraphby “uniformly”
collapsinghighly connectednodes.

The coarsestgraphis laid out using the Kamada-Kawai
algorithm[KK89]. It is not usedon the �ner graphssince
it is expensive.However, it givesgoodresultson thecoarse
graph.To recursively lay the�ner graphs,aseriesof interpo-
lationsandlayoutsis performed,asdescribedin Steps4–5,
until theinitial, �nest graphis laid out.

Merging (Step 2): Computinga good initial position is
vital for reducingthe layout time andmaintainingdynamic
stability [Coh97, GGK04]. The coordinatesof nodesthat
exist bothin Gi� 1 andin Gi arecopiedfrom Li� 1. Nodesin
Gi thatdo not exist in Gi� 1 areassignedcoordinateswhile
consideringlocalgraphproperties,asfollows.

Eachun–positionednodev is examinedin turn.Let PN(v)
be the set of neighborsof node v 2 Vi that have already
beenassigneda position. If v hasat least two positioned
neighbors,v is placedattheirweightedbarycenter:pos(v) =

1
jPN(v)j å

u2 PN(v)
pos(u). If v hasa singlepositionedneighbor,

u, thenv is positionedalongtheline betweenpos(u) andthe
centerof theboundingbox of Gi� 1. This procedureis per-
formedin aBFSmanner, startingfrom thepositionednodes.
Thenodesthatcannotbeplacedby thisprocedureareplaced
in acirclearoundcenter(Li� 1).

A Positioningscore G(v) is assignedto eachnode,based
on themethodusedto positionit. Scoresof 1; 0:25; 0:1 and
0 areassignedto nodespositionedaccordingto their coor-
dinatesat Li� 1, at thebarycenterof two or moreneighbors,
accordingto oneneighbor, andat thecenterof Li� 1, respec-
tively. Thesescoresindicatethe “con�dence” in the node's
positionandwill beusedin thenext stepof thealgorithm.

Pinning (Step3): After all thenodesareplaced,theirpin-
ning weights,wpin(v) 2 [0;1], which re�ect the stiffnessin
thepositionsof thenodes,arecomputed[FT04,KG06]. The
positionof a nodewith a pinning weight 1 is �x ed during
layout,while a nodewith a pinningweight0 is completely
freeto moveduringlayout,asif thelayoutis static.

Pinningweightsareassignedusingtwo sweeps.The�rst
sweep,which is local, usesinformationregardingthe posi-
tioningscoresGof thenodeandits neighbors:

wpin(v) = a � G(v) + (1� a)
1

degree(v) å
u:(u;v)2 E

G(u);

wherein our implementationa = 0:6. Takingtheneighbors
of v into accountamountsto performinglow pass�ltering of
the pinning weights,accordingto graphconnectivity infor-
mation.Thismimicsthecreationof �e xible ligamentsin the
grapharoundareasthatweremodi�ed.

In thesecondsweep,thelocal changesarepropagated,in
orderto createaglobaleffect.A BFS-typealgorithmassigns
eachnodea distance-to-modi�cationmeasure,as follows.
The distance-zeronodeset,D0, is de�ned as the union of
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thesetof nodeswith a pinningweightof lessthanoneand
thesetof nodesadjacentto anedgethatwaseitheraddedor
removedfrom Gi� 1. Thedistance-oneset,D1, is de�ned as
thesubsetof nodesin V nD0 adjacenttoanodein D0. In gen-
eral,Di is thesubsetof nodesnot yetmarked,whicharead-
jacentto anodein Di� 1. Thisprocesscontinuesuntil all the
nodesin V areassignedto oneof thesetsD0;D1; � � � ;Ddmax.

Pinning weights are assignedto nodesbasedon their
distance-to-modi�cation. In particular, nodesthatarefarther
thansomecutoff distancedcutoff , areassigneda pinning
weightof one,thusremaining�x ed,sincethey arefar away
from areasof the graphthat werechanged.The movement
of othernodesdependon thesetDi they belongto. This is
doneasfollows.Givendcutoff = k� dmax, thenodesin Di ,
i 2 [1;dcutoff ] areassignedpinningweights:

wpin = (winitial
pin )(1� i

dcutoff ) :

In our implementationk = 0:5 andwinitial
pin = 0:35: This as-

signmentcreatesa decayingeffect in which nodesfarther
away from D0 are assignedhigher pinning weights.Note
thata largerk resultsin a moreglobaleffect, possiblytrad-
ing layoutstability for betterlayoutquality (sincenodesare
morefreeto move).

Geometricpartitioning (Step4): Thepartitioningstepis
usedto acceleratethelayoutstep,discussedbelow. Thereare
threerequirementsthat shouldbe satis�ed by partitioning.
First, the partitionsshouldbe geometricallylocalized,thus
thenodesin eachpartitionshouldberelatively closeto each
other. This will let usrepresenteachpartitionusinga single
"heavy" node.Second,thenumberof nodesin eachpartition
shouldbesimilar. This is importantin orderto achievegood
loadbalancebetweentheparallelprocessorsof theGPU,as
discussedin Section5. Third, thealgorithmshouldbefast.

This stepcreatesa KD-tree-typepartitioning.Proceeding
from coarseto �ne, the nodesarepartitionedaccordingto
their median,alternatingbetweencomputationof the me-
dianof theX andY coordinates.Therecursive subdivision
terminateswhenthesizeof thesubsetis below therequired
partitionsize.

Layout (Step5): Thisstepof thealgorithmcomputesthe
layout.Our algorithmbuilds on thebasicforcedirectedal-
gorithm[FR91], which is modi�ed, soasto make it suitable
bothfor incrementallayoutandfor ef�cient implementation
on the GPU.The basicalgorithmis thusmodi�ed in three
ways.First, anapproximateforcemodelis usedin orderto
speedupthe calculation.Second,nodepinning allows indi-
vidual control over the movementof eachnode.Third, the
algorithmis reformulatedin a mannersuitablefor ef�cient
implementationon theGPU.

Figure 2 outlines our algorithm. The input is a graph
G = (V;E) decomposedinto partitionsPi , nodeswith initial
placementpos(v), and their pinning weightswpin(v). The
outputis thepositionsfor all nodes.Thekey ideaof theal-

gorithmis to convergeinto a minimal energy con�guration,
which is shown to correlatewith anaestheticlayout.

fracdone= 0 , K = 0:1, t = K �
p

jVj, l = 0:9
do iteration_counttimes,

updatepartitioning(step4)if required
parallel_foreachpartitionPi 2 P,

calculatepartitioncenterof gravity CG(Pi ) =
å

v2 Pi
pos(v)

j Pi j
parallel_foreachnodev, v 2 Pi wherefracdone> wpin(v),

F repl
int (v) = å

u2 Pi ;u6= v
K2 pos(v)� pos(u)

k pos(v)� pos(u)k 2

F repl
ext (v) = å

Pj 2 P;Pj 6= Pi

K2jPj j
pos(v)� CG(Pj )

k pos(v)� CG(Pj )k 2

Fattr (v) = å
u:(u;v)2 E

k pos(u)� pos(v)k (pos(u)� pos(v))
K

F total (v) = F repl
int (v) + F repl

ext (v) + Fattr (v)
parallel_foreachnodev wherefracdone> wpin(v),

posnew(v) = pos(v) + Ftotal (v)
kFtotal (v)k

min(t;kF total (v)k)

t� = l , fracdone+ = iteration_count � 1

Figure2: Parallel forcedirectedlayoutalgorithm

Theinitializationof thealgorithmincludessettingtheop-
timal geometricnodedistanceK (that affects the scaleof
thegraph),the initial annealingtemperaturet, the tempera-
turedecayconstantl , andthefractionof theiterationsdone
fracdone2 [0;1].

Partitioning is usedto acceleratethe algorithm. Instead
of calculatingall-pair repulsive forces,asis customary, ap-
proximateforcesarecalculated.An exactcalculationis per-
formedonly for nodescontainedin thesamepartition,while
an approximatecalculationis performedfor nodesbelong-
ing to differentpartitions.Thecenterof gravity is foundfor
eachpartitonPi andis usedto replacethenodesin Pi .

Our experimentsshow thatthereis �e xibility in thenum-
berof nodesin eachpartition, e.g.Figure3 showsthatusing
twentytimesfewernodesin eachpartitionhaslittle effecton
the�nal layout.Moreover, it is not necessaryto re-partition
ateveryiteration,exceptfor theinitial iterationsof theinitial
layout (step1), wherethenodesmayhave a high displace-
ment.During the incrementallayout, the merge stage(step
3) alreadygivesagoodapproximationof the�nal layout.

The key to ef�cient implementationof this algorithmon
theGPUis theuseof theparallel_foreach loops.Eachitera-
tion of thealgorithmoperatesonly onthesubsetof thenodes
in G for which fracdone > wpin(v). This makes it possible
to control the relative displacementof nodes.Nodeswith a
low pinningweightwill bedisplacedduringmoreiterations
of the algorithm.Becausethe allowed displacementis de-
creasedfrom oneiterationto thenext, settinga higherpin-
ning weight limits the total displacementof nodes.Hence,
thepinningweightcontrolsthestabilityof nodepositions.

The algorithm computesthe total force acting on each
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Figure 3: Partition sizeeffect on layout,graph 4elt, jVj =
15606, jEj = 45878

nodein severalsteps.First, thecentersof gravity of all par-
titions are computed.Next, the set of active nodes,which
areallowedto bedisplacedin thecurrentiteration,is deter-
mined.For eachsuchnode,therepulsive forcesF repl

int ;F repl
ext

andtheattractive forceFattr actingon it, arecalculated.Fi-
nally, thenodesaredisplacedby anamountboundedby the
currenttemperatureof thealgorithm,which slowly decays,
mimickingparticlesfreezinginto position.

The asymptoticcomplexity of the merging and pinning
stepsis O(jEj + jVj). Thecomplexity of thepartitioningstep
is O(jVj � log(jVj)) : �nding themedianis linearateachlevel
in thepartitiontreewhichcontainsO(logjVj) levels.Assum-
ing that eachpartition containsCs nodes,the runningtime
of eachlayoutiterationis O(jEj + jVj � (Cs+ jVj

Cs
)) . Thisex-

pressionis minimizedwhenCs =
p

jVj, resultingin a total
complexity of O(jEj + jVj1:5). In many casesjEj � jVj and
thedominatingtermis jVj1:5. Althoughthis may look rela-
tively high, thesimplicity of thecalculationandits parallel
implementationon theGPUgive goodresults,asdiscussed
in Section5. Weuse50 layoutiterations[Wal03].

5. Implementation and Results

This sectiondescribesour GPU implementationof the lay-
out stage(step5, seeFigure2), which is themosttime con-
sumingstage,and our results.On the GPU, parallel com-
putation is achieved by renderinggraphicsprimitives that
cover severalpixels.TheGPUrunsa programcalleda ker-
nelprogramfor eachpixel candidate,calledafragment. The
key to high performanceon theGPUis usingmultiple frag-
mentprocessors,which operatein parallel.The GPU suits
uniformly structureddata,suchasmatrices.The challenge
is representinggraphs,which areunstructured,in a manner
thatmakesef�cient useof GPUresources.

Several textures are usedon the GPU to representthe
graph: the texturesrepresentthe nodes,the partitions,the
edges,and the forces.The location texture holds the (x,y)
positionsof all the nodesin the graphand their partition
number. Eachgraphnodehasacorresponding(u,v) index in
thetexture.Thepartition centerof gravity textureholdsthe

current(x,y) coordinatesof thecenterof gravity of eachpar-
tition. Graphedgesarerepresentedusingtheneighbors tex-
ture andthe adjacencytexture.The adjacencytexture con-
tainslists of (u;v) pointersinto the locationtexture, repre-
sentingthe neighborsof eachnode.The neighbors texture
holdsfor eachnodev, a pointerinto the adjacency texture,
to thecoordinatesof the�rst neighborof thenode.Pointers
to additionalneighboringnodesarestoredin consecutive lo-
cationsin theadjacency texture.Theneighborstexturealso
holdsthedegreeof eachnode.Theforcescomputedduring
layoutarestoredin two textures:theattractiveforcetexture
andthe repulsiveforce texture.The attractiveforce texture
containsfor eachnodethesumof theattractive forcesFattr

exertedon it by its neighbors.The repulsiveforce texture
holdsthesumof repulsive forces,bothby nodesin thesame
partition – F repl

int andby the otherpartitionsin the graph–

F repl
ext . Theoverall storagecomplexity is O(jVj + jEj): every

nodeandedgeis storeda �x ednumberof times.

Computingeachlayout iterationis donein severalsteps,
which areimplementedaskernelprogramsthat run on the
GPU.Thepartition CG kernelcalculatesthecenterof grav-
ity of eachpartition.Therepulsekernelcalculatestherepul-
sive forcesexertedoneachnode.This kernel�rst calculates
for eachfragmentit processes,theinternalforces,e.g.forces
exertedby nodescontainedin thepartitionthatthefragment
belongsto. Then,it approximatestheforcesby all otherpar-
tition. The attract kernel is usedto calculatethe attractive
forcescausedby graphedges.For eachnode,thekernelac-
cessestheneighborstexturein orderto getapointerinto the
adjacency texture,which containsthe (u,v) locationtexture
coordinatesof the node's neighbors.For eachneighboring
node,theattractive forceis calculatedandaccumulated.Fi-
nally, the annealkernel calculatesthe total force on each
node,F total . This kernelupdatesa secondcopy of theloca-
tion texture.Thisdoublebufferingis requiredsincetheGPU
cannot readandwrite to thesametexture.

Two criteria are usedto measurethe quality of the re-
sultingdynamiclayouts:average displacementof nodesbe-
tweeneach pair of successivelayoutsandpotentialenergy.
The �rst criterion measuresthe stability of the layout.The
secondcriterion judges the quality of the layout. Lower
energy implies low stressin the graph, correspondingto
a good layout. The energy U is derived from the relation
F = r U. For attractive forcesactingon edges,Fattr (~x) =
� K� 1k~xk~x = r Uattr , henceUattr = � (3K) � 1k~xk3. For
repulsive forcesacting betweenall nodepairs,F repl(~x) =
K2~xk~xk� 2 = r U repl , henceU repl = 0:5K2log(k~xk2) . The
totalenergy isU total = Uattr + U repl . Otherstaticgraphlay-
out quality criteriaareindirectly handledby theunderlying
forcedirectedalgorithm.

Thequality of the layout is comparedto two algorithms.
The �rst is a force-directednon-incrementalalgorithmthat
lays eachgraphin the sequenceindependently. This algo-
rithm, which is expectedto producethe bestlayoutssince
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graph threads1 threads2 3elt 4elt fe_pwt
metric Dpos U total Dpos U total Dpos U total Dpos U total Dpos U total

non-incr 1.34 38.9 1.40 9.65 28.7 2.73x105 56.3 1.01x106 99.9 9.59x105

basic-incr 0.33 39.8 0.32 9.76 1.35 3x105 2.58 9.17x105 4.65 8.37x105

ours 0.05 28.0 0.05 5.76 0.66 2.72x105 1.05 9.87x105 1.97 8.26x105

Table1: Layoutquality - valuesareaveragesfor a sequenceof layouts

it hasno constraints,is usedto checkthequality of our dy-
namiclayouts.Thesecondis a variantof our dynamicalgo-
rithm which doesnot usepinning weights(e.g.wpin � 0).
This algorithmdemonstratesthatsimply usingtheprevious
placementis insuf�cient for generatingstablelayouts.

Several well–known graphs(3elt, 4elt, fe_pwt) areused
to demonstrateouralgorithm[Wal]. Thedynamicsequences
aregeneratedby performingrandomchangeson thegraphs,
modifying jEj and jVj by up to 15%. In addition, the se-
quencesmarked threads1,2comefrom real data,discussed
in Section6. Figure4 shows a few snapshotsfrom the dy-
namic graphlayout of 3elt. Table 1 shows averageresults
for thelayoutqualitymetrics.(Lowervaluesarebetter.) The
Dposcolumnshows theaveragedisplacementof nodesand
theU total columnshowsthepotentialenergy of thegraph.It
is clearthatour incrementalalgorithmoutperformstheother
algorithmsand maintainsdynamicstability. The potential
energiesachievedby all algorithmsaresimilar, demonstrat-
ing thatthequality of layoutscomputedby our algorithmis
good.In somecases(fe_pwt,4elt) thetwo incrementalalgo-
rithmssurprisinglyperformbetterthanthestaticone.This is
dueto thefactthattheforce-directedalgorithm�nds a local
minimumwhichdependsontheinitial conditions,whichare
differentfor eachalgorithmusedhere.In summary, the re-
sultsdemonstratethatouralgorithmcomputesaestheticlay-
outswhile minimizing themovementsof thenodes.

For our performancetestswe useda PCequippedwith a
1.86GHz Intel Core2 Duo CPU andan NVIDIA 7900GS
GPU. Our algorithmwasimplementedusingC++, Cg and
OpenGL. Table 2 gives information about the graph se-
quencesandrunningtimes.As canbeseenin thetable,our
GPU implementationprovides a signi�cant speedupof up
to 8 comparedto the CPU. Due to the high ratio of arith-
meticoperationsto memoryaccesses,thealgorithmis com-
puteandnot memorybound.Suchanalgorithmis expected
to scalewell whenusingfaster, newerGPUs.

6. Application to DiscussionThr eadVisualization

Weappliedouralgorithmto thevisualizationof Internetdis-
cussionforums.We collecteddatafrom several discussion
threadsat http://www.dailytech.com . This sitecontains
varioushi-tech relatednews items.The discussionthreads
visualizedcontainthe commentspeoplemake on the news
items.In the graph,eachnoderepresentsa user. Edgesare
constructedbetweenthe useraddinga commentandusers

Figure4: Snapshotsfromlayoutsof the3eltsequence(jVj �
4000, jEj � 10;500), left-to-right, top-to-bottom

Graph avg. avg. initial layout incr. layout
name |V| |E| GPU CPU GPU CPU
3elt 4097 10468 1.51 2.2 0.1 0.34
4elt 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 sequenceinformation and running time
[sec.]. Thelast two columnsshowaverage incrementallay-
outtimefor onegraph.Total runningtimesfor theCPUonly
andGPUacceleratedvariantof thealgorithmareshown.

which replied to that comment.Eachdiscussionthreadis
representedby anodelabeledA_n wheren is thediscussion
threadnumber(correspondingto anews item).

Figure 1 shows a samplevisualizationof 7 discussion
threadswith 119 users.Although during visualizationthe
graphmore than doubles,our layout managesto preserve
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Figure5: Snapshotsfromthethreads2graphsequence, visualizingdiscussionthreadsat http://www.dailytech.com,left to right,
top to bottom.109messagesfrom86 users in 5 discussionthreadsare shown.Discussiontopics,markedasblueA_nnodes,
includecomputergames(A_5054),nuclear fusion (A_5027),low-costPCs (A_5060),Windows/Linuxswitch (A_5069)and
Christmase-shopping(A_5082).

thementalmap.Several insightscanbegainedfrom thevi-
sualization.ClustersareevidentaroundtheA_n nodes,rep-
resentingeachdiscussionthread.As time progresses,more
clusters,representingnew discussionthreads,becomevis-
ible. There are clustersof various sizes – correlating to
threadsdrawingdifferentlevelsof attention.Someuserspost
messageson several threadswhile othersdiscussonly one
topic. Someusersarevery active andpostmany messages,
actingascentralnodesin thegraph.Thedegreeof nodesrep-
resentingsuchusersincreasesover time andthey contribute
to theconnectivity of thegraph.Someusers,whoaredrawn
attheboundariesof thegraph,contributeonly onecomment.

As a secondexamplewe studiedthelatestheadlinessec-
tion of the website.We selected� ve items,appearingover
a spanof threedays,from seeminglyunrelated�elds: com-
putergames,nuclearfusion,low-costPCs,Windows/Linux
switchandChristmase-shopping.Thenumberof comments
for eacharticlevariedfrom 15to 31.A totalof 86userscon-
tributedto thediscussionthreads.Figure5 presentsseveral
snapshotsfrom the animationsequenceshowing the evolu-
tion of thesediscussionthreadsover time.

Looking at the visualization,several conclusionscanbe

drawn. The graphis initially partitionedinto disconnected
clusters,representingnuclearfusion,low-costPCsandcom-
putergames.Later, connectionsstartto appearin thegraph.
The threadsdiscussinglow-cost PCsand Windows/Linux
switch are highly connected.Someconnectionsexist be-
tweentheseclustersandthecomputergamecluster. Surpris-
ingly, several usersdiscussingnuclearfusion join both the
computergamesandWindows/Linux switch threads.Good
correlationalsoexistsbetweennuclearfusionandtheChrist-
mase-shoppingdiscussion.

7. Conclusion

We have presentedan online algorithmfor dynamiclayout
of graphs,whosegoal is to ef�ciently computestableand
aestheticlayouts.Thealgorithmhasseveralkey ideas.First,
a goodinitial layout is computed.Second,the allowed dis-
placementof nodesis controlledaccordingto the changes
appliedto thegraph.In particular, eachnodeis assignedan
individual convergenceschedule.Third, the global interac-
tionsin thegraphareapproximatedin orderto maintainthe
structureof thegraphandcomputeanaestheticlayout.Last
but not least,the GPU is usedto acceleratethe algorithm,
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requiringtherepresentationof unstructuredgraphsin anor-
deredmannerthat�ts theGPU.

It hasbeendemonstratedthat thealgorithmcomputesan
aestheticlayout,while minimizing displacementandmain-
tainingtheuser'smentalmapbetweenlayoutiterations.Our
GPUimplementationof thealgorithmperformsupto8 times
fasterthantheCPUversion.We have appliedour algorithm
to visualizationof discussionthreadson theInternet.
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