Online Dynamic Graph Drawing

Yani Frishmanand Ayellet Tal

Abstract—This paper presentsan algorithm for drawing a
sequenceof graphs online. The algorithm strives to maintain
the global structure of the graph and thus the user's mental
map, while allowing arbitrary modi cations betweenconsecutve
layouts. The algorithm works online and usesvarious execution
culling methodsin order to reducethe layout time and handle
large dynamic graphs. Techniquesfor representing graphs on
the GPU allow a speedupby a factor of up to 17 compared to
the CPU implementation. The scalability of the algorithm across
GPU generationsis demonstrated. Applications of the algorithm
to the visualization of discussionthreadsin Internet sitesand to
the visualization of social networks are provided.

Index Terms— Graph layout, GPU.

. INTRODUCTION

Graphdrawing addressethe problemof constructinggeomet-
ric representationsf graphs[1]. It hasapplicationsin a variety
of areas,including software engineering software visualization,
databasesinformation systems,decision supportsystems biol-
ogy, chemistryand social networks.

Many applicationsrequirethe ability of dynamicgraph draw-
ing, i.e., the ability to modify the graph[1]-[3], asillustratedin
Figure 1. Sampleapplicationsinclude nancial analysis,network
visualization, security social networks, and software visualiza-
tion. The challengein dynamicgraphdrawing is to computea
new layoutthatis both aestheticallypleasingasit standsand ts
well into the sequenceof drawings of the evolving graph. The
latter criterion hasbeentermedpreservingthe mentalmap[4] or
dynamicstability [2].

Most existing algorithms addressthe problem of of ine dy-
namic graph drawing, where the entire sequenceof graphsto
be drawvn is known in adwance [3], [5], [6]. This gives the
layout algorithm information aboutfuture changesn the graph,
which allows it to optimizethe layoutsgeneratedcrosghe entire
sequencelor instance,the algorithm can leave placein order
to accommodatea node that appearslater in the sequenceln
contrast,very little researcthasaddressedhe problemof online
dynamicgraphdrawing, wherethe graphsequencéo be laid out
is not known in advance[7], [8].

This paperproposesan online algorithm for dynamic layout
of graphs.lt attemptsto maintainthe users mentalmap, while
computingfast layoutsthat take the global graph structureinto
account.The algorithm, which is basedon force directedlayout
techniquesgcontrolsthe displacemenbf nodesaccordingto the
structureand changegperformedon the graph.By taking special
carein orderto representhe graphin a GPU-efcient manner
the algorithm is able to make use of the GPU to signi cantly
acceleratehe layout.

This papermales the following contritutions. First, a novel,

ef cient algorithmfor onlinedynamicgraphdrawing is presented.
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It spendsmost of the executiontime on the parts of the graph
beingmodi ed. Secondjt is shavn how the heaviest part of the
algorithm, performingforce directedlayout, canbe implemented
in a mannersuitablefor executionon the GPU. This allows us
to signi cantly shortenthe layouttime. For example,incremental
drawing of a graphof 32,000nodestakes 0.704 secondsper
layout. Finally, two information visualizationapplicationsof the
algorithm are presented.The rst is the visualization of the
evolution over time of discussionthreadsin Internet sites. In
this application, illustrated in Figure 1, nodesrepresentusers
and edgesrepresenimessagesent betweenusersin discussion
forums. The secondapplicationis the visualizationof the growth
of a social network, shavn in Figure 9. Here, nodesrepresent
usersand edgesrepresentonnectiondbetweenfriends.

The rest of the paperis organized as follows. Section Il
discusseselatedwork. Sectionlll formally de nes the problem
andgivesanoverview of key algorithmideas.SectionlV presents
the algorithmin detail. SectionV discusse®ur implementation.
SectionVI presentsesults.SectionVIl discussesn application
to Internetdiscussiorthreadsvisualization.SectionVIIl presents
an applicationto the visualizationof social networks. SectionIX
concludesthe paper A preliminary versionof this researchwas
presentedn [9].

1. RELATED WORK

Variousmethodsfor graphdrawing have beenproposed such
as hierarchical,planar circular, orthogonal,and force directed
layout[1], [10]. Ouralgorithmbuilds onforcedirectedlayout [1],
whereforcesareappliedto nodesaccordingto the graphstructure
and the layout is determinedby corvergenceto a minimum
stresscon guration. Forcedirectedalgorithmsareableto produce
aesthetidayoutsof generalgraphs,but may be computationally
expensve.

Somealgorithmshave beenproposedto perform static force
directedlayoutsof large graphs[11]. In [12] coarsemrepresenta-
tions of the graphare recursvely built using the edge collapse
operation.The algorithmin [13] coarsenghe graph using an
approximationof the k-center problem. In [14] a quadtreeis
usedto acceleratethe layout. In [15] a maximumindependent
set ltration is usedfor coarsening.FM 3 [16] usesa clever
O(N logN) approximationof the all-pairs repulsve forces for
N nodes.In [17] a simpli ed enegy function, allowing a more
robustmathematicatreatmentjs used.In [18] a high dimensional
embeddingof the graphis used.

Several algorithms addressthe problem of ofine dynamic
graphdrawing, wherethe entire sequences known in adwance.
In [3], a meta-graplbuilt usinginformationfrom the entiregraph
sequencejs usedin orderto maintainthe mental map. In [6],
a strati ed, abstractedversion of the graphis used.The nodes
aretopologically sortedinto a tree—like structure(beforelayout)
in orderto exposeinterestingfeatures.An of ine force directed
algorithmis usedin [5] in orderto create2D and 3D animations
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Fig. 1. Snapshotdrom the threadslgraphsequenceyisualizing discussiorthreadsat http://wwwdailytech.comJeft to right. Node labelsin red shav user
names,edgeslink usersreplying to postedcommentsUp to 119 usersare showvn. Discussiontopics, 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 144 messagesre visualized.

of evolving graphs.Creatingsmoothanimationbetweenchanging
sequencesf graphsis addressedh [19].

A few algorithmshave beenproposedto addressthe online
dynamic graph draving problem, where the graph sequenceés
not known in advance.An approachbasedon Bayesianmetworks
is describedn [20]. A costfunctionthattakesboth aesthetiand
stability considerationsnto account,is de ned in [8]. Unfortu-
nately computingthis functionis very expensve (45 seconddor
a 63 node graph). An algorithm for visualizing dynamic social
networks is discussedn [21]. Drawing constrainedgraphshas
also been addressedIncrementaldrawing of DAGs (directed
agyclic graphs)is discussedn [2]. In [7] dynamicdrawing of
clusteredgraphsis addressedDynamic drawing of orthogonal
and hierarchicalgraphsis discussedn [22]. The currentpaper
aims at producingonline layoutsof generalgraphsef ciently .

In recentyears,GPUshave beensuccessfullyappliedto numer
ousproblemsoutsideof classicalcomputergraphics[23]. Protein
folding [24] and simulation of deformablebodies using mass-
springsystemg25], [26] arerelatedto our application.However,
while the mass-springalgorithmstake only nodesconnectedby
edgesinto account.the force directedalgorithmconsidersall the
nodeswhen calculatingthe force exertedon a node.GPUshave
also beenusedto simulate gravitational forces [27], where an
approximateforce eld is usedto calculateforces.A GPU-based
implementatiorof the MDS (multidimensionakcaling)algorithm
is discussedh [28]. Acceleratingstaticgraphdrawving onthe GPU
hasbeenaddressedy several authors[29]-[31]. A GPU accel-
eratedforce directedlayout algorithm using an Euler methodis
presentedn [30]. Althougha very large acceleratioris achieved,
the compleity of the underlyingalgorithmis O(Ej + jVj?) for
jEj edgesand jVj nodes.In [31] spectralpartitioning is used
to createa hierarcly of graphs.The focus of the currentpaper
however, is on creatingstablelayoutsof changinggraphs.

1. OVERVIEW

Given, online, a series of undirected graphs Go

wherelL; is astraight-edgelraving of G;. TheupdatedJ; thatcan

be performedbetweensuccessie graphsG; 1 and Gj, include
addingor removing verticesand edges.

A key issuein dynamicgraphdrawing is the preseration of
the mental map, i.e. the stability of the layouts[4]. This is an
importantconsideratiorsincea userlooking at a graphdraving
becomesggradually familiar with the structureof the graph. The
quality of thelayoutcanbe evaluatedoy measuringhe movement
of the nodesbetweensuccessie layouts,which shouldbe small,
especiallyin unchangedareasof the graph. In addition, each
layout in the sequenceshould satisfy the standardrequirements
from staticgraphlayouts,suchasminimizationof edgecrossings,
avoidanceof nodeoverlapsand layout symmetry[1].

Among the different classesof graphdrawing algorithms,the
force directedalgorithmclass[1], [10] is a naturalchoicein our
case,for several reasonsFirst, different layout criteria can be
easilyintegratedinto thesealgorithms.Second,jn someof these
algorithms, it is possibleto updatenode positionsin parallel,
thus makingit possibleto ef ciently emplgy the GPU's parallel
computationmodel. Finally, it is possibleto usea corvergence
schemethat resemblessimulatedannealing,in which nodesare
slowly frozen into position [32]. This is suitable for use in
dynamiclayout, wherenodeshave differentscalesof movement.

Our algorithm utilizes several key ideas.In orderto maintain
the mental map, we perform the following. First, nodes are
initially placedusinglocal graphpropertiesandinformationfrom
the previous layout. Second,a movement e xibility degree is
assignedto eachnode, accordingto the changesin the graph.
This allows the algorithmto “focus” on nodesthatmay have large
displacementsThird, an approachsimilar to simulatedannealing
is used,where the graph slowly freezesinto its nal position.
Fourth, the changesbetweengraphsare smoothly animated.In
orderto reducethe layout time while maintaininglayout quality,
the graphis partitioned so that forces from distant nodescan
be approximatedand the GPU is usedto acceleratehe layout.
Moreover, in orderto quickly computeaesthetidayouts,a multi-
level force directedschemes used.

IV. ALGORITHM

Givenasequencef graphsGo;: : : Gn, ouralgorithmcomputes
layoutsL g;:::Ln. This sectiondescribeghe algorithmin detail.



We begin with describinghow the online dynamiclayoutsL ;i
1 are computed,given L; 1 and Gj. Next, we discussthe
algorithmusedto computethe initial layout L g.

A. ComputingDynamicLayouts

Givena setof undirectedgraphsG1; G2 : : : Gn, the goal of the
dynamic algorithm is to computeonline layoutsLq;L2;:::Ln.
Algorithm 1 is usedto computethe layouts. Figure 2 visualizes
the main stepsof the algorithm. We elaborateon these steps
below.

Algorithm 1 Dynamiclayout of graphG;;i 1
input: Gj;L; 1 output: L;
1) Merging: Merge layoutL; 1 andgraphG; to producean
initial layout.
2) Pinning:Assignpinningweightsto the nodeswhich control
the allowed displacemenbf eachnode.
3) CoarseningSetC® = G;. ComputeC?; C?;:::;ccoarsest
whereck*! = edge_collapse(Ck). Setl = coarsest.
4) Computea geometricpartitioning of the nodesof C'.
5) Performincrementalayoutof C'. If | = 0 gotostep7 and
usethe layoutof C° asL; (the layoutof G;).
6) Interpolation: Updatethe initial layout of C' * usingthe
layoutof C'. Setl = | 1, goto step4.
7) Animation: SmoothlymorphL; 1 intoL;.

Merging (Step 1): Computinga good initial positionis vital
for reducingthe layout time and maintainingdynamic stability
[15], [33]. The coordinatesof nodesthat exist bothin G; 1 and
in Gj arecopiedfromL; ;. Nodesin G; thatdonotexistin G; 1
areassignedoordinatesvhile consideringocal graphproperties,
asfollows.

Each un—positionednode v is examinedin turn. Let PN (v)
be the set of neighborsof nodev 2 V; that have already
been assigneda position. If v has at least two positioned
neighbors,p is placedat their weighted barycenter:pos(v) =
m pos(u). If v hasa singlepositionedneighbor u,

u2PN (v)
thenv is positionedalongthe line betweenpos(u) andthe center
of the boundingbox of L; ;. This procedureis performedin a
BFS (breadth— rst search)manney starting from the positioned
nodes.The nodesthat cannotbe placedby this procedureare
placedin a circle aroundthe centerof the boundingboxof L; ;.

A Positioning scoe ( v) 2 [0;1] is assignedto eachnode,
basedon the methodusedto positionit. Thesescoresndicatethe
“con dence” in the nodes position. The higher the positioning
score,the betterthe initial placementis consideredThe scores
areusedto controlthe movementof nodesasdescribedn Step2.
The highestscoreis assignedo nodeswhoseneighborhoodhas
not changedbetweenG; ; andG;, sincewe are mostcon dent
with their positions.A lower scoreis assignedo nodesthat are
positionedaccordingto two or more neighbors.An even lower
scoreis assignedo nodespositionedaccordingto one neighbor
Finally, the lowestscoreis assignedo nodesfor which no good
initial guesss known, andarethereforeplacednearthe centerof
theboundingbox of thegraph.In ourimplementationscoresof 1;
0:25; 0:1 and0 areassignedo nodespositionedaccordingto their
coordinatesat L; i, atthe barycenterof two or more neighbors,
accordingto oneneighbor(in a directionpointing away from the

centerof the boundingbox of the graph),and at the centerof
the boundingbox of L; 1, respectiely. Figure 2 (b) shavs an
example of computingthe positioningscore . Note that darker
nodeswith alower arerelatively localized. Thesechangesare
propagtedto the resetof the graphin the next step.

Pinning (Step 2): After all the nodesare placed,their pinning
weights, wpin (v) 2 [0;1], which re ect the stiffnessin the
positionsof the nodes,are computed [6], [7], [20]. The position
of anodewith a pinningweight1 is x ed during layout, while a
nodewith a pinning weight 0 is completelyfree to move during
layout.

Pinning weights are assignedusing two sweeps.The rst
sweepwhich is local, usesinformationregardingthe positioning
scores of the nodeandits neighbors:

1 X

(n+(Q )—degee(v)

(u):

u:(uv)2E

Wpin (V) =

Taking the neighborsof v into accountamountsto performing
low pass ltering of the pinning weights, accordingto graph
connectity information. This mimics the creation of e xible
ligamentsin the graph aroundareasthat were modi ed. Using
a higher valuewill reducethe in uence of the neighborsof a
nodeon its displacementin our implementation = 0:6.

In the secondsweep the local changesrepropagted,in order
to createa global effect. A BFS-typealgorithmassignsachnode
a distance-to-modi catiormeasureasfollows. The distance-zero
node set, Do, is de ned as the union of the set of nodeswith
a pinning weight of lessthan one and the set of nodesadjacent
to an edgethat was either addedor removed from G; 1. The
distance-oneset,D 1, is de ned asthe subsetf nodesin V nDg
adjacento anodein Do. In generalD; is the subsebf nodesnot
yet marked, which are adjacentto a nodein D; 1. This process
continuesuntil all the nodesin V areassignedo one of the sets
Do;D1; ;Dgmax - Note that accordingto this de nition, the
nodesin setD;;i 1 wereassignedvpi, 1 inthe rst sweep.
In the secondsweep asdescribedelon, someof thesenodesare
assignedh lower pinning weight. This givesthe layout algorithm
more e xibility in adoptingto changesn the graph.

Pinningweightsare assignedo nodeshasedon their distance-
to-modi cation In particular nodesthat are farther than some
cutoff distancedcuto , are assigneda pinning weight of one,
thus remaining x ed, sincethey are far away from areasof the
graphthat were changed.The movementof other nodesdepend
on the set D; they belongto. This is done as follows. Given
dcuto = k dmax, thenodesin Dj,i 2 [1;dcuto ] areassigned
pinning weights:

initial

_ 1 g
Wpin = (Wpin )( o)

This assignmentreatesa decayingeffect in which nodesfar
ther away from Do are assignedhigher pinning weights. The
constantwg}}}""" is usedto determinethe decay in pinning
weight. The nodesin D;.; are assigneda pinning weight that
is (wgn? )(@® ) times the pinning weight of nodesin Dj.
Note that a larger k resultsin a more global effect, possibly
trading layout stability for betterlayout quality (sincenodesare
more free to move). Setting a higher wiii@' — will male the
graphmorerigid, thuslimiting the displacemenbf nodesalready
existing in the previous layout. In our implementationk = 0:5

andw:)“igia' = 0:35




(c) After meging, shaving pinning weight wpi (v)

Fig. 2.
have a higher . Here,nodeswith
Final layout (Step5), color codedaccordingto the partitioning (Step4)

Dynamic layout steps:(a) previous layout, L ;

Figure 2 (c) shavs an example of computing the pinning
weights. Note how the local changesin (b) are propagted to
a larger portion of the graph. Also note the decayingeffect as
the distancefrom the modi ed part, in the middle of the graph,
increasesThisre ects therequirementhatnodesfurtherfrom the
changedareasshouldundego fewer modi cations during layout.

While pinning weights were proposedin the past [6], the
approachtaken here is different. In the current paper pinning
weightsare usedas part of settingthe allowed displacemenof
nodes prior to computingthe layout. This controlsthe movement
exibility of eachnode.In [6], nodesare displacedaccordingto
a combinationof two differentforces.Therelative strengthof the
forcesis determinedby weightsthat are modi ed as the layout
iterationsprogress.

Coarsening (Step 3): In this stepa seriesof reducedversions

of the graph, which include initial positions, are constructed.

Theseare usedto computeincreasinglydetailed”skeletons” of

(d) Final layout of L, shaving partitions

1 (b) memged graph(Step 1), color codedaccordingto the positioningscore ( v). Brighter nodes
2 £0:1;0:25; 1g areshawn. (c) Pinningweightswpin (v) (Step2). Brighter color correspondgo a higherwpin (v) (d)

the nal layout. At eachlevel, given a ne graph, a coarser
representations constructedby performing a series of edge
collapse operations.This is done by replacing two connected
nodesandthe edgebetweerthemby a singlenode, whoseweight
is thesumof theweightsof thenodesbeingreplacedThepinning
weightof thenew nodeis setto the geometricneanof the pinning
weights of the replacednodes.The new nodeis placedat the
weightedaveragepositionof the correspondingne nodesbiased
accordingto their weights.The weightsof the edgesare updated
accordingly (The weight of a node/edgen the nest graphis 1.)

The order of the edge collapse operationsis determinedas
follows. First, nodes,which are candidatedo be eliminated,are
sortedby their degree(so asto eliminatelow-degreenodes rst).
An adjacentedgeof an un-pairedlow-degreenodeis chosenfor
collapseby maximizingthe following measure:""vsl(’\;,")) stl(’fj") ,
wherew(x) is the weight of nodex and w(x;y) is the weight
of edge(x; y). This function helpsto presere the topology of
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Fig. 3. Parallel force directedlayout algorithm

the graph by “uniformly” collapsing highly connectednodes.
Coarsenings usedin [12], wherea differentorderingof the edge
collapseoperationss used.

In our implementation the coarseningstopseither when the
graphis reducedo severalhundrednodesor afterfour coarsening
steps.Coarseningurther may leadto diminishing resultsdue to
the inaccurag in the computedpinning weights of the coarse
graph.

Geometric partitioning (Step4): The partitioningstepis used
to acceleratethe layout step, discussedbelon. There are three
requirementghat should be satis ed by partitioning. First, the
partitions should be geometricallylocalized, thus the nodesin
eachpartitionshouldberelatively closeto eachother Thiswill let
us represeneachpartition using a single "heavy” node.Second,
the numberof nodesin each partition should be similar. This
is importantin orderto achieve good load balancebetweenthe
parallelprocessor®f the GPU, asdiscussedn SectionV. Third,
the algorithm shouldbe fast.

We have chosento use a KD-tree-type partitioning. The al-
gorithm works top down. Given the positionsof all nodes,they
are sortedaccordingto the X coordinateand the index of the
mediannodeis located.The nodesare partitionedinto two sets:
onewith indicesbelon the medianandonewith indicesequalor
greaterto the medianindex. The algorithm proceedsecursvely
with thetwo subsetsThis time, sortingis performedaccordingto
theY coordinateThealgorithmalternatedbetweercomputingthe
medianX andY coordinatesTherecursve subdiisionterminates
when the size of the subsetis belonv the required partition
size. Figure 2 (d) shavs an example of computinga geometric
partitioning of a graph.

Layout (Step 5): This step of the algorithm computesthe
layout. Our algorithm builds on the basic Fruchterman-Reingold
(FR) force directedalgorithm [32], which is modi ed, so asto
male it suitableboth for incrementalayoutandfor efcient im-
plementatioron the GPU. The basicalgorithmis thusmodi ed in
threeways. First, an approximateforce modelis usedin orderto
speeduphe calculation.Second,node pinning allows individual
control over the movementof eachnode. Third, the algorithmis

reformulatedn a mannersuitablefor ef cient implementatioron
the GPU.

Figure 3 outlines our algorithm. The input is a graph G =
(V;E) decomposednto partitions P;j, nodeswith initial place-
ment pos(v), and their pinning weights wyin (v). The outputis
the positionsfor all nodes.The key idea of the algorithmis to
corvergeinto aminimal enegy con guration,which usuallyleads
to aestheticallypleasinglayouts.

The initialization of the algorithmincludessettingthe optimal
geometricnode distanceK (that affects the scaleof the graph),
theinitial annealingemperature, thetemperaturelecayconstant

, andthe fraction of the iterationsdonefracgone 2 [O; 1].

Partitioning is usedto acceleratethe algorithm. Instead of
calculatingall-pair repulsive forces,asis customaryapproximate
forcesare calculated An exact calculationis performedonly for
nodescontainedin the samepartition, while an approximatecal-
culationis performedfor nodesbelongingto differentpartitions.
The centerof gravity is found for eachpartition P; andis used
to replacethe nodesin P;.

Our experimentsshowv that thereis e xibility in the number
of nodesin eachpartition, e.g. Figure 4 shaws that using twenty
times fewer nodesin eachpartition haslittle effect on the nal
layout. Moreover, it is not necessaryto re-partition at every
iteration,exceptfor theinitial iterationsof theinitial layout(Algo-
rithm 2, Step4), wherethe nodesmay have a high displacement.
During the incrementallayout, the meige stage (Algorithm 1,
Step 1) alreadygives a good approximationof the nal layout.
In caseswhere there are large changesbetween consecutie
graphs,performingseveral re-partitioningstepsmay improve the
resufis. Thesecasescanbeidenti ed usingthefollowing formula:
J.Vi]. (1 wpin (v)); whosevalueis proportionalto the changes
perfvozr\réwedto the graph.This is so sincethe numberof iterations
duringwhich eachnodev moves,is proportionalto (1 wpin (v))
(seeFigure 3).

The key to efcient implementationof this algorithm on the
GPU is deciding which nodeswill be processedy the paral-
lel_foreat loops. In order to reducelayout time and maintain
dynamicstability, only someof the nodesare displacedin each



(b) 10p jVj partitions

Fig. 4. Partition sizeeffect on layout, graphbcsstk31jVj = 35588, JE| =
572916

(a) 0:5p jVj partitions

layout iteration. For eachnode v, wpiy (v) is comparedto the
currentfraction of layout iterationsdone,f racgyone . Only nodes
that satisfy f racqone > Wpin (v) are processedThis males it

possibleto controltherelative displacementf nodes Nodeswith

a low pinning weightwill be displacedduring moreiterationsof

the algorithm. Thus, the pinning weight, assignedaccordingto

the changesperformedin the vicinity of eachnode,controlsthe
stability of nodelocations.Becausethe allowed displacements

decreasedrom oneiterationto the next, settinga higherpinning

weight limits the total displacemenbf nodes.

Usingthis method the algorithmspendsomputatiortime only
on nodeswhich shouldbe displacedn eachlayoutiteration.The
amountof work done dependson the changegerformedto the
graph. Areas which did not changeare not processedthereby
reducingthe layout time. It is often possibleto acceleratethe
incrementallayout time by a factorof two using this technique.

The algorithm computesthe total force acting on eachnode
in several steps.First, the centersof gravity of all partitionsare
computed.Next, the set of active nodes,which are allowed to
be displacedin the current iteration, is determined.For each
such node, the repulsie forces F;®"'; F.2P' and the attractie
force F&"  acting on it, are calculated.Finally, the nodesare
displacedby an amountboundedby the currenttemperatureof
the algorithm,which slowly decaysmimicking particlesfreezing
into position.

Inter polation (Step 6): In this stagethe computedlayout of
graphC' is interpolatedand usedto updatethe initial layout of
the higherresolutiongraphC' 1. Givenanodev 2 c' 1, which
wasmappedo nodep 2 C', nodev is displacedby the following
amount:

A(Bbox'd(c'y)

old .
A(B box"® (C1)) pos™"(p));

(L wpin (V)) (pos™ (p)
whereA(Bbox’'9(C')) is the areaof the boundingbox of graph
c' computedduring the coarseningstep,A (B box™¥ (C')) is the
areacomputedduring the layout step,pos® 9(p) is the positionof
nodep computedduring the coarseningstepandpos™Y (p) is the
positionof p computedduring the layout step.The motivation for
usingthis formulais asfollows. Theamountl wyn (v) is usedto
displacenodesaccordingto their pinning weights.Nodeswith a
higherpinning weight are allowed a smallerdisplacementDoing
so helpsmaintainthe stability of the graph.Nodeswith a lower
pinning weightareallowed greater e xibility in orderto compute
a high-quality layout. The displacemenis scaledaccordingto
the changein the areaof the coarserC' dueto the layout step.
Finally, nodev is displacedaccordingto the movementof the

correspondindowerresolutionnodep.

Mor phing (Step 7): Theold layoutL; 1 is morphedinto the
new layout L. The animation,shaving a gradualchange helps
the user maintainthe mentalmap of the graph.Node positions
arelinearly interpolatedRemwed nodesandedgedadeout, then
the nodesandedgesmove to their new positionand nally added
nodesand edgesfadeinto view.

Complexity: The asymptoticcompleity of the memging, pin-
ning, coarseningand interpolation stepsis O(JEj + jVj). The
compleity of the partitioningstepis O(jVj log(jVj)): nding the
medianis linear at eachlevel in the partition tree which contains
O(logiVj) levels.AssumingthateachpartitioncontainsCs nodes,
the running time of eachlayoutiterationis O(jE{ + jVj (Cs +
Jé’—S‘)). This expressionis minimizedwhenCs = = jVj, resulting
in a total compledity of O(JEj + jVj¥®). WhenjEj jVj, the
dominatingtermis jVj*. Althoughthis maylook relatively high,
the simplicity of the calculationand its parallelimplementation
on the GPU give good results,as discussedn SectionVI. We
use50 layout iterations[12].

B. Computingthe Initial LayoutL g

Algorithm 2 is usedto computea staticlayoutof the rst graph,
Go. This algorithm usesa multi-level force directedschemein
orderto quickly computean aesthetidayout. Both the Kamada-
Kawai (KK) [34] andFruchterman-Reingol(FR) [32] algorithms
areemployed. We elaborateon the stepsof the algorithm below.

Algorithm 2 Staticlayout of the rst graph,Go
input: Go output: Lo

whereCk*! = edge_collapse(CK). Setl = coarsest.

2) PerformKK layout of Cc0a sest.

3) Computea geometricpartitioning of the graphnodes.

4) Performlayoutof C'. Updatethe partitioning(step3) every
few iterations.If | = 0 terminateand usethe layout of C°
asLg (thelayoutof Go).

5) Interpolatethe layout of C' to form an initial layout for
c' 1. Setl=1 1, gotostep3.

Coarsening(Step 1): A similar methodto Algorithm 1, Step3
is utilized to createa seriesof reducedversionsof the graph,
which are usedto computeincreasinglydetailed”skeletons” of
the nal layout. Thecoarseningontinuesecursvely until asmall
graph of several hundrednodesis created.This graphis then
efciently handledn thenext stepandis usedasa basisof aseries
of resolution-increasintpyouts.Note that unlike the incremental
case, initial coordinatesfor the constructedgraphsCK, are not
available.

KK layout (Step2): TheKK algorithm[34] is usedto compute
a force-directedlayout of the coarsestgraph, C¢%2 St - This
algorithmis usedin conjunctionwith the FR [32] force-directed
algorithm (in Step 4) in order to producean aestheticlayout.
While the KK algorithmis good at producinga good placement
from an arbitrary initial position, the FR algorithm producesa
"smoother”layout, is quicker, but is more sensitve to the initial
conditionsgiven to it. Hence,combiningthe algorithmsgives a
fast and aestheticresult. In our implementation2000 iterations
of the KK algorithmare performed.Note thatduring incremental
layout (SectionlV-A) combiningour multi-level approachwhile



reusingthe previous layout asa startingpoint givesfastandgood
resultswithout incurring KK' s performancepenalty

Geometric partitioning (Step 3): The samealgorithm asin
step4 of Algorithm 1 (SectionlV-A) is usedhere.

FR layout (Step 4): In this stepwe perform force-directed
layout of the currentgraphin the hierarcly, C'. The algorithm
is describedin detail in Step5 of Algorithm 1 (SectionlV-A).
Unlike the dynamiccase,herepinning weightsare not usedand
all nodesarefreeto mave in every layoutiteration.In orderto get
improvedresults we updatethe nodepartitioning (Step3) several
timesduring the layout. The centerof gravity of eachpartitionis
updatedevery iteration, though. The algorithm terminateswhen
the layout of cl=Ggis computed.

Inter polation (Step 5): In this stagethe existing layout of c!
is interpolatedto form an initial layout for the higherresolution
c' 1. Nodesin Cc' ! areinitially placednearthe positionof their
parentin C'.

V.

This sectiondiscusseshe implementatiorof the algorithm.As
will be shawvn in SectionVI, performingincrementallayout,i.e.
Algorithm 1, Step5, (andsimilarly Algorithm 2, Step4) on the
GPU cansigni cantly accelerateghe overall runningtime of the
algorithm. Therefore,in this sectionwe focus on describingthe
GPU implementationof this step.

On the GPU, parallel computationis achiezed by rendering
graphicsprimitives that cover several pixels. The GPU runs a
programcalled a kernel program for eachpixel candidatecalled
a fragment The key to high performanceon the GPU is using
multiple fragmentprocessorsyhich operaten parallel. The GPU
suits uniformly structureddata, suchas matrices.The challenge
is representinggraphs,which are unstructuredjn a mannerthat
makes ef cient useof GPU resources.

Implementingstaticforce directedlayouton the GPU hasbeen
discussedn [31]. While the algorithmusedherefor staticlayout
is different, the GPU implementationis similar. This section
reviews the GPU implementationand focuseson the changes
neededor dynamiclayout.

Several textures are usedon the GPU to representhe graph:
the texturesrepresenthe nodes the partitions,the edgesandthe
forces. The location texture holds the (x,y) positionsof all the
nodesin the graph.Eachgraphnode hasa correspondingu,v)
index in the texture. As shawn in Figure5 (a), the nodesin each
partition arestoredin a rectangularegion in the locationtexture.

Bucket-sortis performedon the pinning weightsof the nodes
in eachpartition. Nodesare placedinto the texture in a left to
right, top to bottom order accordingto the bucket they belong
to, as shawn in Figure 5 (b). The numberof buckets is setto
the numberof iterationsof the layout algorithm. Sorting creates
contiguousregionsof nodeswith similar wpi, values.This allows
the algorithm to control the set of nodeswhose positions are
updatedat every layout iteration. Using appropriaterendering
commandsthe GPU is instructedto processonly the relevant
nodesin eachiteration, as discussedelow.

The partition centerof gravity texture holds the current(x,y)
coordinate®f the centerof gravity of eachpartition. Graphedges
are representedising the neighbos texture and the adjacency
texture. The adjacencytexture containslists of (u;v) pointers
into the locationtexture, representinghe neighborsof eachnode.
The neighbos texture holds for each node v, a pointer into

IMPLEMENTATION

Fig. 5. Sortingnodesby pinning weightwpi, onthe GPU.(a): A location
texture separatedo regions, color codedby the partition eachnodebelongs
to. (b) : Nodesin eachregion are sortedfrom low Wpin to high wpin .

the adjaceng texture, to the coordinatesof the rst neighbor
of the node.Pointersto additional neighboringnodesare stored
in consecutie locationsin the adjaceng texture. The neighbors
texture alsoholdsthe degreeof eachnode.The forcescomputed
during layout are stored in two textures: the attractive force
texture andtherepulsiveforce texture. The attractiveforcetexture
containsfor each node the sum of the attractie forces F &
exertedon it by its neighbors.The repulsiveforce texture holds
the sum of repulsve forces,both by nodesin the samepartition
— F "' andby the other partitionsin the graph— FLS'.

The overall storagecompleity is O(jVj+ jEj): every nodeand
edgeis storeda x ed numberof times.Eachnodeis represented
as four 32-bit oating-point valuesin the following textures:
location (two textures),forces(two textures)andneighborsEach
edgeis representedwice in the adjacenyg texture (oncefor each
of the nodesin its endpoints) whoseentriesare also four 32-bit
oating-point numbersDue to performanceaeasonsinformation
aboutthe graphpartitionsis storedin threetexturesholding four
32-bit oating-point numberseach.Thesetextureshave the same
size asthe texturesrepresentingiodes.

Hence,in the currentimplementationa total of 32 32-bit num-
bersarestoredper nodeand8 32-bit numbersarestoredperedge
in the differenttextures. This amountsto about8MB of texture
memory for the fe_pwt graph with (V;E) = (32045 112395)
Modern graphicscards have hundredsof megabytesof texture
memory making accommodatiorof very large graphspossible.
Note that for implementationease,textures holding four 32-bit
numbersare usedin all cases.This in not always required,and
canfurther reducethe memoryfootprint.

Computingeachlayoutiterationis donein several stepswhich
are implementedas kernel programsthat run on the GPU. The
partition CG kernelcalculateghe centerof gravity of eachparti-
tion, asshavn in the line numbered1) in Figure 3. Therepulse
kernel calculateghe repulsive forcesexertedon eachnode.This
kernel rst calculatedor eachfragmentit processeshe internal
forces, e.g. forces exerted by nodescontainedin the partition
that the fragmentbelongsto. Then, it approximateshe forces
by all other partitions.Seelines (2)-(4) in Figure 3. The attract
kernelis usedto calculatethe attractive forcescausedoy graph
edgesFor eachnode,the kernelaccessethe neighborgexturein
orderto geta pointerinto the adjacenyg texture, which contains
the (u,v) location texture coordinatesof the nodes neighbors.
For eachneighboringnode,the attractve force is calculatedand
accumulatedThis correspondso line (5) in Figure3. Finally, the
annealkernelcalculateghe total force on eachnode,F @ | and



graph rimzu threads1 threads2 newvcomb 3elt fe_pwt
metric pos | jUtotaI J pos | jUtotaI J pos | jUtotaI J pos | jUtotaI J pos | jUtotaI J pos ‘ jUtotaI J
non-incr 31.4 4418 1.45 39.2 1.06 9.72 0.48 1.82 259 | 2.73x10° 105.5 | 9.59x10°
basic-incr || 4.62 4435 0.333 40.4 0.297 9.81 0.221 1.81 2.3 3.06x10° 10.7 | 9.37x0°
ours 0.274 3418 0.042 30.3 0.048 5.55 0.099 1.94 0.968 | 2.79x10° 3.62 8.1x10°
TABLE |
LAYOUT QUALITY - VALUES ARE AVERAGES FOR A SEQUENCE OF LAYOUTS
Graph avg. avg. 3GHz Pentium+ 7900GSGPU 2.4GHzCore?2 + 8800GTSGPU
name jVj JE] initial Tayout dynamiclayout initial Tayout dynamiclayout
CPU | CPU+GPU| CPU | CPU+GPU | CPU | CPU+GPU| CPU | CPU+GPU
3elt 4097 | 10468 | 2.72 1.49 0.764 0.249 1.72 1.27 0.436 0.2
delt 14588 | 40176 | 17.6 2.98 5.91 0.777 10.4 2.22 3.38 0.39
bcsstk31| 32715 | 48495 | 50.4 9.28 21.2 474 34 9.61 12.1 1.38
fe_pwt 32045 | 112395 | 47.7 6.03 21 2.1 28.8 4.27 12 0.704
TABLE I

GRAPH SEQUENCE INFORMATION AND RUNNING TIME [SEC.]. RUNNING TIMES OF THE CPU ONLY AND GPU-ACCELERATED IMPLEMENTATION OF THE
ALGORITHM ARE SHOWN. ALL TIMES SHOWN ARE TOTAL RUNNING TIMES FOR COMPUTING A LAYOUT. DYNAMIC LAYOUT TIMES ARE AVERAGED OVER
A SEQUENCE OF LAYOUTS.

displacesodesaccordingly asshavn in lines (6),(7) in Figure3.
This kernel updatesa secondcopy of the location texture. This
doublebufferingis requiredsincethe GPU cannot readandwrite
to the sametexture.

In total, the partition CG kernel performsO(jVj) operations;
the repulse kernel performs O(jVj''®) operations;the attract
kernelperformsO(jEj) operationsandthe annealkernelO(jVj)
operations.On the GPU, the computationsexecuted in each
kernel,arerunin parallel.Since,asdiscussedbelon, only someof
the nodesareoperatedn during eachlayoutiteration,in practice
the averagenumberof operationsperformedby eachkernel is
lower thanthe maximumvaluespresentedibore.

Recallthat the nodesin eachpartition are sortedaccordingto
Wypin , @asshowvn in Figure5 (b). This allows usto controlthenodes
processedn eachlayoutiteration,thus spendingGPU time only
on the nodeswhich should move. Before eachlayout iteration,
for each rectangulartexture region representinga partition of
the graph, the rows which containnodesfor which f racqgne >
Wpin (v) aredeterminedA setof quadrilateralsvhich cover the
correspondingparts of eachregion are rendered.This instructs
the GPU to processonly thesenodes.OpenGLdisplay lists are
usedin orderto efciently sendtheserenderingcommandsto
the GPU. Note that this method operateson a perrow basis,
potentially causinga small amount of extra fragmentsto be
processedor eachregion. Theprocessingf theseextrafragments
is avoided by conditionally updatingthe location of a nodeonly
if fracgone > Wpin (V).

Note that our implementationdoes not require copying data
from GPU memory(textures)to CPU memorywhile performing
the layout iterations.Keepingthe dataon the graphicscard en-
ablesfull utilization of the GPUscomputeandmemorybandwidth
resources.

V1. RESULTS

Two criteria are usedto measurethe quality of the resulting
dynamic layouts: avelage displacemenibf nodesbetweenead
pair of successivéayoutsandpotentialenegy. The rst criterion
measureghe stability of the layout. The secondcriterion judges
the quality of thelayout.Lower enegy (in absolutevalue)implies
low stressin the graph, correspondingto a good layout. The

enegy U is derived from the relationF = r U. Hence,given
theforce F, the enegy canbe derived by integrating. Given two
nodesat positionst; ¥, connectedy anedge, the attractve force
acting alongthe edgeis

Fatr = Kiku vk v)=r U,
hence 1
Ut = ke vk
3K
The repulsve force betweentwo nodesis
|:repl - (¢ V)K2: r Urepl.
ket wk?2 ’

hence 1
urerl = EKzlog(ku vk?):

Thetotal enegy is computedby summingover all edgesandover
all nodepairs: U@ = yatr 4 yreel eg

total 1 3 X 1.2 2y.
U = 3?ku vk + §K log(ktet  wk?):

u:(uv)2E uv2Vuév

Otherstaticgraphlayoutquality criteriaareindirectly handledby
the underlying force directedalgorithm. Note that other criteria
have also beenusedto measuremental map preseration. For
examplethe orthogonalorderingof nodes[4].

The quality of the layoutis comparedto two algorithms.The
rst is a force-directednon-incrementaalgorithmthat lays each
graphin the sequencandependently This algorithm, which is
expectedto producethe bestlayoutssinceit hasno constraints,
is usedto checkthe quality of our dynamiclayouts.The second
is a variantof our dynamicalgorithmwhich doesnot usepinning
weights(e.g.wpin  0). This algorithmdemonstratethat simply
usingthe previous placemenis insufcient for generatingstable
layouts. Note that the running time of thesetwo algorithmsis
much higher than the running time of our algorithm since they
processall nodesin eachlayout iteration.

Several well-knovn graphs(3elt, 4elt, fe_pwt, bcsstk31)are
usedto demonstrateur algorithm [38]. The dynamicsequences
are generatedby performing random changeson the graphs,
modifying jEj andjVj by up to 15%. In addition,the sequences
marled threads1,2and Rimzu come from real data, discussed



Fig. 6. Snapshotdrom layoutsof the 3elt sequencd]jVj
10; 500), left-to-right, top-to-bottom

4000, jEj

in SectionsVIl, VIII. Figure6 shavs a few snapshotgrom the
dynamicgraphlayout of 3elt.

Another example is Newcomb’s fraternity data [35], which
representsfriendship relations between college students.This
data was visualized using the SoNIA tool for social network
visualization[21], [36], [37]. As discussedn [21], the Newcomb
datais bestvisualized by the peerin uence (PI) algorithm of
SoNIA, where nodesare displacedaccordingto forces exerted
by neighbors.

Table | shavs averageresultsfor the layout quality metrics.
(Lower valuesare better) The pos column shavs the average
displacemenof nodesandtheju™® j columnshaws theabsolute
value of the potential enegy of the graph. It is clear that
our incrementalalgorithm outperformsthe other algorithmsand
maintainsdynamicstability. The potentialenegiesachiezedby all
algorithmsare similar, demonstratinghat the quality of layouts
computedby our algorithmis good. In somecasegqlike fe_pwt)
the two incrementalalgorithmssurprisingly perform betterthan
the static one. This is due to the fact that the force-directed
algorithm nds a local minimum which dependson the initial
conditions,which are differentfor eachalgorithm usedhere.In
summary the results demonstratehat our algorithm computes
aesthetidayoutswhile decreasinghe movementsof the nodes.
Thisreductiondoesnot comeat the expenseof layoutquality. The
algorithmtries to maintainthe structureof the graph,usingnode
pinning to propagite changesacrossthe graph,allowing for new
landmarksto be createdwhile at the sametime maintainingthe
mentalmap. Note that comparedo the algorithmof [9], usinga
multi-level incrementalalgorithm somevhat reduceshe stability
of the layout. However, this gives the algorithm an opportunity
to calculatea higher quality layout.

Fig. 7. Snapshotérom the layoutsof the nevcombfraternity data[35]. Left:
our algorithm. Right: SoNIA algorithm[36], [37], usedin [21].

Figure 7 shavs a comparisonof the SoNIA layouts using
the PI algorithm and our layouts. As can be seen,one of the
adwantagesof our algorithmis the greaterstability in nodeposi-
tions, especiallywhen only the edgesof the graphare modi ed.
Although both SoNIA and our algorithm are basedon force-
directed methods,the more sophisticatednitial placementand
pinning algorithmshelp improve the results.

For our performancdestswe usedtwo computersThe rst is
a PC with a 3 GHz PentiumlV CPU andan NVIDIA 7900GS
GPU. The secondis a newver PC with a 2.4 GHz Intel Core 2
Duo E6600CPU andanNVIDIA 8800GTSGPU. Our algorithm
wasimplementedusing C++, Cg and OpenGL.

Table Il gives information about the graph sequencesand
running times - when using only the CPU and when using the
GPU to acceleratehe computation.As canbe seenin the table,
our GPUimplementatiorprovidesa signi cant speedugompared
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Fig. 8. Snapshotdrom the threads2graphsequenceyisualizing discussionthreadsat http://www . dailytech.com]eft to right, top to bottom. 109 messages
from 86 usersin 5 discussiorthreadsare shovn. Discussiontopics, marked asblue A _n nodes,include computergames(A -5054), nuclearfusion (A 5027),
low-cost PCs(A_5060), Windows/Linux switch (A 5069) and Christmase-shopping(A _5082) .

to the CPU. Usingthe older 7900GSGPU, a speedumf upto 10
timesis achieved. Using the newer andfaster8800GTSGPU, the
speedupncreasedo up to 17 times,comparedo the latestCPU.
Dueto thehighratio of arithmeticoperationgo memoryaccesses,
the algorithm is compute and not memory bound. Therefore,
as demonstratedn the comparisonbetweenthe PCs, the GPU
implementationof the algorithmis scalable.

Focusingon the part of the algorithm that runs on the GPU
leadsto interestinginsights. For the fe_pwt graph, the average
time for computingthe FR incrementallayout stageusing the
7900GSGPU was 1.66 secondsUsing the 8800GTSGPU, the
time droppedto 0.417 seconds.This representsa signi cant
performanceincreasebetweenGPU generations( 4 times),
which is larger than the performancencreasebetweenthe CPU
generations[23]. The speedupis achieved while taking into
accountthe overheadof instructing the GPU to perform the
layouts, which can be signi cant in the coarsergraphs. The
speedupf performingthe last layout stage(on the nest graph)
is about8 times.

There are several factorscontrikuting to the increasein per
formance betweenthe GPUs. The new GPU has a different
architecturewhich is bettersuitedfor dealingwith graphs.Due
to its smallerbranchgranularity a smallerpenaltyis encountered
whendealingwith non-uniformdata,suchasgraphs.In addition,
the 8800GTSusesa scalararchitecturewhich is more ef cient
here,sincethe algorithmdealsmostly with 2D and1D quantities.
Finally, the new GPU hasmoreraw computepower.

VIl. APPLICATION TO DISCUSSION THREAD VISUALIZATION

We appliedour algorithmto the visualizationof Internetdis-
cussionforums.We collecteddatafrom severaldiscussiorthreads
at http://www.dailytech.com . This site containsvarious
hi-tech related news items. The discussionthreads visualized
contain the commentspeople make on the news items. In the
graph,eachnoderepresents user Edgesareconstructedetween
the user adding a commentand users which replied to that
commentEachdiscussiorthreadis representetly a nodelabeled
A_n wheren is the discussionthreadnumber(correspondingo
a news item).

In orderto createthe visualization,shovn in Figuresl and8,
several stepsare executed.First, the graphis transformednto a
connectedyraph,asrequiredby the graphlayout algorithm. This
is achieredby addinganinvisible root nodeandconnectingt with
invisible edgesto all the A_n nodesrepresentinghe discussion
threads.The connectedgraphis then handedto the incremental
layout algorithm.

Second,n orderto improve the visualizationof the computed
layout sequencegpverlappingbetweennode labelsis addressed.
A setof boundingboxes of dravn nodelabelsis maintainedand
updatedafter eachlabel is drawvn. If a new label to be dravn
intersectsary of the boundingboxesof alreadydrawn labels,it is
drawn at the background- fartheraway from the viewer andwith
a lighter color. Doing so preventsthe new label from occluding
the text of ary previously dravn labels.If a new label doesnot
intersectary of the existing labels,it is dravn in the foreground.
Beforeeachnodelabelis dravn, a rectanglewith the samecolor



asthe backgrounds dravn behindthe nodelabel. This is done
so eachpixel will display the text of a single label (preventing
overlaps).

Third, during animation, the nodesare dravn in a specic
order which is designedto visualize the interestingfeaturesof
theevolving graphsequencenoreclearly. Thelabelsof important
nodesshouldreceie priority when drawn. Theseinclude nodes
with a high degree,actingascentralnodesandin the graph,and
nodeswhoseneighborhoodn the graphhaschangedEachnode
is assigned score Nodeswith a higherscorearerenderedefore
nodeswith a lower score. This reducesthe probability that an
importantnodes label will be occluded.The scoreof eachnode
v is setto score(v) = degeglv) +  degeechange(v), where
deg ee_change(v) is the changeof the degreeof nodev between
the currentand previous graphs.The scorehelps emphasizehe
mainfeaturesof the evolving graphsequenceThe constant can
be changedby the user Its default valueis 2.

Figure 1 shovs a samplevisualizationof 7 discussionthreads
with 119users Althoughduringvisualizationthegraphmorethan
doubles,our layout managego presere the mentalmap. Several
insights can be gained from the visualization.Clustersare evi-
dentaroundthe A_n nodes,representingeachdiscussiornthread.
As time progressesmore clusters,representingnen discussion
threads,becomevisible. There are clustersof various sizes—
correlatingto threadsdrawing differentlevels of attention.Some
userspostmessagesn several threadswhile othersdiscussonly
onetopic. Someusersare very active and post mary messages,
acting as central nodes in the graph. The degree of nodes
representingsuch usersincreasesover time and they contrikute
to the connectvity of the graph. Someusers,who are dravn at
the boundariesf the graph,contribute only one comment.

As a secondexamplewe studiedthe latestheadlinessectionof
thewebsite We selected ve items,appearingver a spanof three
days,from seeminglyunrelated elds: computergames,nuclear
fusion, low-cost PCs, Windows/Linux switch and Christmase-
shopping.The numberof commentdor eacharticle varied from
15to 31. A total of 86 userscontritutedto the discussiorthreads.
Figure 8 presentsseveral snapshot$rom the animationsequence
shaving the evolution of thesediscussionthreadsover time. A
movie shawving the visualizationis availablein the supplementary
material.

Looking at the visualization,several conclusionsanbe dravn.
Thegraphis initially partitionedinto disconnectedlustersrepre-
sentingnuclearfusion, low-costPCsand computergames Later,
connectionsstartto appearin the graph. The threadsdiscussing
low-cost PCs and Windows/Linux switch are highly connected.
Someconnectionsxist betweentheseclustersand the computer
gamecluster Surprisingly severalusersdiscussingiuclearfusion
join boththe computergamesandWindows/Linux switchthreads.
Good correlation also exists between nuclear fusion and the
Christmase-shoppingdiscussion.

VIIl. APPLICATION TO SOCIAL NETWORK VISUALIZATION

Our algorithmwasappliedto the visualizationof the growth of
socialnetworks. We useddatafrom the socialnetwork at http:
/lwww.rimzu.com . In this network, new userscan register
after receving an invitation from an existing user Eachuseris
ableto list a setof friends amongthe membersof the network.
In the visualization,usersare representeds nodes.Edgeslink
eachuserto his/herfriends.
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Figure 9 shavs a visualizationof the growth of this network.
The visualizationshavs a periodin time wherethe network grew
considerably from 216 nodesto 962 nodes.The visualization
was createdby constructingthe graphof the network at equally
spacedntenvalsin time. As in the Internetthreadsvisualization,a
dummyinvisible root nodewasaddedin orderto make the graph
connected.

Several propertiesof the network are evident from the created
visualization. The graph has dozensof connectedcomponents.
The fact that the graph is not connectedis surprising since
membersare able to join the network only after receving an
invitation. Thereare mary userswho joined the network but did
not list ary friends. They are representeds a cluster of nodes
with degree zero (no edges).There are componentf varying
compl«ity in the network. Some are very simple, connecting
a handful of nodes,while othersare large and highly connected.
Severaltree-like componentarevisible. Thesecorrespondo one
userwith several friendswho arenot linked betweenthemseles.
Thereis onelarge componentvhich exists from the beginning of
the visualization.

Coloring the nodesby age reveals more information on the
graph.Somecomponent®f the graphwerecreatedn arelatively
shorttime frame.Others,suchasthelargecomponenbntheright,
grow continuously

Note how the algorithmmanagedo computea stable,mental-
mappreservindayoutof thedynamicgraphsequencavhile atthe
sametime providing meaningfullayoutsfrom which the insights
discussedabove can be extracted.This is especiallychallenging
dueto thelarge growth of the network in the periodvisualized.A
movie shawving the visualizationis availablein the supplementary
material.

IX. CONCLUSION

We have presentedan online algorithm for dynamiclayout of
graphs,whosegoal is to efciently computestableand aesthetic
layouts.The algorithmhasseveral key ideas.First, a goodinitial
layout is computed.Second the allowed displacemenbf nodes
is controlled accordingto the changesappliedto the graph.In
particular eachnodeis assignednindividual convergencesched-
ule. Third, the global interactionsin the graphare approximated
in orderto maintainthe structureof the graphand computean
aestheticlayout. Fourth, a multi-level schemeis usedin order
to computehigh-quality layouts. Last but not least,the GPU is
usedto acceleratehe algorithm, requiring the representatiorof
unstructuredgraphsin an orderedmannerthat ts the GPU.

It has been demonstratedthat the algorithm computesan
aestheticlayout, while reducing displacementand maintaining
the users mental map betweenlayout iterations.Our GPU im-
plementationof the algorithm performsup to 17 times faster
than the CPU version. We have applied our algorithm to the
visualizationof discussionthreadson the Internetand to social
network visualization.

There are several avenuesfor future researchAn interesting
researchdirection is the extensionof the algorithm to draving
multi-level clusteredgraphs.Finding ways to implement more
parts of the algorithm on the GPU will help acceleratethe
computationlmproving thealgorithmusedfor morphingbetween
layoutscan further help in maintainingthe mentalmap.
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Fig. 9. Snapshotsrom the Rimzu graph sequenceyisualizing the social network at http://wwwrimzu.com,left to right, top to bottom. Nodesrepresent
usersand edgesrepresentonnectiondetweenusers.n the visualizationthe graphgrows from V=216, E=544to V=962, E=1561.Nodesare coloredby age
inared! vyellow! green scale.
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