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Online DynamicGraphDrawing
Yaniv FrishmanandAyellet Tal

Abstract— This paper presents an algorithm for drawing a
sequenceof graphs online. The algorithm strives to maintain
the global structur e of the graph and thus the user's mental
map, while allowing arbitrary modi�cations betweenconsecutive
layouts. The algorithm works online and usesvarious execution
culling methods in order to reduce the layout time and handle
large dynamic graphs. Techniques for 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 discussionthr eadsin Inter net sitesand to
the visualization of social networks are provided.

Index Terms— Graph layout, GPU.

I . INTRODUCTION

Graphdrawing addressesthe problemof constructinggeomet-
ric representationsof graphs[1]. It hasapplicationsin a variety
of areas,including software engineering,software visualization,
databases,information systems,decisionsupportsystems,biol-
ogy, chemistryandsocialnetworks.

Many applicationsrequirethe ability of dynamicgraph draw-
ing, i.e., the ability to modify the graph[1]–[3], as illustratedin
Figure1. Sampleapplicationsinclude�nancial analysis,network
visualization,security, social networks, and software visualiza-
tion. The challengein dynamic graph drawing is to computea
new layout that is both aestheticallypleasingasit standsand�ts
well into the sequenceof drawings of the evolving graph.The
latter criterion hasbeentermedpreservingthe mentalmap[4] or
dynamicstability [2].

Most existing algorithmsaddressthe problem of of�ine dy-
namic graph drawing, where the entire sequenceof graphsto
be drawn is known in advance [3], [5], [6]. This gives the
layout algorithm information aboutfuture changesin the graph,
which allows it to optimizethelayoutsgeneratedacrosstheentire
sequence.For instance,the algorithm can leave place in order
to accommodatea node that appearslater in the sequence.In
contrast,very little researchhasaddressedthe problemof online
dynamicgraphdrawing, wherethe graphsequenceto be laid out
is not known in advance[7], [8].

This paperproposesan online algorithm for dynamic layout
of graphs.It attemptsto maintain the user's mentalmap, while
computingfast layouts that take the global graphstructureinto
account.The algorithm,which is basedon force directedlayout
techniques,controls the displacementof nodesaccordingto the
structureandchangesperformedon the graph.By taking special
care in order to representthe graph in a GPU-ef�cient manner,
the algorithm is able to make use of the GPU to signi�cantly
acceleratethe layout.

This papermakes the following contributions. First, a novel,
ef�cient algorithmfor onlinedynamicgraphdrawing is presented.
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It spendsmost of the execution time on the parts of the graph
beingmodi�ed. Second,it is shown how the heaviest part of the
algorithm,performingforce directedlayout, canbe implemented
in a mannersuitablefor executionon the GPU. This allows us
to signi�cantly shortenthe layout time. For example,incremental
drawing of a graph of 32,000 nodestakes 0.704 secondsper
layout. Finally, two informationvisualizationapplicationsof 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, nodes representusers
and edgesrepresentmessagessent betweenusersin discussion
forums.The secondapplicationis the visualizationof the growth
of a social network, shown in Figure 9. Here, nodesrepresent
usersandedgesrepresentconnectionsbetweenfriends.

The rest of the paper is organized as follows. Section II
discussesrelatedwork. SectionIII formally de�nes the problem
andgivesanoverview of key algorithmideas.SectionIV presents
the algorithm in detail. SectionV discussesour implementation.
SectionVI presentsresults.SectionVII discussesan application
to Internetdiscussionthreadsvisualization.SectionVIII presents
an applicationto the visualizationof socialnetworks.SectionIX
concludesthe paper. A preliminary versionof this researchwas
presentedin [9].

I I . RELATED WORK

Variousmethodsfor graphdrawing have beenproposed, such
as hierarchical,planar, circular, orthogonal,and force directed
layout[1], [10]. Ouralgorithmbuildson forcedirectedlayout [1],
whereforcesareappliedto nodesaccordingto thegraphstructure
and the layout is determinedby convergence to a minimum
stresscon�guration.Forcedirectedalgorithmsareableto produce
aestheticlayoutsof generalgraphs,but may be computationally
expensive.

Somealgorithmshave beenproposedto perform static force
directedlayoutsof large graphs[11]. In [12] coarserrepresenta-
tions of the graph are recursively built using the edge collapse
operation.The algorithm in [13] coarsensthe graph using an
approximationof the k-center problem. In [14] a quadtreeis
usedto acceleratethe layout. In [15] a maximum independent
set �ltration is used for coarsening.F M 3 [16] usesa clever
O(N log N ) approximationof the all-pairs repulsive forces for
N nodes.In [17] a simpli�ed energy function, allowing a more
robustmathematicaltreatment,is used.In [18] a highdimensional
embeddingof the graphis used.

Several algorithms addressthe problem of of�ine dynamic
graphdrawing, wherethe entire sequenceis known in advance.
In [3], a meta-graphbuilt usinginformationfrom theentiregraph
sequence,is usedin order to maintain the mental map. In [6],
a strati�ed, abstractedversion of the graph is used.The nodes
are topologicallysortedinto a tree–like structure(beforelayout)
in order to exposeinterestingfeatures.An of�ine force directed
algorithmis usedin [5] in orderto create2D and3D animations
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Fig. 1. Snapshotsfrom the threads1graphsequence,visualizingdiscussionthreadsat http://www.dailytech.com,left to right. Node labelsin red show user
names,edgeslink usersreplying to postedcomments.Up to 119 usersare shown. Discussiontopics, marked as blue A n nodes,include GPUs(A 4864,
A 4285),chipsets(A 4637,A 4425,A 4538andA 4866)andCPUs(A 4589).A total of 144 messagesarevisualized.

of evolving graphs.Creatingsmoothanimationbetweenchanging
sequencesof graphsis addressedin [19].

A few algorithmshave beenproposedto addressthe online
dynamic graph drawing problem, where the graph sequenceis
not known in advance.An approachbasedon Bayesiannetworks
is describedin [20]. A costfunction that takesboth aestheticand
stability considerationsinto account,is de�ned in [8]. Unfortu-
nately, computingthis function is very expensive (45 secondsfor
a 63 node graph).An algorithm for visualizing dynamic social
networks is discussedin [21]. Drawing constrainedgraphshas
also been addressed.Incrementaldrawing of DAGs (directed
acyclic graphs)is discussedin [2]. In [7] dynamic drawing of
clusteredgraphsis addressed.Dynamic drawing of orthogonal
and hierarchicalgraphsis discussedin [22]. The current paper
aimsat producingonline layoutsof generalgraphsef�ciently .

In recentyears,GPUshave beensuccessfullyappliedto numer-
ousproblemsoutsideof classicalcomputergraphics[23]. Protein
folding [24] and simulation of deformablebodiesusing mass-
springsystems[25], [26] arerelatedto our application.However,
while the mass-springalgorithmstake only nodesconnectedby
edgesinto account,the force directedalgorithmconsidersall the
nodeswhencalculatingthe force exertedon a node.GPUshave
also beenused to simulategravitational forces [27], where an
approximateforce �eld is usedto calculateforces.A GPU-based
implementationof theMDS (multidimensionalscaling)algorithm
is discussedin [28]. Acceleratingstaticgraphdrawing ontheGPU
hasbeenaddressedby several authors[29]–[31]. A GPU accel-
eratedforce directedlayout algorithm using an Euler methodis
presentedin [30]. Althougha very large accelerationis achieved,
the complexity of the underlyingalgorithm is O(jE j + jV j2) for
jE j edgesand jV j nodes.In [31] spectralpartitioning is used
to createa hierarchy of graphs.The focus of the currentpaper,
however, is on creatingstablelayoutsof changinggraphs.

I I I . OVERVIEW

Given, online, a series of undirected graphs G0 =
(V0; E0); G1 = (V1; E1); : : : ; Gn = (Vn ; En ), the goal of the
algorithm is to producea sequenceof layouts L 0; L 1; : : : ; L n ,
whereL i is astraight-edgedrawing of Gi . TheupdatesUi thatcan

be performedbetweensuccessive graphsGi � 1 and Gi , include
addingor removing verticesandedges.

A key issuein dynamicgraphdrawing is the preservation of
the mental map, i.e. the stability of the layouts [4]. This is an
importantconsiderationsincea userlooking at a graphdrawing
becomesgraduallyfamiliar with the structureof the graph.The
qualityof thelayoutcanbeevaluatedby measuringthemovement
of the nodesbetweensuccessive layouts,which shouldbe small,
especially in unchangedareasof the graph. In addition, each
layout in the sequenceshouldsatisfy 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 reasons.First, different layout criteria can be
easily integratedinto thesealgorithms.Second,in someof these
algorithms, it is possibleto updatenode positions in parallel,
thus making it possibleto ef�ciently employ the GPU's parallel
computationmodel. Finally, it is possibleto usea convergence
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 order to 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 thealgorithmto “focus” on nodesthatmayhave large
displacements.Third, an approachsimilar to simulatedannealing
is used,where the graph slowly freezesinto its �nal position.
Fourth, the changesbetweengraphsare smoothly animated.In
order to reducethe layout time while maintaininglayout quality,
the graph is partitioned so that forces from distant nodescan
be approximated,and the GPU is usedto acceleratethe layout.
Moreover, in orderto quickly computeaestheticlayouts,a multi-
level force directedschemeis used.

IV. ALGORITHM

Givenasequenceof graphsG0; : : : Gn , ouralgorithmcomputes
layoutsL 0; : : : L n . This sectiondescribesthe algorithmin detail.
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We begin with describinghow theonlinedynamiclayoutsL i ; i �
1 are computed,given L i � 1 and Gi . Next, we discuss the
algorithmusedto computethe initial layout L 0.

A. ComputingDynamicLayouts

Givena setof undirectedgraphsG1; G2 : : : Gn , thegoalof the
dynamic algorithm is to computeonline layouts L 1; L 2; : : : L n .
Algorithm 1 is usedto computethe layouts.Figure 2 visualizes
the main stepsof the algorithm. We elaborateon thesesteps
below.

Algorithm 1 Dynamic layout of graphGi ; i � 1
input: Gi ; L i � 1 output: L i

1) Merging: Merge layout L i � 1 and graphGi to producean
initial layout.

2) Pinning:Assignpinningweightsto thenodes,whichcontrol
the allowed displacementof eachnode.

3) Coarsening:SetC0 = Gi . ComputeC1; C2; : : : ; Ccoar sest

whereCk+1 = edge collapse(Ck ). Set l = coarsest.
4) Computea geometricpartitioningof the nodesof C l .
5) Performincrementallayout of C l . If l = 0 goto step7 and

usethe layout of C0 asL i (the layout of Gi ).
6) Interpolation:Updatethe initial layout of C l � 1 using the

layout of C l . Set l = l � 1, goto step4.
7) Animation: SmoothlymorphL i � 1 into L i .

Merging (Step 1): Computinga good initial position is vital
for reducingthe layout time and maintainingdynamic stability
[15], [33]. The coordinatesof nodesthat exist both in Gi � 1 and
in Gi arecopiedfrom L i � 1. Nodesin Gi thatdonotexist in Gi � 1
areassignedcoordinateswhile consideringlocal graphproperties,
as follows.

Each un–positionednode v is examinedin turn. Let PN (v)
be the set of neighbors of node v 2 Vi that have already
been assigneda position. If v has at least two positioned
neighbors,v is placed at their weighted barycenter:pos(v) =

1
jP N (v) j

P

u2 P N (v)
pos(u). If v hasa singlepositionedneighbor, u,

thenv is positionedalongthe line betweenpos(u) andthecenter
of the boundingbox of L i � 1. This procedureis performedin a
BFS (breadth–�rst search)manner, starting from the positioned
nodes.The nodesthat cannotbe placedby this procedureare
placedin a circle aroundthecenterof theboundingbox of L i � 1.

A Positioning score �( v) 2 [0; 1] is assignedto eachnode,
basedon themethodusedto positionit. Thesescoresindicatethe
“con�dence” in the node's position. The higher the positioning
score,the better the initial placementis considered.The scores
areusedto controlthemovementof nodes,asdescribedin Step2.
The highestscoreis assignedto nodeswhoseneighborhoodhas
not changedbetweenGi � 1 andGi , sincewe aremostcon�dent
with their positions.A lower scoreis assignedto nodesthat are
positionedaccordingto two or more neighbors.An even lower
scoreis assignedto nodespositionedaccordingto oneneighbor.
Finally, the lowestscoreis assignedto nodesfor which no good
initial guessis known, andarethereforeplacednearthecenterof
theboundingboxof thegraph.In our implementation,scoresof 1;
0:25; 0:1 and0 areassignedto nodespositionedaccordingto their
coordinatesat L i � 1, at the barycenterof two or moreneighbors,
accordingto oneneighbor(in a directionpointing away from the

centerof the boundingbox of the graph),and at the centerof
the boundingbox of L i � 1, respectively. Figure 2 (b) shows an
exampleof computingthe positioningscore� . Note that darker
nodes,with a lower � arerelatively localized.Thesechangesare
propagatedto the resetof the graphin the next step.

Pinning (Step 2): After all the nodesareplaced,their pinning
weights, wpin (v) 2 [0; 1], which re�ect the stiffness in the
positionsof the nodes,arecomputed [6], [7], [20]. The position
of a nodewith a pinning weight 1 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
sweep,which is local, usesinformationregardingthe positioning
scores� of the nodeand its neighbors:

wpin (v) = � � �( v) + (1 � � )
1

degr ee(v)

X

u:( u;v )2 E

�( u):

Taking the neighborsof v into accountamountsto performing
low pass �ltering of the pinning weights, according to graph
connectivity information. This mimics the creation of �e xible
ligamentsin the graph aroundareasthat were modi�ed. Using
a higher � value will reducethe in�uence of the neighborsof a
nodeon its displacement.In our implementation� = 0:6.

In thesecondsweep,thelocal changesarepropagated,in order
to createa globaleffect.A BFS-typealgorithmassignseachnode
a distance-to-modi�cationmeasure,asfollows. Thedistance-zero
node set, D 0, 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 Gi � 1. The
distance-oneset,D 1, is de�ned asthe subsetof nodesin V n D 0

adjacentto a nodein D 0. In general,D i is thesubsetof nodesnot
yet marked, which areadjacentto a nodein D i � 1. This process
continuesuntil all the nodesin V areassignedto oneof the sets
D 0; D 1; � � � ; D dmax . Note that accordingto this de�nition, the
nodesin setD i ; i � 1 wereassignedwpin � 1 in the �rst sweep.
In thesecondsweep,asdescribedbelow, someof thesenodesare
assigneda lower pinning weight.This givesthe layout algorithm
more �e xibility in adoptingto changesin the graph.

Pinningweightsareassignedto nodesbasedon 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 i they belong to. This is done as follows. Given
dcuto� = k � dmax , thenodesin D i , i 2 [1; dcuto� ] areassigned
pinning weights:

wpin = (winitial
pin )(1 � i

dcuto� ) :

This assignmentcreatesa decayingeffect in which nodesfar-
ther away from D 0 are assignedhigher pinning weights. The
constant winitial

pin is used to determine the decay in pinning
weight. The nodesin D j +1 are assigneda pinning weight that

is (winitial
pin )( � 1

dcuto� ) times the pinning weight of nodesin D j .
Note that a larger k results in a more global effect, possibly
trading layout stability for betterlayout quality (sincenodesare
more free to move). Setting a higher w initial

pin will make the
graphmorerigid, thuslimiting thedisplacementof nodesalready
existing in the previous layout. In our implementationk = 0:5
andwinitial

pin = 0:35:
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(a) Previous layout, L i � 1 (b) After merging, showing positioningscore�( v)

(c) After merging, showing pinning weight wpin (v) (d) Final layout of L i , showing partitions

Fig. 2. Dynamic layout steps:(a) previous layout, L i � 1 (b) merged graph(Step1), color codedaccordingto the positioningscore�( v). Brighter nodes
have a higher � . Here,nodeswith � 2 f 0:1; 0:25; 1g areshown. (c) Pinningweightswpin (v) (Step2). Brighter color correspondsto a higherwpin (v) (d)
Final layout (Step5), color codedaccordingto the partitioning(Step4)

Figure 2 (c) shows an example of computing the pinning
weights. Note how the local changesin (b) are propagated to
a larger portion of the graph.Also note the decayingeffect as
the distancefrom the modi�ed part, in the middle of the graph,
increases.This re�ects therequirementthatnodesfurtherfrom the
changedareasshouldundergo 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 setting the allowed displacementof
nodes,prior to computingthe layout.This controlsthemovement
�e xibility of eachnode.In [6], nodesaredisplacedaccordingto
a combinationof two differentforces.Therelative strengthof the
forces is determinedby weights that 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

the �nal layout. At each level, given a �ne graph, a coarser
representationis constructedby performing a series of edge
collapse operations.This is done by replacing two connected
nodesandtheedgebetweenthemby a singlenode,whoseweight
is thesumof theweightsof thenodesbeingreplaced.Thepinning
weightof thenew nodeis setto thegeometricmeanof thepinning
weights of the replacednodes.The new node is placedat the
weightedaveragepositionof thecorresponding�ne nodes,biased
accordingto their weights.The weightsof the edgesareupdated
accordingly. (The weight of a node/edgein the �nest graphis 1.)

The order of the edge collapseoperationsis determinedas
follows. First, nodes,which are candidatesto be eliminated,are
sortedby their degree(so asto eliminatelow-degreenodes�rst).
An adjacentedgeof an un-pairedlow-degreenodeis chosenfor
collapseby maximizingthe following measure:w(u;v )

w(v) + w(u;v )
w(u) ,

where w(x) is the weight of node x and w(x; y) is the weight
of edge (x; y). This function helps to preserve the topology of
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fracdone = 0 , K = 0:1, t = K �
p

jV j, � = 0:9
do iterationcount times,

updatepartitioning(Alg. 1 Step4, Alg. 2 Step3) if required
parallel foreachpartition Pi 2 P ,

(1) calculatepartition centerof gravity CG(Pi ) =

P

v 2 P i

pos(v)

jP i j
parallel foreachnodev, v 2 Pi wherefracdone > wpin (v),

(2) F r epl
int (v) =

P

u2 P i ;u 6= v
K 2 pos(v) � pos(u)

kpos(v) � pos(u)k2

(3) F r epl
ext (v) =

P

P j 2 P;P j 6= P i

K 2jPj j pos(v) � C G(P j )
kpos(v) � C G(P j )k2

(4) F r epl
tot (v) = F r epl

int (v) + F r epl
ext (v)

(5) F attr (v) =
P

u:( u;v )2 E

kpos(u) � pos(v)k(pos(u) � pos(v))
K

parallel foreachnodev wherefracdone > wpin (v),
(6) F total (v) = F r epl

tot (v) + F attr (v)

(7) posnew (v) = pos(v) + F total (v)
kF total (v)k min (t; kF total (v)k)

t � = � , fracdone + = iter ation count � 1

Fig. 3. Parallel force directedlayout algorithm

the graph by “uniformly” collapsing highly connectednodes.
Coarseningis usedin [12], wherea differentorderingof theedge
collapseoperationsis used.

In our implementation,the coarseningstopseither when the
graphis reducedto severalhundrednodesor afterfour coarsening
steps.Coarseningfurther may lead to diminishing resultsdue to
the inaccuracy in the computedpinning weights of the coarse
graph.

Geometric partitioning (Step4): Thepartitioningstepis used
to acceleratethe layout step, discussedbelow. There are three
requirementsthat should be satis�ed by partitioning. First, the
partitions should be geometricallylocalized, thus the nodesin
eachpartitionshouldberelatively closeto eachother. Thiswill let
us representeachpartition usinga single ”heavy” node.Second,
the numberof nodesin eachpartition should be similar. This
is important in order to achieve good load balancebetweenthe
parallelprocessorsof the GPU,asdiscussedin SectionV. Third,
the algorithmshouldbe fast.

We have chosento use a KD-tree-typepartitioning. The al-
gorithm works top down. Given the positionsof all nodes,they
are sortedaccordingto the X coordinateand the index of the
mediannodeis located.The nodesarepartitionedinto two sets:
onewith indicesbelow the medianandonewith indicesequalor
greaterto the medianindex. The algorithm proceedsrecursively
with thetwo subsets.This time,sortingis performedaccordingto
theY coordinate.Thealgorithmalternatesbetweencomputingthe
medianX andY coordinates.Therecursivesubdivision terminates
when the size of the subset is below the required partition
size. Figure 2 (d) shows an exampleof computinga geometric
partitioningof a graph.

Layout (Step 5): This step of the algorithm computesthe
layout. Our algorithmbuilds on the basicFruchterman-Reingold
(FR) force directedalgorithm [32], which is modi�ed, so as to
make it suitableboth for incrementallayout andfor ef�cient im-
plementationon theGPU.Thebasicalgorithmis thusmodi�ed in
threeways.First, an approximateforce modelis usedin orderto
speedupthe calculation.Second,nodepinning allows individual
control over the movementof eachnode.Third, the algorithmis

reformulatedin a mannersuitablefor ef�cient implementationon
the GPU.

Figure 3 outlines our algorithm. The input is a graph G =
(V; E ) decomposedinto partitions Pi , nodeswith initial place-
ment pos(v), and their pinning weights wpin (v). The output is
the positionsfor all nodes.The key idea of the algorithm is to
convergeinto aminimalenergy con�guration,whichusuallyleads
to aestheticallypleasinglayouts.

The initialization of the algorithmincludessettingthe optimal
geometricnodedistanceK (that affects the scaleof the graph),
theinitial annealingtemperaturet , thetemperaturedecayconstant
� , and the fraction of the iterationsdonefracdone 2 [0; 1].

Partitioning is used to acceleratethe algorithm. Instead of
calculatingall-pair repulsive forces,asis customary, approximate
forcesarecalculated.An exact calculationis performedonly for
nodescontainedin the samepartition,while an approximatecal-
culation is performedfor nodesbelongingto differentpartitions.
The centerof gravity is found for eachpartition Pi and is used
to replacethe nodesin Pi .

Our experimentsshow that there is �e xibility in the number
of nodesin eachpartition,e.g.Figure4 shows that usingtwenty
times fewer nodesin eachpartition has little 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 merge stage(Algorithm 1,
Step1) alreadygives a good approximationof the �nal layout.
In caseswhere there are large changesbetweenconsecutive
graphs,performingseveral re-partitioningstepsmay improve the
results.Thesecasescanbeidenti�ed usingthefollowing formula:

1
jV j

P

v2 V
(1 � wpin (v)) ; whosevalueis proportionalto thechanges

performedto the graph.This is so sincethe numberof iterations
duringwhich eachnodev moves,is proportionalto (1 � wpin (v))
(seeFigure3).

The key to ef�cient implementationof this algorithm on the
GPU is deciding which nodeswill be processedby the paral-
lel foreach loops. In order to reducelayout time and maintain
dynamicstability, only someof the nodesare displacedin each
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(a) 0:5
p

jV j partitions (b) 10
p

jV j partitions

Fig. 4. Partition sizeeffect on layout,graphbcsstk31,jV j = 35588, jE j =
572916

layout iteration. For eachnode v, wpin (v) is comparedto the
currentfraction of layout iterationsdone,f r acdone . Only nodes
that satisfy f r acdone > wpin (v) are processed.This makes it
possibleto control therelative displacementof nodes.Nodeswith
a low pinning weight will be displacedduring moreiterationsof
the algorithm. Thus, the pinning weight, assignedaccordingto
the changesperformedin the vicinity of eachnode,controlsthe
stability of nodelocations.Becausethe allowed displacementis
decreasedfrom oneiterationto the next, settinga higherpinning
weight limits the total displacementof nodes.

Usingthis method,thealgorithmspendscomputationtime only
on nodeswhich shouldbe displacedin eachlayout iteration.The
amountof work donedependson the changesperformedto the
graph. Areas which did not changeare not processed,thereby
reducing the 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 repulsive forces F r epl

int ; F r epl
ext and the attractive

force F attr acting on it, are calculated.Finally, the nodesare
displacedby an amountboundedby the current temperatureof
thealgorithm,which slowly decays,mimicking particlesfreezing
into position.

Inter polation (Step 6): In this stagethe computedlayout of
graphC l is interpolatedand usedto updatethe initial layout of
thehigher-resolutiongraphC l � 1. Givena nodev 2 C l � 1, which
wasmappedto nodep 2 C l , nodev is displacedby thefollowing
amount:

(1 � wpin (v))
A(B boxol d(C l ))
A(B boxnew (C l ))

(posnew (p) � posol d(p)) ;

whereA(B boxol d(C l )) is the areaof the boundingbox of graph
C l computedduring thecoarseningstep,A(B boxnew (C l )) is the
areacomputedduring the layoutstep,posol d(p) is thepositionof
nodep computedduringthecoarseningstepandposnew (p) is the
positionof p computedduringthe layoutstep.Themotivationfor
usingthis formulais asfollows.Theamount1� wpin (v) is usedto
displacenodesaccordingto their pinning weights.Nodeswith a
higherpinningweightarealloweda smallerdisplacement.Doing
so helpsmaintainthe stability of the graph.Nodeswith a lower
pinningweightareallowedgreater�e xibility in orderto compute
a high-quality layout. The displacementis scaledaccordingto
the changein the areaof the coarserC l due to the layout step.
Finally, node v is displacedaccordingto the movementof the

correspondinglower-resolutionnodep.
Mor phing (Step 7): The old layout L i � 1 is morphedinto the

new layout L i . The animation,showing a gradualchange,helps
the usermaintain the mentalmap of the graph.Node positions
arelinearly interpolated.Removednodesandedgesfadeout, then
thenodesandedgesmove to their new positionand�nally added
nodesandedgesfadeinto view.

Complexity: The asymptoticcomplexity of the merging, pin-
ning, coarseningand interpolation steps is O(jE j + jV j). The
complexity of thepartitioningstepis O(jV j � log(jV j)) : �nding the
medianis linear at eachlevel in the partition treewhich contains
O(logjV j) levels.AssumingthateachpartitioncontainsCs nodes,
the running time of eachlayout iteration is O(jE j + jV j � (Cs +
jV j
Cs

)) . This expressionis minimizedwhenCs =
p

jV j, resulting
in a total complexity of O(jE j + jV j1:5). When jE j � jV j, the
dominatingtermis jV j1:5. Althoughthismaylook relatively high,
the simplicity of the calculationand its parallel implementation
on the GPU give good results,as discussedin SectionVI. We
use50 layout iterations[12].

B. Computingthe Initial LayoutL 0

Algorithm 2 is usedto computeastaticlayoutof the�rst graph,
G0. This algorithm usesa multi-level force directedschemein
order to quickly computean aestheticlayout. Both the Kamada-
Kawai (KK) [34] andFruchterman-Reingold(FR) [32] algorithms
areemployed. We elaborateon the stepsof the algorithmbelow.

Algorithm 2 Static layout of the �rst graph,G0

input: G0 output: L 0

1) Coarsening:SetC0 = G0. ComputeC1; C2; : : : ; Ccoar sest

whereCk+1 = edge collapse(Ck ). Set l = coarsest.
2) PerformKK layout of Ccoar sest :
3) Computea geometricpartitioningof the graphnodes.
4) Performlayoutof C l . Updatethepartitioning(step3) every

few iterations.If l = 0 terminateandusethe layout of C0

asL 0 (the layout of G0).
5) Interpolatethe layout of C l to form an initial layout for

C l � 1. Set l = l � 1, goto step3.

Coarsening(Step1): A similar methodto Algorithm 1, Step3
is utilized to createa seriesof reducedversionsof the graph,
which are usedto computeincreasinglydetailed”skeletons”of
the�nal layout.Thecoarseningcontinuesrecursively until asmall
graph of several hundrednodesis created.This graph is then
ef�ciently handledin thenext stepandis usedasabasisof aseries
of resolution-increasinglayouts.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, Ccoar sest . This
algorithmis usedin conjunctionwith the FR [32] force-directed
algorithm (in Step 4) in order to producean aestheticlayout.
While the KK algorithmis goodat producinga goodplacement
from an arbitrary initial position, the FR algorithm producesa
”smoother” layout, is quicker, but is moresensitive to the initial
conditionsgiven to it. Hence,combiningthe algorithmsgives a
fast and aestheticresult. In our implementation2000 iterations
of theKK algorithmareperformed.Note thatduring incremental
layout (SectionIV-A) combiningour multi-level approachwhile
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reusingtheprevious layoutasa startingpoint givesfastandgood
resultswithout incurring KK' s performancepenalty.

Geometric partitioning (Step 3): The samealgorithm as in
step4 of Algorithm 1 (SectionIV-A) is usedhere.

FR layout (Step 4): In this step we perform force-directed
layout of the currentgraph in the hierarchy, C l . The algorithm
is describedin detail in Step5 of Algorithm 1 (SectionIV-A).
Unlike the dynamiccase,herepinning weightsarenot usedand
all nodesarefreeto move in every layout iteration.In orderto get
improvedresults,we updatethenodepartitioning(Step3) several
timesduring the layout.The centerof gravity of eachpartition is
updatedevery iteration, though.The algorithm terminateswhen
the layout of C0 = G0 is computed.

Inter polation (Step 5): In this stagethe existing layout of C l

is interpolatedto form an initial layout for the higher-resolution
C l � 1. Nodesin C l � 1 areinitially placednearthepositionof their
parentin C l .

V. IMPLEMENTATION

This sectiondiscussesthe implementationof thealgorithm.As
will be shown in SectionVI, performingincrementallayout, i.e.
Algorithm 1, Step5, (andsimilarly Algorithm 2, Step4) on the
GPU can signi�cantly acceleratethe overall running time of the
algorithm.Therefore,in this sectionwe focus on describingthe
GPU implementationof this step.

On the GPU, parallel computationis achieved by rendering
graphicsprimitives that cover several pixels. The GPU runs a
programcalleda kernel program for eachpixel candidate,called
a fragment. The key to high performanceon the GPU is using
multiple fragmentprocessors,which operatein parallel.TheGPU
suits uniformly structureddata,suchas matrices.The challenge
is representinggraphs,which are unstructured,in a mannerthat
makesef�cient useof GPU resources.

Implementingstaticforcedirectedlayouton theGPUhasbeen
discussedin [31]. While the algorithmusedherefor staticlayout
is different, the GPU implementationis similar. This section
reviews the GPU implementationand focuseson the changes
neededfor dynamiclayout.

Several texturesare usedon the GPU to representthe graph:
the texturesrepresentthenodes,thepartitions,theedges,andthe
forces.The location texture holds the (x,y) positionsof all the
nodesin the graph.Eachgraphnodehasa corresponding(u,v)
index in the texture.As shown in Figure5 (a), the nodesin each
partitionarestoredin a rectangularregion 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 shown in Figure 5 (b). The numberof buckets is set to
the numberof iterationsof the layout algorithm.Sortingcreates
contiguousregionsof nodeswith similar wpin values.This allows
the algorithm to control the set of nodeswhose positions are
updatedat every layout iteration. Using appropriaterendering
commands,the GPU is instructedto processonly the relevant
nodesin eachiteration,asdiscussedbelow.

The partition centerof gravity texture holds the current(x,y)
coordinatesof thecenterof gravity of eachpartition.Graphedges
are representedusing the neighbors texture and the adjacency
texture. The adjacencytexture containslists of (u; v) pointers
into the locationtexture,representingtheneighborsof eachnode.
The neighbors texture holds for each node v, a pointer into

Fig. 5. Sortingnodesby pinning weight wpin on the GPU.(a) : A location
texture separatedto regions,color codedby the partition eachnodebelongs
to. (b) : Nodesin eachregion aresortedfrom low wpin to high wpin .

the adjacency texture, to the coordinatesof the �rst neighbor
of the node.Pointersto additionalneighboringnodesare stored
in consecutive locationsin the adjacency texture. The neighbors
texture alsoholdsthe degreeof eachnode.The forcescomputed
during layout are stored in two textures: the attractive force
textureandtherepulsiveforcetexture.Theattractiveforcetexture
containsfor each node the sum of the attractive forces F attr

exertedon it by its neighbors.The repulsiveforce texture holds
the sumof repulsive forces,both by nodesin the samepartition
– F r epl

int andby the otherpartitionsin the graph– F r epl
ext .

Theoverall storagecomplexity is O(jV j + jE j): every nodeand
edgeis storeda �x ed numberof times.Eachnodeis represented
as four 32-bit �oating-point values in the following textures:
location(two textures),forces(two textures)andneighbors.Each
edgeis representedtwice in the adjacency texture (oncefor each
of the nodesin its endpoints),whoseentriesarealso four 32-bit
�oating-point numbers.Due to performancereasons,information
aboutthe graphpartitionsis storedin threetexturesholding four
32-bit �oating-point numberseach.Thesetextureshave the same
sizeas the texturesrepresentingnodes.

Hence,in thecurrentimplementation,a total of 32 32-bit num-
bersarestoredpernodeand8 32-bit numbersarestoredperedge
in the different textures.This amountsto about8MB of texture
memory for the fe pwt graph with (V; E ) = (32045; 112395).
Modern graphicscardshave hundredsof megabytesof texture
memory, making accommodationof very large graphspossible.
Note that for implementationease,textures holding four 32-bit
numbersare usedin all cases.This in not always required,and
can further reducethe memoryfootprint.

Computingeachlayout iterationis donein severalsteps,which
are implementedas kernel programsthat run on the GPU. The
partition CG kernelcalculatesthecenterof gravity of eachparti-
tion, asshown in the line numbered(1) in Figure3. The repulse
kernelcalculatesthe repulsive forcesexertedon eachnode.This
kernel �rst calculatesfor eachfragmentit processes,the internal
forces, e.g. forces exerted by nodescontainedin the partition
that the fragmentbelongsto. Then, it approximatesthe forces
by all other partitions.Seelines (2)-(4) in Figure 3. The attract
kernel is usedto calculatethe attractive forcescausedby graph
edges.For eachnode,thekernelaccessestheneighborstexture in
order to get a pointer into the adjacency texture, which contains
the (u,v) location texture coordinatesof the node's neighbors.
For eachneighboringnode,the attractive force is calculatedand
accumulated.This correspondsto line (5) in Figure3. Finally, the
annealkernelcalculatesthe total forceon eachnode,F total , and
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graph rimzu threads1 threads2 newcomb 3elt fe pwt
metric � pos jU total j � pos jU total j � pos jU total j � pos jU total j � pos jU total j � pos jU total j

non-incr 31.4 4418 1.45 39.2 1.06 9.72 0.48 1.82 25.9 2.73x105 105.5 9.59x105

basic-incr 4.62 4435 0.333 40.4 0.297 9.81 0.221 1.81 2.3 3.06x105 10.7 9.37x105

ours 0.274 3418 0.042 30.3 0.048 5.55 0.099 1.94 0.968 2.79x105 3.62 8.1x105

TABLE I
LAYOUT QUALITY - VALUES ARE AVERAGES FOR A SEQUENCE OF LAYOUTS

Graph avg. avg. 3GHz Pentium+ 7900GSGPU 2.4GHzCore2 + 8800GTSGPU
name jV j jE j initial layout dynamiclayout initial layout 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
4elt 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 4.74 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 II
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.

displacesnodesaccordingly, asshown in lines(6),(7) in Figure3.
This kernel updatesa secondcopy of the location texture. This
doublebuffering is requiredsincetheGPUcannot readandwrite
to the sametexture.

In total, the partition CG kernel performsO(jV j) operations;
the repulse kernel performs O(jV j1:5) operations;the attract
kernelperformsO(jE j) operations;andtheannealkernelO(jV j)
operations.On the GPU, the computationsexecuted in each
kernel,arerun in parallel.Since,asdiscussedbelow, only someof
thenodesareoperatedon duringeachlayout iteration,in practice
the averagenumberof operationsperformedby eachkernel is
lower than the maximumvaluespresentedabove.

Recall that the nodesin eachpartition aresortedaccordingto
wpin , asshown in Figure5 (b). Thisallowsusto controlthenodes
processedin eachlayout iteration,thusspendingGPU 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 r acdone >
wpin (v) are determined.A set of quadrilateralswhich cover the
correspondingparts of eachregion are rendered.This instructs
the GPU to processonly thesenodes.OpenGLdisplay lists are
used in order to ef�ciently send theserenderingcommandsto
the GPU. Note that this method operateson a per-row basis,
potentially causing a small amount of extra fragmentsto be
processedfor eachregion.Theprocessingof theseextra fragments
is avoidedby conditionallyupdatingthe locationof a nodeonly
if f r acdone > wpin (v).

Note that our implementationdoesnot require copying data
from GPU memory(textures)to CPU memorywhile performing
the layout iterations.Keepingthe dataon the graphicscard en-
ablesfull utilizationof theGPUscomputeandmemorybandwidth
resources.

VI . RESULTS

Two criteria are usedto measurethe quality of the resulting
dynamic layouts: average displacementof nodesbetweeneach
pair of successivelayoutsandpotentialenergy. The �rst criterion
measuresthe stability of the layout. The secondcriterion judges
thequality of thelayout.Lower energy (in absolutevalue)implies
low stressin the graph, correspondingto a good layout. The

energy U is derived from the relation ~F = �r U. Hence,given
the force ~F , the energy canbe derived by integrating.Given two
nodesat positions~u; ~v, connectedby anedge, theattractive force
actingalong the edgeis

~F attr =
1
K

k~u � ~vk(~u � ~v) = �r Uattr ;

hence
Uattr =

� 1
3K

k~u � ~vk3:

The repulsive force betweentwo nodesis

~F r epl =
� (~u � ~v)
k~u � ~vk2 K 2 = �r U r epl ;

hence
U r epl =

1
2

K 2log(k~u � ~vk2):

Thetotal energy is computedby summingover all edgesandover
all nodepairs:U total = Uattr + U r epl , e.g.

U total =
X

u:( u;v )2 E

� 1
3K

k~u � ~vk3 +
X

u;v 2 V;u 6= v

1
2

K 2 log(k~u � ~vk2):

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

The quality of the layout is comparedto two algorithms.The
�rst is a force-directednon-incrementalalgorithmthat lays each
graph in the sequenceindependently. 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 algorithmdemonstratesthatsimply
using the previous placementis insuf�cient 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–known graphs(3elt, 4elt, fe pwt, bcsstk31)are
usedto demonstrateour algorithm[38]. The dynamicsequences
are generatedby performing random changeson the graphs,
modifying jE j and jV j by up to 15%. In addition,the sequences
marked threads1,2and Rimzu come from real data, discussed
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Fig. 6. Snapshotsfrom layoutsof the 3elt sequence(jV j � 4000, jE j �
10; 500), left-to-right, top-to-bottom

in SectionsVII, VIII. Figure 6 shows a few snapshotsfrom the
dynamicgraphlayout of 3elt.

Another example is Newcomb's fraternity data [35], which
representsfriendship relations betweencollege students.This
data was visualized using the SoNIA tool for social network
visualization[21], [36], [37]. As discussedin [21], theNewcomb
data is best visualized by the peer-in�uence (PI) algorithm of
SoNIA, where nodesare displacedaccordingto forces exerted
by neighbors.

Table I shows averageresultsfor the layout quality metrics.
(Lower valuesare better.) The � pos column shows the average
displacementof nodesandthe jU total j columnshows theabsolute
value of the potential energy of the graph. It is clear that
our incrementalalgorithm outperformsthe other algorithmsand
maintainsdynamicstability. Thepotentialenergiesachievedby all
algorithmsare similar, demonstratingthat the quality of layouts
computedby our algorithm is good. In somecases(like fe pwt)
the two incrementalalgorithmssurprisinglyperform better than
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 different for eachalgorithm usedhere.In
summary, the results demonstratethat our algorithm computes
aestheticlayoutswhile decreasingthe movementsof the nodes.
This reductiondoesnotcomeat theexpenseof layoutquality. The
algorithmtries to maintainthe structureof the graph,usingnode
pinning to propagatechangesacrossthe graph,allowing for new
landmarksto be created,while at the sametime maintainingthe
mentalmap.Note that comparedto the algorithmof [9], usinga
multi-level incrementalalgorithmsomewhat reducesthe stability
of the layout. However, this gives the algorithm an opportunity
to calculatea higherquality layout.

Fig. 7. Snapshotsfrom thelayoutsof thenewcombfraternitydata[35]. Left:
our algorithm.Right: SoNIA algorithm[36], [37], usedin [21].

Figure 7 shows a comparisonof the SoNIA layouts using
the PI algorithm and our layouts. As can be seen,one of the
advantagesof our algorithmis the greaterstability in nodeposi-
tions, especiallywhenonly the edgesof the grapharemodi�ed.
Although both SoNIA and our algorithm are basedon force-
directedmethods,the more sophisticatedinitial placementand
pinning algorithmshelp improve the results.

For our performancetestswe usedtwo computers.The �rst is
a PC with a 3 GHz PentiumIV CPU and an NVIDIA 7900GS
GPU. The secondis a newer PC with a 2.4 GHz Intel Core 2
Duo E6600CPUandanNVIDIA 8800GTSGPU.Our algorithm
was implementedusingC++, Cg andOpenGL.

Table II gives information about the graph sequencesand
running times - when using only the CPU and when using the
GPU to acceleratethe computation.As canbe seenin the table,
ourGPUimplementationprovidesasigni�cant speedupcompared
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Fig. 8. Snapshotsfrom the threads2graphsequence,visualizingdiscussionthreadsat http://www.dailytech.com,left to right, top to bottom.109 messages
from 86 usersin 5 discussionthreadsareshown. Discussiontopics,marked asblue A n nodes,includecomputergames(A 5054),nuclearfusion (A 5027),
low-costPCs(A 5060),Windows/Linux switch (A 5069)andChristmase-shopping(A 5082) .

to theCPU.Using theolder7900GSGPU,a speedupof up to 10
timesis achieved.Using thenewer andfaster8800GTSGPU,the
speedupincreasesto up to 17 times,comparedto the latestCPU.
Dueto thehigh ratioof arithmeticoperationsto memoryaccesses,
the algorithm is compute and not memory bound. Therefore,
as demonstratedin 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 computing the FR incrementallayout stageusing the
7900GSGPU was 1.66 seconds.Using the 8800GTSGPU, the
time dropped to 0.417 seconds.This representsa signi�cant
performanceincreasebetweenGPU generations(� 4 times),
which is larger than the performanceincreasebetweenthe CPU
generations[23]. The speedupis achieved while taking into
account the overheadof instructing the GPU to perform the
layouts, which can be signi�cant in the coarsergraphs. The
speedupof performingthe last layout stage(on the �nest graph)
is about8 times.

There are several factorscontributing to the increasein per-
formance betweenthe GPUs. The new GPU has a different
architecture,which is bettersuitedfor dealingwith graphs.Due
to its smallerbranchgranularity, a smallerpenaltyis encountered
whendealingwith non-uniformdata,suchasgraphs.In addition,
the 8800GTSusesa scalararchitecture,which is more ef�cient
here,sincethealgorithmdealsmostlywith 2D and1D quantities.
Finally, the new GPU hasmoreraw computepower.

VI I . APPLICATION TO DISCUSSION THREAD V ISUALIZATION

We appliedour algorithm to the visualizationof Internetdis-
cussionforums.We collecteddatafrom severaldiscussionthreads
at http://www.dailytech.com . This sitecontainsvarious
hi-tech related news items. The discussionthreadsvisualized
contain the commentspeoplemake on the news items. In the
graph,eachnoderepresentsa user. Edgesareconstructedbetween
the user adding a comment and users which replied to that
comment.Eachdiscussionthreadis representedby a nodelabeled
A n wheren is the discussionthreadnumber(correspondingto
a news item).

In order to createthe visualization,shown in Figures1 and8,
several stepsare executed.First, the graphis transformedinto a
connectedgraph,asrequiredby the graphlayout algorithm.This
is achievedby addinganinvisible rootnodeandconnectingit with
invisible edgesto all the A n nodesrepresentingthe discussion
threads.The connectedgraphis then handedto the incremental
layout algorithm.

Second,in order to improve the visualizationof the computed
layout sequence,overlappingbetweennode labels is addressed.
A setof boundingboxesof drawn nodelabelsis maintainedand
updatedafter each label is drawn. If a new label to be drawn
intersectsany of theboundingboxesof alreadydrawn labels,it is
drawn at thebackground– fartheraway from theviewer andwith
a lighter color. Doing so preventsthe new label from occluding
the text of any previously drawn labels.If a new label doesnot
intersectany of the existing labels,it is drawn in the foreground.
Beforeeachnodelabel is drawn, a rectanglewith the samecolor
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as the backgroundis drawn behindthe nodelabel. This is done
so eachpixel will display the text of a single label (preventing
overlaps).

Third, during animation, the nodesare drawn in a speci�c
order which is designedto visualize the interestingfeaturesof
theevolving graphsequencemoreclearly. Thelabelsof important
nodesshouldreceive priority when drawn. Theseinclude nodes
with a high degree,actingascentralnodesandin the graph,and
nodeswhoseneighborhoodin the graphhaschanged.Eachnode
is assigneda score.Nodeswith a higherscorearerenderedbefore
nodeswith a lower score.This reducesthe probability that an
importantnode's label will be occluded.The scoreof eachnode
v is set to score(v) = degr ee(v) + � � degr ee change(v), where
degr ee change(v) is thechangeof thedegreeof nodev between
the currentand previous graphs.The scorehelpsemphasizethe
mainfeaturesof theevolving graphsequence.Theconstant� can
be changedby the user. Its default value is 2.

Figure1 shows a samplevisualizationof 7 discussionthreads
with 119users.Althoughduringvisualizationthegraphmorethan
doubles,our layout managesto preserve the mentalmap.Several
insights can be gained from the visualization.Clustersare evi-
dentaroundthe A n nodes,representingeachdiscussionthread.
As time progresses,more clusters,representingnew discussion
threads,becomevisible. There are clustersof various sizes –
correlatingto threadsdrawing different levels of attention.Some
userspostmessageson several threadswhile othersdiscussonly
one topic. Someusersare very active and post many messages,
acting as central nodes in the graph. The degree of nodes
representingsuchusersincreasesover time and they contribute
to the connectivity of the graph.Someusers,who are drawn at
the boundariesof the graph,contribute only onecomment.

As a secondexamplewe studiedthe latestheadlinessectionof
thewebsite.We selected� ve items,appearingover a spanof three
days,from seeminglyunrelated�elds: computergames,nuclear
fusion, low-cost PCs, Windows/Linux switch and Christmase-
shopping.The numberof commentsfor eacharticle varied from
15 to 31.A total of 86 userscontributedto thediscussionthreads.
Figure8 presentsseveral snapshotsfrom the animationsequence
showing the evolution of thesediscussionthreadsover time. A
movie showing thevisualizationis availablein thesupplementary
material.

Looking at thevisualization,severalconclusionscanbedrawn.
Thegraphis initially partitionedinto disconnectedclusters,repre-
sentingnuclearfusion, low-costPCsandcomputergames.Later,
connectionsstart to appearin the graph.The threadsdiscussing
low-cost PCsand Windows/Linux switch are highly connected.
Someconnectionsexist betweentheseclustersandthe computer
gamecluster. Surprisingly, severalusersdiscussingnuclearfusion
join boththecomputergamesandWindows/Linuxswitchthreads.
Good correlation also exists betweennuclear fusion and the
Christmase-shoppingdiscussion.

VI I I . APPLICATION TO SOCIAL NETWORK V ISUALIZATION

Our algorithmwasappliedto thevisualizationof thegrowth of
socialnetworks.We useddatafrom thesocialnetwork at http:
//www.rimzu.com . In this network, new userscan register
after receiving an invitation from an existing user. Eachuser is
able to list a set of friends amongthe membersof the network.
In the visualization,usersare representedas nodes.Edgeslink
eachuserto his/herfriends.

Figure 9 shows a visualizationof the growth of this network.
Thevisualizationshows a periodin time wherethenetwork grew
considerably, from 216 nodesto 962 nodes.The visualization
was createdby constructingthe graphof the network at equally
spacedintervalsin time.As in theInternetthreadsvisualization,a
dummyinvisible root nodewasaddedin orderto make thegraph
connected.

Several propertiesof the network areevident 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 receiving an
invitation. Therearemany userswho joined the network but did
not list any friends. They are representedas a clusterof nodes
with degree zero (no edges).There are componentsof varying
complexity in the network. Some are very simple, connecting
a handfulof nodes,while othersare large andhighly connected.
Several tree-like componentsarevisible.Thesecorrespondto one
userwith several friendswho arenot linked betweenthemselves.
Thereis onelargecomponentwhich exists from thebeginningof
the visualization.

Coloring the nodesby age reveals more information on the
graph.Somecomponentsof thegraphwerecreatedin a relatively
shorttimeframe.Others,suchasthelargecomponenton theright,
grow continuously.

Note how the algorithmmanagesto computea stable,mental-
mappreservinglayoutof thedynamicgraphsequencewhile at the
sametime providing meaningfullayoutsfrom which the insights
discussedabove can be extracted.This is especiallychallenging
dueto the largegrowth of thenetwork in theperiodvisualized.A
movie showing thevisualizationis availablein thesupplementary
material.

IX. CONCLUSION

We have presentedan online algorithmfor dynamiclayout of
graphs,whosegoal is to ef�ciently computestableandaesthetic
layouts.The algorithmhasseveral key ideas.First, a goodinitial
layout is computed.Second,the allowed displacementof nodes
is controlled accordingto the changesapplied to the graph. In
particular, eachnodeis assignedanindividual convergencesched-
ule. Third, the global interactionsin the graphareapproximated
in order to maintain the structureof the graphand computean
aestheticlayout. Fourth, a multi-level schemeis used in order
to computehigh-quality layouts.Last but not least, the GPU is
usedto acceleratethe algorithm, requiring the representationof
unstructuredgraphsin an orderedmannerthat �ts the GPU.

It has been demonstratedthat the algorithm computesan
aestheticlayout, while reducing displacementand maintaining
the user's mental map betweenlayout iterations.Our GPU im-
plementationof the algorithm performs up 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 research.An interesting
researchdirection is the extensionof the algorithm to drawing
multi-level clusteredgraphs.Finding ways to implement more
parts of the algorithm on the GPU will help acceleratethe
computation.Improving thealgorithmusedfor morphingbetween
layoutscan further help in maintainingthe mentalmap.
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Fig. 9. Snapshotsfrom the Rimzu graphsequence,visualizing the social network at http://www.rimzu.com,left to right, top to bottom. Nodesrepresent
usersandedgesrepresentconnectionsbetweenusers.In the visualizationthe graphgrows from V=216, E=544to V=962, E=1561.Nodesarecoloredby age
in a r ed ! yellow ! gr een scale.
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