IEEE TRANSACTIONS ON VISUALIZATION AND COMPUTERGRAPHICS 1

TopolLayout:Multi-Level GraphLayout by
TopologicalFeatures

Daniel Archambault, TamaraMunznerlEEE Member David Auber

Abstract—We describe TopolLayout, a feature-based,
multi-le vel algorithm that draws undir ected graphs based
on the topological featuresthey contain. Topological fea-
tur es are detectedrecursively inside the graph, and their
subgraphsare collapsedinto single nodes,forming a graph
hierarchy. Each feature is drawn with an algorithm tuned
for its topology. As would be expectedfr om a feature-based
approach, the runtime and visual quality of TopoLayout
dependson the number and types of topological features
presentin the graph. We show experimental results com-
paring speedand visual quality for TopoLayout against
four other multi-level algorithms on a variety of datasets
with a range of connectvities and sizes. TopolLayout
frequentlyimpr ovesthe resultsin terms of speedand visual
quality on thesedatasets.

Index Terms— Information Visualization, Graphs and
Networks, Graph Visualization

. INTRODUCTION

Recently multi-level approachedor graph drawing
have beenstudiedto overcomethe size andvisual qual-
ity limitations of previous work. Multi-level algorithms
typically constructa graph hierarchywith the original
graph at the leaf level and coarserapproximationsat
higher levels. Current multi-level approachegypically
only exploit local connectvity in the graph and treat
all nodesand edgessimilarly. The resulting drawvings
areuniform, but low-level structurewithin the high-level
structureof the graphis dif cult to see.

We introducea feature-basedapproachto multi-level
graphdrawing. In this approachfeaturesof interestare
recursvely detectedn the graphandreplacedvith meta-
nodesat a coarseflevel. Appropriatedrawing algorithms
for eachfeatureare selectedbasedon the type of fea-
ture detectedOur approacho feature-basednulti-level
graphdrawing recursvely detectstopological features
such as trees, connectedcomponentsand biconnected
componentswhich have beenwell studiedin the litera-
ture. We also detecthighly connectedclusters:features
of interestin power law or smallworld graphs.To show
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thatwe canexpandour systembeyond strict topological
featureswe detectwhenthe high-dimensionaémbedder
(HDE) [22] algorithm is a suitable choice for layout.

HDE is an efcient algorithm for drawing a specic

subsetof generalgraphs,mary of which are grids.

The primary contribution of this work is TopolLay-
out, the rst feature-basednulti-level algorithm.Unlike
previous multi-level algorithms,the graph hierarchyis
dravn bottom-up, taking the spacerequired to draw
the featuresinto accountat higher levels of the graph
hierarchy Thus, all of our layout algorithmsshould be
area-awar; thatis, take varying nodesizeinto account.
TopoLayoutalsointroducegpasseso eliminateall node-
node overlapsand to reducethe numberof node-edge
and edge-edgerossings.

The performanceof TopoLayoutis comparedto ex-
isting multi-level algorithms . Although TopoLayoutdoes
have its limitations, the approachis often faster and
betterableto illustrate low-level structurein the context
of high-level graphstructure.

[I. PREVIOUS AND RELATED WORK

Given a general,undirectedgraph G consisting of
N nodesand E edges,we concernoursehes with the
problem of drawing G in two dimensions.Nodes are
assignedwo dimensionalkoordinatesandif two nodes
shareanedgeit is dravn betweerthemasa straightline.

The problem of drawing general,undirectedgraphs
hasbeenwell studied Beforethelate 1990s the methods
wereprimarily focusedon force-directecapproache$r],
[10]-[12], [20]. Thesemethodsperform well for mary
types of graphs,but do not scaleto graphsof thou-
sandsof nodes.To overcomethis limitation, multi-level
approachesand approacheswhich rely more heaily
on userinteractionhave beenproposed.In addition, a
few previous approacheglo exploit topology We also
describethe HDE approach so that our HDE detector
canbe understood.

In additionto the work presentechere,we have also
describedsome preliminary work on TopoLayoutin a
poster[2].



IEEE TRANSACTIONS ON VISUALIZATION AND COMPUTERGRAPHICS 2

A. Multi-Level Graph Drawing Algorithms

Multi-level methoddor graphdrawing have beenstud-
iedto improve algorithmruntime with drawingsof equal
or increasedvisualquality. The spirit of thesemulti-level
approachess to recursvely apply a coarseningoperator
to divide a very large input graphinto a hierarchy of
coarserones.Thesetechniquesxploit the propertythat
coarsergraphsin the hierarchyarerepresentate of the
detailedones,but can be more quickly laid out. Also,
suchdecompositionselp avoid local minima, allowing
the algorithmsto scaleto larger datasetsimproving both
therunningtime andthevisualquality of the nal layout.

In Walshav [30], anestimateof a solutionof the maxi-
mal matchingproblemis usedasacoarseningperatoito
constructthe hierarchy The maximalmatchingproblem
is to selectthe largestpossiblesetof edgesin the graph
suchthat no two edgesareincidentto the samenode.

Harel and Koren [19] recursvely apply an approx-
imate solution to the k-centresproblem, using graph
theoretic distance as the ideal distance betweentwo
nodes.The k-centresproblemgroupsa setof pointsinto
k clusterswherethe distancebetweenary pair of points
in the clusteris minimized.

The GRIP algorithm [13] coarsensby applying a
Itration to thenodesetof theinputgraph.The Itration
operatorrecursvely constructsa maximalsubsetat each
level i suchthatthe graphtheoreticdistancebetweerary
two nodesof the subsetis at least2' 1 1.

The ACE algorithm[21] solvesfor the eigervectorsof
the Laplacianmatrix to determinea suitableprojection
of the graphinto two, three,or ary dimensionlessthan
or equalto the numberof eigervectorsof the matrix. The
eigervectorsarecomputedby constructinga hierarchyof
coarsematricesand computingthe eigervectorsof the
coarsestmatrix. The solutionis recursvely usedas an
estimatefor the eigervectorsone level down until the
eigervectorsof the original matrix have beencomputed.

The FastMultipole Multilevel Method,or FM3, algo-
rithm [16] is the rst multi-level algorithm for general
graphswith a provableworstcaseasymptoticruntime of
O(NlogN+ E). In this approachthe graphis partitioned
into subgraphsalledsolar systemsThesesolarsystems
are contracteddown to single nodesand the processis
repeatedo createa hierarchy The authorsshow that a
x ed fraction of nodesand edgesare presentin each
solar system,proving the hierarchyis balanced.Using
this fact, they are able to prove that the nal graph
layout canbe obtainedin O(NlogN + E) time. A subse-
quentevaluationof FM?3 corvincingly demonstratethat
FM? yields higher visual quality resultsthan previous
work [17].

All the multi-level algorithms describedabove use
heuristicsto constructtheir graph hierarchieswhich do
not exploit low-level and high-level featuresin the data.
The principal advantageof a feature-basedapproach,
suchasTopoLayout,over existing multi-level algorithms
is the visualizationof low-level featuresembeddedhn the
high-level graphstructure.In this case,our featuresare
primarily topologicalfeatures.

B. Interactive Exploration of Graph Hierarchies

A few papershave focusedon the interactve ex-
ploration of graph hierarchies.Theseresults could be
applied to the hierarchiesproducedby multi-level al-
gorithms. In most of thesetechniquesa precomputed
layout of the graphis recursiely coarsenednto graph
hierarchyusing somegraphtheoreticdistanceinforma-
tion. Interestingviews of the graph hierarchy can be
displayedusing a sheye metaphor The user speci es
a focus region that is shavn at its maximum level of
detail. Coarserlevels of the hierarchyare displayedat
increasingdistancesfrom the focus region, providing
context.

The topological sheye views of Gansneret al. [14]
constructgthe hierarchiesbasedon Delaunaytriangula-
tions and relative neighborhoodgraphs.The compound
sheye views of Abello et al. [1] constructshierarchies
basedon a binary spacepartition of the layout or areas
of relatively high connectvity detectedusing Markov
clustering. The work of van Ham and van Wijk [29]
providesa similar techniquefor visualizing small world
graphsby meging clusterspairwisebasedon geometric
distancebetweenthe clusters.A force-directedlayout
algorithm that re ects the underlying clustersin the
graphis usedasan initial step.

Thesetechniquesprovide insight into the multi-level
structure of graphs.However, in TopolLayout,we are
primarily concernedvith displayingasmuchmulti-level
structureaspossiblein the staticlayoutwithout resorting
to interaction.

C. Topolggical Featuresin Graph Drawing

Graphtopologyhasbeenexploitedpreviouslyin graph
drawing, but neverin a multi-level context. Two previous
algorithmssearchfor topologyin the graphat a single
level, both employing differentalgorithmsdependingon
the topology detected.

Niggemann and Stein [25] describe a multi-level
algorithm based on the recursve application of L-
maximizationclustering.For eachrecursvely clustered
subgraph, the algorithm constructsa feature vector
containing statisticsabout the subgraph,including the
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numberof connectedcomponentsbiconnectedcompo-
nents, and L -clustersfound. An optimal layout for a
feature vector is found through regressionlearning on
a large databasef graphs.Eachgraphin the database
is dravn with several layout algorithmsand evaluated
usinga quality metric, thenthe bestdrawing is selected.
Although the work producessomevisually corvincing
results,the largestgraphdravn was a thousandnodes.
No explicit performancenumberswere given, but the
time requiredfor precomputations a major limitation.
Six and Tollis [27] decomposethe graph into bi-
connectedgraphs and drav the tree of biconnected
componentsisinga radialtreelayoutalgorithmwhichis
area-avare. The individual biconnecteccomponentsare
dravn using a circular layout. However, the only topo-
logical featuretype detecteds biconnectedcomponents,
whereasTopoLayouthandlesmary types.

D. High-DimensionalEmbedderHDE)

In additionto strict topologicalfeatures,TopoLayout
detectswhenthe High-DimensionaEmbedderor HDE,
algorithm [22] of Harel and Koren is an appropriate
choice.HDE is relatedto a rich family of mathematical
approachesvhich have been explored as solutions to
problemsrangingfrom attening curved surfaces [26]
to texture mappingin computergraphics[31]. These
algorithms select a subsetof d points called pivots
and computethe pairwise geodesicor graph theoretic
distancebetweenthe pivots and all other points on the
surface. Each pivot correspondsto a dimension, and
the graphtheoreticdistancebetweenthe pivots and all
other points de nes a position for each point in a d-
dimensionakpaceThe pointsetis centred andprincipal
componenianalysis(PCA) or multi-dimensionalkcaling
(MDS) mapsthe d-dimensionakmbeddingdownn to two
or threedimensions.

In HDE, the rst pivot of the graph is selected
randomly The graphtheoreticdistancebetweerthe rst
pivot andall othernodesin the graphis computedusing
abreadth- rstsearchfor unweightedyraphsor Dijkstra's
algorithmfor weightedgraphs.For the remainingd 1
pivots, the node with furthest graph theoreticdistance
from the pivot is selectedin order to maximize vari-
anceon eachaxis. The layout of the graphin the d-
dimensionalkspaceis encodedn a n by d matrix (Harel
and Koren usedd = 50). PCA mapsthe drawing into
two dimensionsby computingthe eigervectorsof the
matrix andselectingthe two of largesteigervalue. These
principal componentscorrespondto the directions of
maximal variancein the high-dimensionalspace.The
eigervectors are mappedto the x and y positions of
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Fig. 1. TopoLayoutalgorithm phases.
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the nodesto producethe nal layout. HDE thus has
a running time of O(d(NlogN + E)) or O(d(N+ E))
dependingon whetherbreadth- rst searchor Dijkstra's
algorithmis used.

[11. ALGORITHM

The TopolLayout framevork consistsof four main
phasesasshown in Figurel. The decompositionphase
is the sameas the coarseningoperatorof multi-level
techniqueslt recursvely createsour feature hierarchy
and identi es the featuretype of eachsubgraph.The
feature layout phasedravs eachsubgraphin the graph
hierarchyusing an appropriatealgorithmfor the feature
type. The crossing reduction phasereduces,but does
not completelyeliminate,the numberof node-edgeand
edge-edgecrossingsin the subgraphby rotating nodes
in eachsubgraphFinally, the overlap elimination phase
ensureghat no two nodesoverlapin the nal drawing.

Many of the algorithms used in these phasesare
directly dravn from previous work, some are slight
modi cationsof previouswork, andsomearenovel algo-
rithms of our own. In the decompositiorphase we have
not found previous work describingour tree detection
algorithm. In the feature layout phase,we provide a
weighting schemefor HDE [22] and slightly modify
GEM [11] so that they are area-avare. The crossing
reductionphaseis new to multi-level algorithmsandis
a novel algorithm of our own. The overlap elimination
phaseis new to multi-level algorithms,but is a direct
applicationof previous work. All other algorithmsare
straightforvard applicationsof the literature.

A. Decomposition

The decompositiorphaseconsistsof a seriesof topo-
logical featuredetectioralgorithms ,which areappliedto
theinput graph.Upon detectionof a topologicalfeature,
thefeatureis collapsednto a singlenode.The processs
appliedrecursvely to the graph,constructingour feature
hierarchy

In this section,we rst de ne sometermswhich will
be usedto describeour decompositionphase.Then,
we describethe generaldecompositiorphasealgorithm.
Finally, we describethe individual topological feature
detection algorithms which are applied to the input
graph.
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Decompositionphasefor TopoLayout. Detectionalgorithmsin boxes colouredby featuretype asin Figure 2. If a clauseon a
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Fig. 2. Feature hierarchy after decomposition,with topology
encodedby colour Top: Layout annotatedwith boundingboxes to
shaw hierarchy structure: meta-nodessncompasshe subgraphsof
their children. Bottom: Diagram of feature hierarchy with levels
enumeratednd nodeslabeledby featuretype.

1) De nitions: The decompositiorphaserecursvely
constructsthe feature hierarchy An example feature
hierarchy is shavn in Figure 2. The levels of this
hierarchyare de ned with containmentrelationships:a
nodeat level i is a parentof all the nodesin the feature
it containsat level i+ 1.

We call the nodesof the input graph leaves as they
terminateall pathsin the featurehierarchy Note thatthe
computedhierarchyis rarely balancedand leaves can
occurat ary level. A meta-nodeis a nodethat contains
either leaves of the hierarchy or other meta-nodesit
represents topologicalfeaturein TopoLayout.During
the constructionof a meta-noden, for the set of edges
adjacentto one nodeinside of n and one node outside
of n, we createa meta-edgebetweenn and the node
outsideof n. A meta-edgecontainsa list of pointersto

the edgesin the input graphwhich they representWe
constructthis list as the algorithm createseach meta-
node.In Figure 2, meta-nodesre the rectanglesn the
diagram.The nodesare colouredby topologytype. This
samecolour encodingis usedfor all drawvings produced
by TopoLayoutfor the remainderof this paper

A connectedcomponentis a subgraphwherethere
exists a path betweenary pair of nodesin the sub-
graph. They are coloured blue. Trees are subgraphs
without cycles and are coloured red. A biconnected
component is a subgraphwhere the removal of ary
node or edgewithin the subgraphdoesnot disconnect
it into two or more connectedcomponentsNodesand
edgesseparatingbiconnectedcomponentsare coloured
tan. A complete graph has all possibleedgespresent,
so each node is connectedto all others. Nodes and
edgesof completegraphsare colouredcyan. A cluster
is a subgraphformed by someclusteringalgorithm. In
our implementationwe usethe strengthmetric [4] for
clustering.Edgesseparatingclustersare colouredgrey.
We thendeterminef HDE is a suitablealgorithmto lay
outthe subgraphlf it is, it is colouredpurple.Finally, if
the decompositiorphasecannotidentify the topology of
the subgraphit is labeledunknown andcolouredgreen.

2) DecompositionAlgorithm: Figure 3 describeghe
decompositioralgorithmin detail with the boxesof the
diagramcolouredusing the schemedescribedabove.

The rst stepof thedecompositiorphaseaeplacesach
connecteccomponentwith a meta-nodeThe decompo-
sition operatoris recursvely appliedto eachconnected
componentdetected Connecteccomponentdecomposi-
tion is never executedagain, as subsequentetection
algorithmsdo not disconnecthe graph.

Next, we seggmentout the treespresentin eachcon-
nected component.Each tree is saved as a subgraph
andreplacedby a single meta-nodeThe graphwith all
treesremoved and replacedby meta-nodess passedo
biconnecteccomponentetection.

If morethan one biconnectedccomponenis detected,
thedecompositiorphasds recursvely appliedto eachof
them.Thetreewith all biconnectedcomponentsemoved
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andreplacedby meta-nodes$s savedasa subgraphThis
subgraphmust be a tree as explained in Section IlI-
B.1. If only one biconnectedcomponentis present,it
is passedo HDE detection.

If alayoutof the subgraphwith HDE hasthe proper
tieswe describein Sectionlll-A.8, it is saved and area-
aware HDE is usedfor the subgraphin the nal layout.
If the layoutdoesnot have thesepropertiesthe graphis
passedo completedetection.

If a graphis complete,its subgraphis sased. Other
wise, the graphis passedo clusterdetection.

If more than one clusteris found by the clustering
algorithm,the decompositioroperatoris recursvely ap-
pliedto every cluster andalsoto the graphwhich results
from replacingeachclusterwith a meta-nodelf thereis
only one cluster the subgraphis labeledunknown.

If the unknawvn subgraphhasary collapsedfeatures
resultingfrom this passof the decompositioroperator
the decompositioroperatoris recursvely appliedto the
subgraphOtherwisetheunknovn subgraphs savedand
the decompositiorphaseterminates.

We experimentedwith several orderingsof the de-
compositionalgorithms.Our rationalefor applying the
detectionalgorithmsin the orderpresenteds asfollows.
Connecteccomponentf the graphshouldbe detected
rst, since if there are multiple componentswe can
lay them out independently Treesneedto be detected
beforebiconnecteccomponentdecausahe removal of
ary edgeor nodefrom a tree would disconnecthe tree
into two componentsBefore we further decomposehe
graphusingstrengthclustering,we checkto seeif HDE
is an appropriatealgorithm for layout. Finally, cluster
detectionprovides a reasonablepartition of the graph
into highly connectedsubgraphsvhen more meaningful
topologicalfeaturescannotbe found.

3) Connected Components: We detect connected
componentsusing a series of depth- rst searchesto
computespanningtreesfor eachcomponentWe refer
the readerto Baaseand Van Gelder [5] for details of
this standardalgorithmwhich runsin O(N+ E) time.

4) Trees: We detecttreesby nding the rst cycle
in the graphand selectinga noden on that cycle. If a
cycle is not found, the entire graphis a tree. Otherwise,
startingat n, we performa depth- rst searchWhenwe
visit a node of degreeone, we remove it and continue
the depth- rst search.The algorithm removes all nodes
of degreeone it encounterantil thereare no more, or
whena maximaltreeis detected.The time requiredfor
tree detectionis thereforeO(N+ E) time.

5) BiconnectedComponents:A good descriptionof
a standardbiconnectedcomponentdetectionalgorithm
is alsogiven by Baaseand Van Gelder[5]. Biconnected

componentsare detectedin the graphby performinga

depth- rst searchEdgesthat point backto higherlevels

of the depth- rst searchare called back edges.When

a subtrees of the depth- rst searchtree has no back

edgesto ary ancestorof s, it is a separatébiconnected
componentThe algorithmtakesO(N + E) time.

6) CompleteGraphs: We detectcompletegraphsby
takingtheratio of thenumberof edgesn thegraphto the
numberof possibleedgegjiventhe numberof nodesWe
could easily detectnearcompletegraphsby considering
a thresholdbelonv 100%. An interestingareafor future
work would be to determinean appropriatevalue that
has a soundtheoreticaljusti cation, ratherthan being
determinedcempirically. If thenumberof nodesandedges
is known, the ratio is computedin O(1) time.

7) Clustess: We computeclustersusing the strength
metric [4]. The strengthmetric partitionsthe graphinto
subgraphdoy the numberof 3- and 4-cycles sharedby
the nodesof the subgraph.For each edge connecting
nodesu and v, we partition nodesadjacentto u and v
into three sets:M(u), thoseadjacentto u; M(v), those
adjacento v; andW(u;V), thoseadjacento bothu andv.
The total numberof 3-cyclesis the numberof elements
in W(u;v). We determinethe number of 4-cycles by
checkingfor the existenceof an edgebetweenelements
in any pair of thesethreesetsor two elementsn W(u; V).
Theseedgescan be computedin O(r) time wherer is
the maximum degree of a nodein the graph. We can
thus detectclustersin O(rE) time. For nearcomplete
graphsthe performanceof the algorithmwould degrade
to O(N®), but typically, the nodesof the graph are of
boundeddegree and there are few high degree nodes.
Thus, in practice, the algorithm can be run on large
graphs.

8) HDE Detection: To determineif HDE is a suit-
able layout algorithm for the subgraphwe analyzethe
eigervaluesproducedby an HDE layout of the graph.
In PCA, the amountof variancein the datacapturedby
an eigervectoris its eigervalue [23]. We rst determine
if thereis enoughvariancein the data,or if its largest
eigervalueis above a minimum thresholdvalue. In our
system,a valueof 100 wasdeterminedempirically. This
minimum varianceis requiredas someprojectionsplace
themajority of their nodeson top of eachother Next, we
comparethe percentag®f varianceaccountedor by the
top two eigervectors.This percentagdes computedand
comparedto the sum of all eigervalues.In good two
dimensionallayouts, the percentageof varianceof the
largesttwo eigervaluesis nearlythe samelf thevariance
is not symmetricalongthesetwo directions,we only use
HDE in the casewhenthetop threeeigervalueshold all
of the variance,no eigervalue holds too much of the
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variance,and variancein the third dimensionis small.
Thresholdvalues of 60% and 15% respectiely were
determinecempirically. Sincethe edgesof the graphare
unweightedpur HDE detectousesa breadth- rstsearch
andrunsin O(d(N+ E)) time.

B. Layout

During the layout phaseof level i of a hierarchy the
featuresat level i + 1 containedby all the meta-nodesit
leveli mustbelaid out rst to determinghescreen-space
boundsof the meta-nodeThe requiredscreenspaceof
theleavesatleveli is alreadyknown; thatis, the original
size of the node.The layout stage,shavn in Algorithm
1, draws the topological feature at level i using an
appropriatelayout algorithm, rotatesmeta-nodeof the
hierarchyto reducecrossingsand eliminatesall node-
nodeoverlapsin the subgraph.

Theinitial layoutof the featuresin the graphdepends
on the detectedfeature type. We emplgy four types
of layout algorithms: tree, circular, HDE, and force-
directed.We also describepassego reducethe number
of node-edgeand edge-edgerossingsand to eliminate
all node-nodeoverlaps.

Algorithm 1 Pseudocodéor the featurelayout phase.
layout (subgraphs)
for all meta-nodes 2 s do
c:size  boundingBox (layout (c:subgraph));
layOutFeature (s);
reduceCrossings(s);
eliminateOverlaps (s);

1) Area-Avare Tree Layout: These algorithms are
usedfor tree and biconnecteccomponenteaturetypes.
Clearly, tree layout algorithmsare appropriatefor trees,
but the reasonto usethemto draw biconnecteccompo-
nentsis lessobvious.

For a setof biconnectedomponentsesidingat level i
with their collapsedsubgraphsitlevel i+ 1, thetopology
of the subgraphat level i is a tree;if it were not, there
wouldbeacycle atlevel i andall subgraph®nthatcycle
would be memged into a single biconnectedcomponent
atlevel i+ 1.

If the removal of an edge createdtwo biconnected
componentsthe edgeappearsas an edgein the tree at
leveli. If theremoval of a nodecreatedwo biconnected
componentswe use one of the methodssuggestedy
Six and Tollis [27] and place the node betweenthe
two componentslIf an internal node of the tree is a
meta-node,its children are sorted radially around the
internal node basedon the positions of the nodesat

lower levels in the hierarchythat connectthe children
to the meta-nodeTopoLayoutcan use ary tree layout
algorithm that is area-avare for drawving. We use the
bubble tree algorithm [15] for treesof low depthand
high branchingfactor and an area-avare versionof the
Walker algorithm[6] for all othertrees.The bubbletree
algorithmrequiresO(NlogN) time while the versionof
the Walker algorithmrunsin O(N) time.

2) Area-Avare Circular Layout: These algorithms
highlightcompletegraphsby simply placingthenodesof
thegrapharounda circle. Althoughcircularlayoutsyield
low visual quality drawings for generalgraphsbecause
they have mary crossings,they are a good choice for
completegraphsbecausehey provide visual pop-outfor
cligues.The algorithmrunsin O(N) time.

3) Area-Avare HDE: This algorithm is usedto lay
out subgraphdound by our HDE detector Area-avare
HDE is the standardHDE approach[22] with weighted
edges.The weight of eachedgeis the maximumradius
of the adjacentnodes,with a minimum weight of one.
Since the graph edgesare weighted, area-avare HDE
usesDijkstra's algorithmandrunsin O(d(NlogN + E))
time.

4) Area-Avare GEM: This default algorithmis used
for all othercaseslt is similar to the algorithmsdevel-
opedby HarelandKoren[18] who adapted-ruchterman-
Reingold[12], Kamada-Kavai [20], andcombinationof
thesealgorithms.Area-avare GEM is amodi ed version
of the GEM algorithm[11] wherenodesare considered
chagesandtheedgesareconsideredprings.Thesystem
is placedin aninitial con gurationandis releasedintil it
reachesan equilibrium. Oscillationsand rotationsabout
equally optimal positionsare dampened.

The forcesfor area-avare GEM can be de ned for a
pair of nodesn; and nj. Let r; andr; be the radii of
the boundingcircles of thesenodesrespectiely. Let p;
and p; be their positions,andlet | be someideal spring
length for the distancebetweenthe boundariesof the
two nodes.The GEM forcesthat a noden; exertson a
noden; are:

|+ dri+rje
) = i
freputsie(Nis Nj) =

W(pi P;) 1)
kp: _k2
fattractve(Ni; Nj) = %( P pi) )

The bold termsin (1) and(2) arethe termswe added
to make GEM area-avare.The ceiling of the sumof the
radii is taken sothatthe forcesarestill computedpurely
with integer arithmetic. Oscillation and rotation control
in the algorithmis the same.The algorithm stopsafter
the nodesin the graphdo not move muchin the plane
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@)

(b)

Fig. 4. Reducingcrossingswith torque.(a) Computingthe torsional
force t on c exertedby the edge(no;nc). (b) Applying t resultsto
rotate c. Dashednodesand edgesare meta-nodesand meta-edges.
Solid nodesareleavesin the hierarchy The squarebox is the centre
of nodec.

or N iterationshave beencompleted.Thus,in the worst
case the compleity of the algorithm remainsO(N?3).

5) CrossingReduction: We introducea heuristic to
rotatemeta-node#n our hierarchy reducingcrossingof
edgesin the original graphconnectingnodesin different
subgraphsas showvn in Figure 4. The heuristic does
not guaranteen elimination of node-edger edge-edge
crossings,but it reducestheir numberin most cases
and also shortensedgelength betweensubgraphsOur
approachis similar to that of SymeonidisandTollis [28]
who provide a solutionto this problem by minimizing
what they call intergroup crossings.n their approach,
anenegy functionis minimizedto apply a goodrotation
to their circular drawvingsto reducethe numberof cross-
ings. This approachis analogouso Kamada-Kavai [20]
in graphlayout. In contrast,our approachis similar to
GEM [11] andincludesoscillation control.

Let o and ¢ be meta-nodesn a subgraphat level i
of our graph hierarchy Let n, andn; be leavesin our
graphhierarchy We usethe positionsof n, andn in the
coordinateframe in the subgraphat level i to compute
thetorquet. The nodesof ny andn. arenot necessarily
atleveli+ 1 andcanbenestedn severallevels of meta-
nodes,eachwith their own relatve coordinateframes.
For the momentwe assumehe locationof the nodesn,
andnc is known in the coordinateframe of the subgraph
at level i and show later how thesepositions can be
computedef ciently .

The torque computedis physically inspired, but is
not physically realistic. Let the force vector T be a unit
force alongthe edge(ng; ne). Let+ be the radiusvector
from the centreof nodec to the noden.. The function
sg*) returnsthe sign of the normalperpendiculato the
embeddingplane.The torqueexertedby (ng;ne) oncis

given by Equation(3).

®3)

Analogousto that of force-directedgraph drawing
techniquespur solution to the problemis incremental.
The averagevalue of t is computedfor all edgesin
the list of edgescontainedin the meta-edgdgo;c). The
processis repeated,computingan averaget for each
meta-nodén the subgraplcontainingo andc, usingtheir
incident meta-edgesOnce the averaget is computed
for all meta-nodesn the subgraphit is appliedto the
cumulatie rotation of eachmeta-node.

Meta-nodeganoscillatearoundequallygoodorienta-
tions. Our approachto dampeningpscillationsis similar
to thatof GEM [11]. We storethe torquefor eachmeta-
nodeappliedduringthepreviousiterationandcomparet
with the torquecomputedduring the currentiteration. If
the signsof the torquein thetwo iterationsare opposite,
we are oscillating aroundan optimal orientation,and a
dampingfactor is applied. Currently this factoris the
fractionof completedterationsto the N; iterationswhich
will be executedwhereN; is the numberof meta-nodes
in the subgraphat level i.

Computingthe positionsof the ny andn; nodesin the
coordinateframe of the subgraphat level i is relatively
straightforvard if every nodein the graphhierarchyhas
a pointer to the meta-nodewhich containsit. This in-
formationcanbe savedin the decompositiorphasewith
no asymptoticruntime penaltywhenwe constructmeta-
nodes.Eachmeta-edgehasa list of edgesit represents,
so eachny andn. involved in a torquecomputationcan
bedeterminedn constantime. We traversethe hierarchy
up to the subgraphat level i composingtranslationsand
rotationsto determinethe positionsof n, andnc in the
subgraphat level i. If ny or n¢ is ata depthof i+ L, this
traversaltakes O(L) time. Since eachedgeis involved
in at most one torque computationand N; iterationsof
torque are executed,the overall asymptoticcompleity
of the crossingreductionphaseis O(LN;E).

6) OverlapElimination: In TopoLayout,althoughthe
area-avaretreeandcircular layout algorithmsguarantee
no node-nodeoverlaps, neither area-avare GEM nor
area-avare HDE does.To ensurethat pairs of nodesdo
not overlap in our nal layout, we perform a passto
eliminatetheseoverlaps.

We experimentedwith several algorithmsto reduce
or eliminatenode overlapsin the drawing. In all cases,
we tried overlapreductiontwo ways:separatelyfor each
subgraphof the hierarchy or a single passon the entire
nal drawing after TopoLayouthad executedall other
phasesWe found that the former approachwas best,

t = gsg(f B 1)
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becausea singlepassonthe nal draving causesverlap
betweentopologicalfeatures.

First, we testedthe naive approachof considering
every pair of nodesto determinethe set of overlaps.
If two nodesoverlapped,they were shrunk down in
size until no overlap was presentAlthough this O(N?)
method was slow, it does guaranteea drawing free
of node-nodeoverlapsand produceddrawings of high
visual quality for mary typesof graphs.

We alsoimplementedhe ClusterBusteralgorithm of
Lyonset al. [24], which computeghe Voronoi diagram
of the node set and iteratively pulls the nodestowards
the centroidof eachVoronoicell. For a constaninumber
of iterations, the algorithm runs in O(NlogN) time.
Unfortunately this methoddoesnot guaranteeno node
overlapsin the nal drawing, andtheresultswereusually
of low visual quality.

We obtainedthe bestresultsfrom implementingthe
fast node overlap removal algorithm without Lagrange
multipliers [8], which is discussedn detail in Dwyer et
al'stechnicalreport[9]. In thiswork, two separatgpasses
alongthe x-axis andthe y-axis eliminateall node over-
lapsin the graph. The algorithm constructsa weighted,
directedconstraintgraphalongeachdimensionanduses
guadraticprogrammingto minimize nodedisplacement.
Assumingthat eachnodein the graphoverlapswith a
constantnumberof nodes,the algorithmis O(NIlogN).
This methodguaranteeso overlapsin the nal drawing
and was appliedto every subgraphof the hierarchyto
producethe resultsin SectionV.

The overlap elimination phaseis always executed
on graphs dravn with HDE and area-avare GEM,
sincethesealgorithmsdo not guaranteghe absenceof
overlaps. As the fast overlap removal algorithm only
considersaxis alignednodes,the axis alignedbounding
box of the rotatedmeta-nodds computed.

IV. ALGORITHM COMPLEXITY

The worst-casecompleity of our algorithmis O(N?3)
if notopologicalfeaturesarefoundandarea-avareGEM
is used.However, the algorithmin practiceruns faster
in mostcases.

Figure5 shaws the time complexity of the algorithms
we use in TopoLayout.We report the number of op-
erationsperformedon eachsubgraphof the hierarchy:
N; is the numberof nodesin a subgraphandE; is the
numberof edgesin a subgraphatlevel i. The maximum
degree of a nodein the subgraphat level i is r;. The
valueof d is the dimensionalityof the high-dimensional
spaceof the HDE algorithm, which is fty . The value
of L is the numberof levels we must traverse up the

Algorithm Compleity
Detection
Tree O(N; + E)
BiconnectedComponent O(N; + E;)
ConnectedComponent  O(N; + E)
HDE O(d(N; + E))
Complete 0(1)
Cluster o(riE)
Initial Layout
Bubble Tree O(N;logN;)
Walker Tree O(Ny)
Area-Aware Circular O(N;)
Area-Avare GEM O(N3)
Area-Avare HDE O(d(N;logN; + E))
Re nement
CrossingReduction O(LNE)
Overlap Elimination O(N;logN;)

Fig.5. Time compleity of TopoLayoutframevork componentsfor
eachhierarchicallevel.

hierarchyto computethe level i positionsof n, and ne
when computingtorques.

V. EMPIRICAL EVALUATION

We implementedhe TopoLayoutframework on top of
the Tulip [3] graphvisualizationsystemand have tested
it againstother multi-level algorithmson datasetsvith a
rangeof connectvities and sizes.All benchmarksvere
run on a 3.0GHz PentiumIV with 3.0GB of memory
running SUSELinux with a 2.6.5-7.151kernel.

Four multi-level algorithmswere testedagainstTopo-
Layout. The code for GRIP, ACE', and HDE* was
available online and was incorporatedinto the Tulip
framavork. StelanHachulkindly suppliedthe FM2 code,
which wasalsoincorporatednto Tulip for testing.Harel
and Koren's multi-level approach[19] was not tested.
The sourcecode for this implementationwas unavail-
able. As our obsened running times and visual quality
resultswerevery similar to thosein HachulandJiingers
empirical study[17], one canrefer to their resultsfor a
comparison.

We allowed TopoLayoutto colourtopologicalfeatures
in thegraph,usingtheschemeale nedin Sectionlll-A.1.
Sincethe other graphdrawing algorithmsdo not detect
topologicalfeaturesautomaticallythe comparisornis fair
and demonstrateanotheradvantageof our approach.

Our experimentwasdividedinto two phasesSynthetic
Data primarily consistedof benchmarkdatasetstaken

www.cs.arizona.edu/kobourov/GRIP
research.att.com/"yehuda/programs/ace.zip
research.att.com/"yehuda/programs/embedder

+

+ .zip
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from the graph drawing literature. These preliminary
tests provided a baselinefor the comparisonof multi-
level algorithms.Real World Data mostly consistedof
datasetsdeemedreal world in previous empirical eval-
uations.We addedtwo additionaldatasetswvhich came
from real world datasources.

A. SyntheticData

All but one of the syntheticgraphswe study came
from the Hachul and Jinger empirical evaluation [17]
of multi-level algorithms.Crack is a standardgraph
drawing datasetpart of the Walshav Graph Partition
ArchiveS. It was cateyorized as a real world graphin
their study The 6-ary , Snowflake , Spider , and
Flower datasetsare eachof the medium sized chal-
lengingarti cial graphsof their study The 6-ary tree
datasets simply a 6-arytreeof depth ve.Snowflake
is a tree of very high variancein degree.Spider has
a subsef nodesS which consistsof 25% of the nodes
in the graph.The elementsof S are eachconnectedo
twelve unique membersof S. The remainingnodesare
rootedat a singlenodealongeight pathsof equallength.
Flower hasarelatively high edgedensity It consistof
joining six circular chainsof the graphKsg, a complete
graphof thirty nodesata singleinstanceof K3p. Thelast
graphwe test,bi _walsh , did not appearin the study
It is thirteendatasetgrom the Walshav GraphPartition
Archive connectedby twelve single edgesinto one
componentThe purposeof this datasets to demonstrate
that our HDE detectionalgorithm works well and that
other multi-level algorithms,including HDE and ACE,
have dif culty drawing this dataset.The resultsof this
part of the empirical evaluationare shavn in Figure 6.

B. RealWbrld Data

In addition to syntheticdata, we use data that was
consideredealworld in otherempiricalevaluationsThe
rst three datasetsare challenging real world graphs
in Hachul and Jingers empirical evaluation[17]. The
ug 380 anddg 1087 graphsarefrom the AT&T Graph
Library". TheAdd32 datasets from the Walshav Graph
Partition Archive. The graph is representatie of the
underlying hardware structureof a thirty-two bit adder
In additionto thesedatasetsye addedtwo more. UBC
is the hyperlink structureof the departmenbf computer
scienceat the University of British Columbias web site
acquiredusingadepth- rst searchcut off atabout40,000
nodes.IMDB 1999 is a subsetof the Internet Movie

§staffweb.cms.gre.ac.ukFc.waIshaw/partition
Twww.graphdrawing.org

Databask It shows all actorsin movies and television
showvsreleasedn 1999who arethreeor fewer hopsfrom
Jale Gyllenhaalin the mavie OctoberSky. We selectthis
actor becausehe has a relatively low branchingfactor
in that year The resultsof this part of the empirical
evaluationare shavn in Figure 7.

VI.

Sincemost of the datafor thesetestscamefrom the
Hachul and Jinger empirical evaluation [17], we are
ableto comparethe resultsof this evaluationwith their

ndings. For the most part, we have reproducedtheir
results.For someof the imagesproducedby GRIP in
the study of Hachul and Jinger it seemsthat a three
dimensionallayout had beenselectedIn this empirical
evaluationwe useonly two-dimensionalayouts.We will
highlight where this makes a major differencebetween
the results of the two studies when we discussthe
drawings of eachof the datasets.

In generalthreeof the drawing algorithmsperformed
well on all of the datasetsGRIP, FM3, and TopoLayoui.
The ACE and HDE algorithmsdid not performwell on
ary of the datasetsn this evaluationwith the exception
of Crack . ACE and HDE appearto only work well on
graphswhich are mesh-lile in structure.As a result of
this nding, we focusour attentionon GRIP FM?, and
TopoLayoutfor the remaindetrof this discussiorandwill
only show the resultsfor thesethree algorithmson the
real world data.

DiscuUsSsION

A. SyntheticData

In summary TopoLayoutwas consistentlyfasterthan
FM? on this dataand had similar running timesto that
of GRIP The only two exceptionsare Spider graphs
andFlower graphswhereTopoLayoutwasontheorder
of a couple of minuteswhile FM2 and GRIP were on
the order of secondsThis time delaywasdueto GEM
andthe clusterdetectionalgorithm, the slowest partsof
TopoLayout.TopoLayoutproduceddrawings of equalor
improved visual quality on all datasetsn thesetests.

1) Crack : All threealgorithmsproduceddrawnings
of similar visual quality for this meshdatasetThis result
differs from the Hachuland Jungerempirical evaluation
in that GRIP doesnot have ary folds in the layout.

2) 6-ary : On this 6-ary tree of depth ve, Topo-
Layout producedthe draving which clari ed the most
high-level andlow-level structure followed by FM3, and
GRIR In the TopoLayoutdrawving, we canseeboth high-
level and low-level structurein the tree as the tree is

kwww.imdb.com
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ACE HDE | GRIP FMm3 | TopoLayout |

Crack 0.35 2.43 21.99 3.35
N=10,240
E=30,380

0.72 0.08 1.02 0.97

Snowflake M 0.09 2.16 17.46 1.02

N=9,701
E=9,700

2.96
Flower 0.15 4.40 11.37
N=9,030
E=131,241

EL\ “Ta

bi _waish 46.83 0.79 (3] 134.28 25.73
N=77,25

E=183,945 O

Fig. 6. Layoutsof several datasetsising ACE, HDE, GRIP, FM3, and TopoLayoutfor the syntheticdatadescribedin SectionV-A. For
all rows, blank squaresndicate no drawing produced.Datasetname,numberof nodes,and numberof edgesappearin the top left hand
cornerof the leftmost column. Timesin secondspr reasongor no draving, appearin the upperright cornerof eachentry (T) indicates
no drawing producedafter a timeoutof four hoursof programexecution.(E) indicatesno drawing produceddueto an execution-timeerror.
Insetsshav roughly the samesetof nodes.

detectedand drawvn using bubble tree. For FM3, the level structureis obscuredoy mary node-nodeoverlaps
high-level structureof the treeis apparentput the low- and edgecrossings.With GRIP, part of the high-level
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GRIP FM3 TopoLayout

ug 380 0.22 212 10.23
N=1,104
E=3,231

dg-1087 3.29 17.48 0.78
N=7,602
E=7,601

Add32 0.91 11.99 14.02
N=4,960
E=9,462

UBC (B) 84.56 220.79

N=40.011
E=191,659

IMDB 1999 0.78 2.64 75.62
N=1,181
E=31,527

Fig. 7. Layoutsof several datasetausing GRIP, FM3, and TopoLayoutfor the real world datadescribedin SectionV-B. For all rows,
blank squaresindicate no draving produced.Datasetname,numberof nodes,and numberof edgesappearin the top left hand cornerof
the leftmost column. Timesin secondspr reasondor no draving, appeatrin the upperright cornerof eachentry (E) indicatesno draving
produceddueto an execution-timeerror. Insetsshav roughly the sameset of nodes.

structureis obscuredecause few of themainbranches dueto mary node-nodeoverlaps.
of the tree overlap. Low-level structureis not apparent
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3) Snowflake : The Snowv ak e graphis a tree. It
has a high-level deeptree structurewith a low level
core of mary single nodesconnectedto the tree root.
TopoLayout detectsthis tree and usesbubble tree to
drav it without node-nodeor node-edgeoverlaps. It
also shaws the core with a clearly visible fan-out of
the single nodesconnectedo the root on the lower left
of the drawing. FM3 was also able to drav the high-
level structureandlow-level structurein thetreeto some
degree.However, it is very dif cult to understanchow
the single nodesclumpedaroundthe root are connected
andit is very hardto seethis featureatahigh level. GRIP
wasableto draw only partof the high-level structureand
partof thelow-level structurearoundthe root of thetree.
There are mary overlaps,making the drawing dif cult
to understand.

4) Spider : All three algorithmsdrew this dataset
with a similar level of visual quality. The high-level
structuresof the well-connectedhead and the eight
long pathsor legs are visible in all three drawings. In
TopolLayout,at a high level, it is hardto seethe legs
asthey have beendetectedastwo deeptrees.The low-
level structuresin this graphare dravn with a similar
level of visualquality. Thedrawing producedoy GRIP of
this datasetliffersfrom the Hachuland Jungerempirical
evaluationin that the legs do not cross.

5) Flower : TopoLayoutand FM?3 are ableto draw
most of the high-level and low-level structuresin this
datasetwhile GRIP is only able to draw partsof both.
TopoLayoutdraws eachof the K3g cliqueswith circular
layout, for a visual indication that the graphsare com-
plete. Using HDE, TopoLayoutdravs eachof the six
symmetricloops. The Kzg at the centreof the drawing,
when removed, separateghe graphinto six connected
componentsThus, the highestlevel structureis a set
of six biconnectedcomponentdravn with the bubble
tree drawing algorithm. This datasetgives promise for
a feature-basedpproachwhere several different algo-
rithms canbeintegratedsmoothlyinto onedrawing. FM3
doeswell on the high-level structureof Flower , but
two of the loops cross.In termsof low-level structure,
it is dif cult to tell if the K3g subgraphsare actually
completeastherearemary nodeoverlapsin thedrawing.
GRIP is unableto drav ve of the loops of the high-
level structure As with the FM3 drawing, it is alsovery
dif cult to tell if the K3g subgraphsare complete.

6) bi _walsh : TopoLayoutand FM? draw the high-
level biconnectedstructureof this datasetvell. TopoLay-
out detectsthe high-level biconnectedstructurepresent
in this graphanddraws it usingbubbletree.It usesHDE
to draw eachof thethirteenmesh-like datasetpresenin
thegraph.FM? is ableto draw the high-level biconnected
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structurewell. However, it is dif cult to seethe mesh-
like graphsin eachof the individual componentsGRIP
was unableto producea drawing for this datasedueto
aninternalerror

B. RealWbrld Data

On the real world datasetsthe TopoLayoutrunning
times were usually of a similar order of magnitude
as FM3. The only exceptionwas IMDB 1999 where
TopoLayouttook just over a minute and FM3 took two
secondsGRIP wasfasterthanall algorithms,but it fre-
guently yielded resultsof lower visual quality. Overall,
TopoLayouteitherimprovedor hadsimilar visual quality
resultson all of the graphsin the evaluation.

1) ug_380: This datasetcontainsa single node of
very high degreewith someinterestingtopologicalstruc-
ture at somegraphtheoreticdistancefrom this central
node. The high-level structurecould be improvedin all
threedrawings. However, TopoLayoutis ableto provide
aninterestinginsightinto the high-level structureof this
datasetat the central core. It is able to segment out
the high degree node at the centreof the drawving and
suggestghat the topology of the centralcoreis actually
two componentsatherthanone.TopoLayoutis alsoable
to drav someof the low-level structurepresentin the
datasetThe FM? drawing is unableto segmentout the
core into thesetwo componentslt is very dif cult to
determinewhich nodeis the high degree nodein the
drawing. The topology of the core is unclear as the
majority of the nodesandedgesare placedat the centre
of thedrawing. It is alsovery hardto make out the low-
level structurewhich existsin the graph,but the drawing
is more uniform andcompact.The drawving producedoy
GRIP is of similar visual quality to that of FM2.

2) dg_1087: Thisdatasets topologicallyatreewith
a very high degreenodeat the root. TopoLayoutdetects
this tree and draws it with bubble tree, producing a
drawing free of node-edgeand node-nodeoverlaps. It
is very dif cult to tell in the FM3 drawing if this graph
is indeeda tree.Many of the nodesareclumpedinto the
centralareaof the drawing andit is dif cult to seehow
they interconnect.Thus, the high-level structureof the
treeis dravn well whereasthe algorithm hasdif culty
clarifying the low-level structurein the dataset.FM?3
does,however, have the advantageof a more compact
drawing. GRIP is able to draw someof the high-level
structure but muchof it is hiddenby mary overlaps.It
is very hardto seethe low-level structureof this dataset
using GRIP.

3) Add32: In this TopolLayout dranving we see
promisein our feature-basedapproachon real world
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data.Thehigh-level biconnectedstructureof the adderis

clearly visible in tan andis dravn with bubbletree.The

low-level structureof the adderis integrated smoothly
into the drawing using tree drawing and force-directed
algorithmslocally. Thus,we are ableto seemostof the
low-level structureandhigh-level structurein thedataset.
The FM3 drawing doesreveal some of the high-level

structurein the dataset,but someof it is obscuredby

edgeandnodeocclusion.lt is quite dif cult to seelow-

level structurein the dataset.With the GRIP drawing,

someof the high-level tree structureis visible, but it is

lessapparent.

4) UBC TopoLayoutis able to drav the high-level
tree structure of this dataset.This tree structure is
expected as the datasetwas acquired using breadth-
rst search.In addition to the high-level structure,the
algorithm is able to visualize some of the low-level
structurein the more strongly connectedeft part of the
drawing. FM3 is also able to draw the high-level tree
structurein the datasetput it hasdif culty drawing the
low-level structurepresenin the upperleft corner GRIP
was unableto producea drawing of this datasetdueto
aninternalerror

5) IMDB 1999: This IMDB subsetis a very hard
datasetto drav becauseof its high connectvity. All
three algorithms have dif culty in revealing the high-
level structurein the dataset.TopoLayoutis able to
reveal someof the high-level structure but muchof it is
obscuredvy large swathesof edgeslt is, however, able
to sggmentout and draw the completecliquesof actors
in this datasetThesecliguescorrespondo maovies: ary
actorin a movie actswith all otheractorsin that movie.
The strengthmetric was able to clearly segmentthese
movies out and TopoLayoutwasableto drav themwith
circular layout. In the FM3 and GRIP drawings of this
datasetit is hardto seeeitherthe high-level or low-level
structurein the drawing asmary of thenodesandedges
are placedin the samearea.

VIl. FUTURE WORK

One obvious way to improve our resultsis to have
fasterdetectionand drawing algorithmswhich produce
resultsof higheror equalvisual quality. Figure5 shavs
that strength decompositionis the slowest detection
algorithm and GEM s the slowest drawving algorithm.
These compleity results are re ected in the running
times of TopoLayouton Spider andFlower in Sec-
tion V-A. To improve Spider , we would implementan
area-avare versionof the FM2 algorithm. The adaption
of Fruchtermanand Reingold used by the algorithm
should be straightforvard, but making the multi-level
solar systemhierarchyarea-avare would be non-trivial.
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To improve Flower , we could use faster clustering
algorithmsor improve the running time of the strength
metric. Consideringthesetwo algorithmsexecutewhen
no featuresare found, we should also investigatenewn
typesof featuresthat canbe foundin graphs.

We will continueto improve upon our detectional-
gorithm for HDE componentsand possiblyintroducea
detectionalgorithmfor ACE. Our HDE detectoris very
goodat nding mesh-like graphswith atwo dimensional
structure put not oneswith a threedimensionaktructure
or a small numberof nodes.We note that TopoLayout
does not perform well on three of the challenging
real world datasetsn the Hachul and Jinger empiri-
cal evaluation[17]: bcsstk33 , bcsstk31  _con, and
bcsstk32 . Thestructureof thesedatasetss very mesh-
like and either ACE or HDE seemsto performwell on
at leasttwo them. Thus, discosering more ef cient and
accurateACE and HDE detectorswvould be bene cial.

It would also be fruitful to adaptone of the recent
approachedo interactive exploration [1], [14], [29] to
work with the TopoLayoutframework. We believe that
this work would help clarify the multi-level structureof
featurebasedhierarchiesgspeciallywhenthe amountof
edgeocclusionis high.

VIII. CONCLUSION

We have presentedTopolLayout,a multi-level algo-
rithm for drawing large graphs.The approachof Topo-
Layoutis feature-basedt detectdopologicalfeaturesn
the graphand can determinewhen the HDE algorithm
is an appropriatealgorithm for layout. The experimen-
tal resultscomparing TopoLayoutto four other multi-
level approacheshow thata feature-basedpproacthas
promisein drawing low-level andhigh-level structurein
large graphs.
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