IEEE TRANSACTIONS ON VISUALIZATION AND COMPUTER GRAPHICS 1

Tugging Graphs Faster: Ef ciently Modifying
Path-Preserving Hierarchies for Browsing Paths

Daniel Archambault Member, IEEE, Tamara Munzner Member, IEEE, and David Auber

Abstract —Many graph visualization systems use graph hierarchies to organize a large input graph into logical components. These
approaches detect features globally in the data and place these features inside levels of a hierarchy. However, this feature detection is
a global process and does not consider nodes of the graph near a feature of interest.

TugGraph is a system for exploring paths and proximity around nodes and subgraphs in a graph. The approach modi es a pre-e xisting
hierarchy in order to see how a node or subgraph of interest extends out into the larger graph. It is guaranteed to create path-preserving
hierarchies, so that the abstraction shown is meaningful with respect to the underlying structure of the graph. The system works well
on graphs of hundreds of thousands of nodes and millions of edges. TugGraph is able to present views of this proximal information in
the context of the entire graph in seconds, and does not require a layout of the full graph as input.

Index Terms —Graph Visualization, Proximity, Graph Hierarchies
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1 INTRODUCTION this hierarchy which contain a subgraph. In our networking
example, metanodes are nodes representing the subnetworks
) : . Shd networks. Théeavesin the hierarchy are the nodes of the
archle_s searc_h for subgraphs globally in the input graph fput graph. In our computer networking example, these are
? btasslfor_ hllefrar(t:hy COSSU;CUO?' Tthese bapprgachg;]:e%e servers. TugGraph creates metanodes that containrgleme
or topological features [2], [5] or features based on of the underlying graph that are directly connected to the

data [23], [6] associated with the nodes and edges. The gr"’élam)graph or node of interest by an edge. We will call these
hierarchy is recursively constructed by globally seargHior subgraphgroximal components ’

subgr_aphs tting the desired criteria and is thus suited for Interactive systems use hierarchy cuts to present meaningf

Whstractions of the input graph. Aierarchy cut de nes
structure of the Internet®r How do servers known to be .nwhich metanodes and leaves will be shown in the drawing
uetu W v W Mot the graph. In the graph drawing literature, a hierarchy

? : R
France connect to the Internet: ut is frequently called an antichai@ut nodes are nodes

However, these approaches do not have provisions r[c?l%\t appear on the hierarchy cut. These nodes are drawn

browsing parts of the graph topologically near a node or IV in the abstract Vi Nod b the hi h
subgraph. As an analogy, consider a library. Global appresc oebaquey N e apsirac: VIew. Nodes anove the hierarchy

Id be able to nd all book ) tonic by k q3ut are transparent and display the structure of the hieyarc
would be able 1o nd all books oh a given fopic Dy Keywor sing containment while nodes below the hierarchy cut are
search, but frequently there are relevant books which

) . ! Yfdden from view. By manipulating the hierarchy cut, users
discovered by browsing the shelf near books on the topic. éﬁn control which parts of the graph are abstracted away.
our computer networking scenario, this activity corresgmon

b . q q b is th In TugGraph, we tug out nodes adjacent to a selection, as
to rowsing nodes near a node or su graw_‘hat IS e ghown in Fig. 1(a) and place their connected components into
topological structure near servers known to be in Frante®

metanodes as shown in Fig. 1(b).
term this notionproximity in this paper, and in TugGraph, wn in Fig. 1(b)

. . . - Usually, the subgraph of interest is small compared to the
we exploit graph hierarchies to browse proximity to a node U6 of the entire graph. In our networking example, the
subgraph of interest.

. ) _ . network at UBC is contained in a small number of metanodes
A graph hierarchy or hierarchy is de ned as a recursive

. , . compared to the rest of the Internet. Drawing the large
grouping placed on the nodes in the input graph. For examplfatanodes is dif cult as they contain hundreds of thousarids

in a computer networking scenario where nodes are SeVRios and edges. Many coarsening techniques exist to handle
and ec_iges are connectlons_between servers a hierarchy woiid .o [2], [6], but these techniques do not considereiésn
recursively group servers into subnetwc_)rks,_ networks, apdar 4 node in the hierarchy. Our metaphor is to tug out nodes
nally the Internet. Metanodes are the interior nodes Of 5giacent to UBC from the larger Internet components, and the

. . : _process can be repeated to summarize paths. The challenge is
Daniel Archambault is with INRIA Bordeaux Sud-Ouest (email h fci . f thi . hat if
daniel.archambault@inria.fr). the e Cl.ent pomputa_tlon of this summary In away that | a
Tamara Munzner is with the University of British Columbiam@l: path exists in the hierarchy cut, the path exists in the input

tmm@cs.ubc.ca). . _ _ graph. Not all graph hierarchies guarantee this propeng, a
David Auber is with the University of Bordeaux | (email: au@dabri.fr).
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Many systems engineered to explore and create graph h

scenario, one could askVhat is the high-level, topological
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The TugGraph system, originally presentedBEE Paci-
cVis [7], introduced the TugGraph technique, and algorithms
implementing the technique, for exploring a region of the
graph located near a feature. In this article, we present
TugGraph as described in the conference proceedings and
extend the work in two ways. First of all, we present an
improved algorithm and system implementation that spepds u
the TugGraph approach by modifying, rather than completely (a) TugGraph Selection (b) Output
deleting and reconstructing, the hierarchy each time a no

e . "
or metanode is tugged. Secondly, we re-evaluate the syst'g‘%' 1. TugGraph selection and decomposition. Struc-

on the same three data sets, plus an additional data sett_uf8 within normally-opaque cut nodes shown with dotted

show how these algorithm modi cations improve the exeomtio“n?ﬁ‘ (r?_) Seler::ti(l)n of the I:}Qh; blue r;rebtanodteh [zrr]opagatest
speed of TugGraph. The new algorithm performs two to folp the hierarchy leaves, which are all benea € curren

times faster than the previous approach on the same machjhe: (b) The hierarchy is modi ed by tuggingout adjacent

eaves, bringing them to the top level, and placing their
connected components into metanodes.

2 PATH-PRESERVING HIERARCHIES

A path-preserving hierarchy! [6], shown in Fig. 2, is a spe-
ci ¢ type of graph hierarchy that must respect two propeitie
1) Edge Conservation: An edge exists between two
metanodesn andmy, if and only if there exists an edge
between two leavels andl, such that; is a descendant

of m andl, is a descendant afy. (a) Edge Conservation (b) Connectivity Conservation

2) Connectivity Conservation: Any subgraph contained _. . L .
) y y grap Fig. 2. Edge conservation and connectivity conservation

inside a metanode must be connected. . O
) i ) are required to preserve paths in hierarchy cuts. (a) Edge
Hierarchies that ensure both of these properties guaran{@® carvation ensures that edges exist between metan-
that paths in the hierarchy cut also exist in the underlyingy o of hierarchy cut if and only if there exists one
input graph. Edge conservation guarantees that all edges,i,qre edges between descendants of the metanodes.
the hierarchy cut are witnessed by at least one edge in 8¢ connectivity conservation ensures that paths exist

input graph as shown in_ Fig. 2(a)._Connec_ti\_/ity conservatithough metanodes. If the red dashed edge did not exist,
guarantees that there exists a path in the original graplitr .« \wvould not be a path from the bold metaedge on the

the metanode on the hierarchy cut as shown in Fig. 2(b). Bqgh; through to the bold metaedge on the right.
edge and connectivity conservation are required in order to

visualize paths and proximity information.
If hierarchies do not respect the path-preserving proeprertito nodes in a larger graph in Section 3.2 and highlighting

paths that exist in the underlying graph may not appear in th&niques for subgraphs in the context of a large graph in
view provided by the graph hierarchy. Also, paths that do n@,(on 3 3.

exist in the underlying graph may appear to exist in the graph
hierarchy view. A complete presentation of these propgrtie
is presented in GrouseFlocks [6], but we present an examplé Graph Hierarchy Exploration

here. Fig. 3 shows a cycle a_t the top Ie\_/gl of the h'e“'.’“c']%- interactive approaches to hierarchy exploration, théren
If the red edge does not exist, connectivity conservation is

. . raph is not shown at once. These systems present abstsactio
not respected. As a result, this top level cycle illustrabgd grap y P

: L . f the input graph which can be interactively modied to
the graph hierarchy does not really exist in the input graph. . :
Similarly, if edge conservation is not respected, we areitens iSplay metanodes and leaves. In this section, we present
if edges between metanode in the hierarchy actually exist. éystems which use this technique to explore large graphs.
enforcing these constraints, TugGraph ensures pathsdimten . )
out from the node or subgraph of interest exist in the grapl3:1-1 EXisting Layout Required
These systems exploit properties of a precomputed layout to

3  PREVIOUS AND RELATED WORK illustrate graph and hierarchy structure in a single dragwin
Various techniques exist including: visualizing the graptd

As TugGraph uses GrouseFlocks [6] and graph hierarchies i, viated hierarchy extruded into the third dimensior, [13
explore proximity to a node or subgraph, we present previoys, i tocal sheye approaches where metanodes are expgande
work on graph hierarchy exploration in Section 3.1. We alsg,j \jewed in the context of the entire graph [25], topolajic
present some techniques for extracting subgraphs proxm‘gHeyeS where abstract versions of the graph are presented

1. In the GrouseFlocks paper, the term used was topologicadly pfar away from a focus centre [17], linking the graph hierar-

serving hierarchy. Subsequently, we found path-presgriirarchy Chy to a separate treemap view [1], interactively visuagzi
a better term for this concept. hierarchies of small world clusterings [27], and visuaiiaa

130
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(@) (b)

Fig. 3. The importance of edge and connectivity conser-
vation in understanding paths when using a graph hier-
archy. A more complete version is presented in Grouse-
Flocks [6]. (a) Top level of graph hierarchy consisting of
three metanodes with a cycle. (b) Underlying graph and
graph hierarchy. If the red edge does not exist, there
appears to be a cycle at the top level of the hierarchy
when no such cycle exists in the underlying graph. If
edge conservation is not respected, we are unsure if
metaedges on the cut really exist. If connectivity conser-
vation is not respected, as in this example, we are unsure
if paths in the underlying graph actually exist.

directed towards exploring the global structure of the brap
and the topological or attribute features present in it.

The DA-TU system [14] of Huang and Eades is a force-
directed approach which biases the hierarchy cut towasds it
hierarchy structure; Auber and Jourdan [9] support intérac
hierarchy editing; and the Clovis system [23] supportsrante
tive clustering of an input graph based on querying thetatte
values associated with the nodes and edges of the graph.
GrouseFlocks [6], the system on which TugGraph is based,
allows for the interactive exploration and creation of drap
hierarchies based on attribute data. The system uses Reform
Below-Cut operations which divide based on attribute data
associated with each node. GrouseFlocks resorts to cargsen
with global topological feature detection and edge cotivac
when the hierarchy cut is too large to be explored interaftiv

However, none of these systems have been adapted to
browse proximity in the original graph beyond manual se-
lection. In TugGraph, we develop a system that modi es an
existing hierarchy to better illustrate proximity infortian in
the underlying graph.

3.2 Other Notions of Proximity
Many other works, primarily in the data mining literature,

of complex software in three dimensions using level of detdPCUS On good formalisms for proximity to elements of a

techniques [10].

All of these techniques use a static layout that is co
puted once up front, and a static hierarchy computed usifl
the position of the vertices in the drawing. Exploiting thi§

graph [15], [16], [18], [19]. These approaches provide algo

phithms to nd the nodes which exist between or around a node

subgraph of interest in a large graph. The smaller sulbgrap
n be extracted and drawn for the purposes of visualization
However, the context of how this subgraph connects with

static layout has the advantage of quick and uid interattio .
However, computing this layout for a large graph can ghe rest of the network is lost and the work does not focus
computationally expensive. Also, elements near to eactroth® mteraqtlv_e tec_hnlques. Although we use a simpler r_lotlon
in a graph theoretic sense, may be quite distant in the pfg_prommlty in this work, direct adjacency, these techr@qu

computed layout, as a full drawing cannot always map graﬁgyld be adapted to allow TugGraph to display these forms_ of
theoretic and Euclidean distance well. TugGraph comphies £diacency. TugGraph could be adapted to handle these sotion

layout, like other steerable systems, on the v. SteerabiIiOf adjacency by substituting the adjacency computatiom wit

allows the layout computation to take these focus centres if"® décomposition computed by one of these methods.
account, allowing for a more compact presentation of paths
and proximity. 3.3 Subgraph Highlighting in Graphs
Selection and other techniques that exploit pre-attean-

3.1.2 Steerable Exploration nels such as motion [28] or colour using hover queries [22]
Steerable systems compute the graph layout dynamica#gn be used to highlight parts of a graph including paths. In
during exploration and do not require a pre-existing layougontrast, Boutinet al. [11] support ltering using a graph
Therefore, they can more readily be adapted for explorifgerarchy based on an interactive choice of focus node but
paths where the source and destination nodes are not knéWied at showing a global overview rather than local stmectu
in advance. These techniques are very effective but have two drawbacks.

Steerable systems have been developed to visualize sedréftly, a signi cant portion of the entire of the graph must
engine query results [12] and graph hierarchies formed B¢ drawn before visualization can begin. Secondly, large
detecting topological features [2], [5]. These systems db r@mounts of visual clutter are still a barrier to comprehensi
support hierarchy editing, which allows users to customif the set of nodes in the context of the entire graph and
their graph hierarchies. Steerable hierarchy editingdsired the approaches cannot exploit spatial position to empeasiz

in order to create the proximal components as describeckin fifoximity. However, these techniques may be used to better
introduction. emphasize paths and proximity.

3.1.3 Steerable Hierarchy Editing

Several systems have been developed to edit graph hiezarchiihere exist a number of techniques which modify an existing
using topological or attribute information. These systears layout of the graph to show local connectivity around a node.

3.4 Subgraph Highlighting by Dynamic Layout
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If the user performs a number of these operations in sequencel) Compute the set of nodes in the input graph, or leaf

these techniques can help facilitate the navigation ofath nodes in the hierarchy, that are descendants of the

a graph. source. This set of nodes is tlseurce setdenotedS
The Bring Neighbours Lens [26] is a lens which adjusts the  (Fig. 4(c)).

layout of a graph, bringing nodes directly adjacent to a $ocu 2) Discover the set of leaf nodes of graph-theoretic distanc

node spatially close. Although the technique was not design one from the source set that are not elements of the

for path navigation, it does allow for the visualization afdes source set themselves. This set is gm®ximal set

nearby a graph element. Bring & Go [21] is an interactive denotedP (Fig. 4(d)).

technique following a particular path in a graph. When a node3) Determine the set of cut metanodes that contain elements

in the graph is selected, the layout is adjusted so that the of the proximal set. This set is thgroximal cut set

nodes directly adjacent to the focus node are brought ireclos  denotedC (Fig. 4(e)).

to it. Subsequently, an adjacent node can be selected and th¥) For each elemenh of the proximal cut set, place

view is smoothly animated with zoom-in and out for context. nodes of the proximal set inside their own metanodes
McGuf n and Jurisica [20] present several subgraph sebecti respecting the constraints of a path-preserving hierarchy
techniques. Theispread neighboursechnique interactively directly belown (Fig. 4(f) and 4(g)).

modi es the layout by placing nodes at increasing distance5) Reconstruct the hierarchy for all other leaf nodes that
from a focus node on concentric rings around it. This selec- are descendants of metanodes of the proximal cut set
tion technique is probably the closest of the above-desdrib but not elements of the proximal set (Fig. 4(h)).

methods to TugGraph. Fig. 4(h) shows the result of the ve steps on a metanode
All three of these techniques have the advantage that #lected on the graph hierarchy. When describing each step,
full layout of the graph is computed once and upfront. Thughe complexity of each step is presented. The execution
all modi cations to the layout can be computed interactvel of TugGraph produces a modi ed graph hierarchy and cut.
However, the users are required to wait for a full layout @& thElements of the proximal set, all of which were below the
graph to be computed beforehand. Also, as the graph drawiig supplied as input, appear in their containing proximal c
algorithm does not know which paths will be explored at theietanodes and leaves that are moved above the hierarchy cut.
time of the layout, nodes on the path being explored may be
spatially distant, making simpli cation of the graph thates 4.1.1 Computing the Source Set

not participate in the paths more dif cult. Therefore, omeiltl  The source seis the set of nodes of the input graph that are
say that TugGraph makes a trade off where per-interactish cgescendants of the selected node on the hierarchy cut. If the
is more expensive then the above techniques, but we have dBgscted node is a lea§ contains one element: the selected
bene ts of more exibility in graph layout and in abstractin node. IfSis a metanode, as in Fig. 4(a), the algorithm traverses
away of parts of the graph that do not participate in the patfige graph hierarchy top down from the selected metanode to

being explored. discover all leaf descendants as shown in Fig. 4(b). These
leaves are the source sgtoutlined in red in Fig. 4(c).
4 ALGORITHM To compute the source set, the algorithm traverses the

_ ] o ) hierarchy below the selected metanode and extracts the set
In this section, we present the original TugGraph algorifiln  of leaf descendants. Lé¥ls be the set of metanodes below
and then the modi ed algorithm and system improvements th@je selected node. Then, this traversal tgkég + j§ time as

accelerate the execution of the algorithm by a factor of &baskch leaf and metanode is scanned exactly once.
two to four.

In both versions of the algorithm, TugGraph takes a graph1.2 Computing the Proximal Set

and a hierarchy as input. If multiple connected component,ce the source set has been computed, the algorithm com-
exist, each component is stored inside its own metanode@at ftes the proximal set. The proximal set is de ned as the set
root of the hierarchy drawn with component packing. The USgf |eaf nodes of graph-theoretic distance one from the sourc
then clicks on a node in the hierarchy cut to obtain proximityet that are not elements of the source set themselves. It is
information about it. Thisource nodeis a node of the input computed on the input graph. More formally, IE§ be the

graph or a metanode of the hierarchy that is tugged. A t4g of edges adjacent to a verte2 S; the proximal seP is
on this source node selects all adjacent leaf nodes andsplagg ned as follows:

them into metanodes directly below metanodes on the cut. The

hierarchy is modi ed accordingly, ensuring that it is spithth- P= fyj(uV) 2 Eu2 Sv2 Sg 1)
preserving. The cut is then lowered, revealing the compisnen ' '
adjacent to the source node. For each element of the source set, the algorithm scans the

adjacent leaf nodes in the input graph and determines if it

satis es the criteria in Equation (1). The result of this tpaf

the algorithm is shown in Fig. 4(d).

The original TugGraph algorithm, as presentedPati cVis, To compute the proximal set, the algorithm scans the set

is outlined in red in Fig. 4(a). On this input, the algorithmof nodes directly adjacent to all elements of the source set.

operates in ve steps: Leaves that adjacent to an element of the source set but that

4.1 Tugging with Hierarchy Reconstruction
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(a) Selected Cut Node (b) Full Hierarchy Shown (c) Computed Source Set (d) Computed Proximal Set

0.‘.0...0“‘..' .0.“;00;'
(e) Computed Proximal Cut Set (f) Destroy Below Proximal Cut (g) Created Proximal Components (h) Reconstructed Hierarchy

Fig. 4. All steps of the TugGraph algorithm with hierarchy above and graph below. (a) The input to the algorithm with
the node the user has clicked on outlined in red. (b) The same selection is shown, but with the full graph visible to
the leaves. Dashed lines are used for the parts of the graph hierarchy below the hierarchy cut. (c) Elements of the
source set Sare outlined in red. (d) Each element of the proximal set P is outlined in blue. The edges that were used
to create the proximal set are highlighted in blue as well. (e) The proximal cut set C is outlined in yellow. The hierarchy
edges used to compute the proximal cut set are in blue in the hierarchy view. (f) The hierarchy is destroyed below
each proximal cut element. (g) The proximal components are computed. These components are outlined in red in the
gure. (h) The nal hierarchy is presented.

are not elements of the source set themselves are, by dmnitielements of the proximal set is visited twice. LMdp be the
elements of the proximal set. LB be the sum of the degreesmetanodes above the proximal BefThen, this step i©(jPj +
of the source set. This step is th@(Dg). iMpj).

4.1.3 Computing the Proximal Cut Set 4.1.4 Computing the Proximal Components

The algorithm derives the proximal cut €2from the proximal Once the algorithm has determined the proximal cut set and th
set. The proximal cut set is the set of metanodes currentiyoximal set, it will proceed to reconstruct the hierarshie-
present on the hierarchy cut that contain elements of thwv the proximal cut set such that the elements of the prokima
proximal set. This set is computed by traversing the graget are in metanodes that respect the rules of a path-piegerv
hierarchy bottom up from each proximal set element up to théerarchy. These subgraphs are proximal components ag ever
rst cut metanode ancestor. Fig. 4(e) shows how the proximalement is an element of the proximal set, meaning they are
cut set is computed. The proximal cut set links each elemaetditectly connected by an edge to an element of the source set.
of the proximal set to a cut metanode so that they can beFig. 4(e) shows the input to this step of TugGraph. The
placed into components one level below their containing cptoximal set,P, is outlined in blue, while the proximal cut
metanode. This is why a traversal up to the hierarchy cutgst, C, is outlined in yellow. Before proceeding, a copy of
required for each proximal component. the graph hierarchy is created so that it can be reconsttucte
To compute the proximal cut set, the algorithm performstelow the proximal cut nodes in the last phase.
bottom up traversal of the hierarchy above the proximal set.In Fig. 4(f), the hierarchy below every element of the
Whenever the algorithm discovers the cut metanode thaeis fhroximal cut set is destroyed. The resulting hierarchy Wwelo
ancestor of the element of the proximal set, it is stored inaay proximal cut node is always a set of leaves. If the element
hash table. Therefore each metanode in the hierarchy abofehe proximal cut set is a leaf of the graph hierarchy, it
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remains unaffected by this step as there is no hierarchywielo | Step | Complexity |
to destroy. This step is identical to a recursive delete atjmar Computing Source Set O(iMgj + j5)
d ibed in G Flocks [6 Computing Proximal Set O(Ds)
as gescribed In 5rouserioc s [6]. , Computing Proximal Cut Set O(jPj + jMpj)
The algorithm then computes the proximal components agomputing Proximal Components O(jPj)
shown in Fig. 4(g). These components are the set of induced  Original Reconstruction O(jMpj + jEpj + jPj + Dp)
subgraphs by nodes of the proximal set and each induced sub- __New Reconstruction O(jMpj logjMg; + diES))

graph is placed inside its own metanode. An induced subgrqﬁ@. 5. Summary of asymptotic complexity of TugGraph
is de ned by a set of nodes, in this case the node®,0dnd steps. The sets Sis and P are the source and proximal
any edge that links a pair of nodes fh The result is a set gets. The sets Dg and Dp are the sum of the degrees of
of connected subgraphs. If each connected subgraph isdplagg nodes in the S and P sets respectively. The sets Mg
in its own metanode, it respects connectivity conservatibn g Mp consist of the sets of metanodes that exist above
every edge that connects a node in the proximal componenig@ng p to the elements of C. Likewise, Ep is the number
a node not in that proximal componenis replaced by an edge of metaedges. The maximum depth of the hierarchy is d.
between the metanode amd it respects edge conservationMg and EQ are the sets of metanodes and metaedges
Thus, the result is a path-preserving hierarchy as it réspeg, the hierarchy locally involved in a split event. New

both connectivity and edge conservation. Reconstruction is presented later in Section 4.2.
As any xed fraction of nodes in the proximal set can create

a component, at mo€)(jPj) proximal components are created.

] ] implementation.
4.1.5 Reconstructing the Hierarchy

Finally, the algorithm reconstructs the hierarchy thatseed 4.2.1 TugGraph Algorithm Improvements

previously below the elements of the proximal cut sets, @isimnstead of destroying the graph hierarchy and reconshdti
the backup it had created previously. The hierarchy is Coffrits entirety around tugged nodes, we present a new agorit
structed bottom up in a way that ensures a path-preservifgt replaces the three steps presented in Fig. 4(f) thrd(fgh
hierarchy. The removal of a proximal node may disconnectaiyd discussed in Sections 4.1.4 and 4.1.5 to only modify the
metanode of the hierarchy by having its edges be the only liplrts of the graph hierarchy affected by a tug. Fig. 6 shoes th
between two disjoint subgraphs. As a result, the two nevdy diexecution of this algorithm on a simple two level hierarchy.
connected components must be placed in separate components order to modify these hierarchy components, we place
in order to respect connectivity conservation. This openat each metanode containing at least one node of the proximal
is essentially a recursive application of the Reform-Befowt  set into a priority queue with the priority of each node of the
operation of GrouseFlocks, as described in GrouseFlodks [Rierarchy equal to its depth. At each step in the algoritha, t
where the components are divided into sets de ned by thgp element of the priority queue is removed and the subgraph
previous hierarchy. Once complete, TugGraph has modi gdcontains is processed in two ways: disconnected metanode
the hierarchy so that proximal sets can be investigatedabelgne level down are split and adjacent edges to a proximal node
the proximal cut nodes of the hierarchy. The metanodes in thg removed. Thus, once a step of the algorithm is completed
proximal cut set are opened, displaying the results to tee usany metanode below the current level is guaranteed to be
The nal step involves reconstructing the hierarchy abovgonnected.
the proximal set. Let this hierarchy be the seMyf metanodes  Before taking the rst element off the priority queue, all
andEp the set of hierarchy edges above nodes in the proximak nodes of the proximal set and all the edges linking two
set. A proximal node can split a number of metanodes praodes of this set are moved inside metanodes on the hierarchy
portional to its degree. IDp is the sum of the degrees of thecut that contain them. When constructing the proximal cut
proximal nodes, the complexity ©(jMpj + jEpj + jPj+ Dp).  set, the algorithm additionally stores the nodes one level
. below the proximal cut set for nodes in and adjacent to the
4.1.6 Worst Case Complexrfy proximal set. Using this new mapping, we can directly cohnec
Let the graphG = (N;E) consist of two sets: the node S8t roximal set nodes to their corresponding metanodes at this
and the edge se. Assume the depth of the hierarchy is afeye| of the hierarchy. Subsequently, we remove all proxima
mostO(jNj) or that metanodes must contain at least two nodggmponent nodes and their adjacent edges from the lower
In worst case, a tug can taka(jEj) time. This worst case is |eyels of the hierarchy, possibly disconnecting elemetsia
realized when the sum of the degre®s; or Dp, is O(E]), deepest level. Pseudocode for the initialization of thertyi
causing proximal set computation or hierarchy constractid qyeye and its processing is provided in Fig. 7.
be expensive. For deep hierarchies, computing the soutce Sen; this point, the rst node is taken off the priority queue
and reconstructing the hierarchy is expensive ®(Nj). For anqg processed. The parent of the metanode is placed onto
large proximal sets or source sets, computing the resgectiMe priority queue if it is on or below the hierarchy cut as

set dominates but iI®(jNj). edges incident to a proximal set node could be present at any
) S o level. When a metanode is taken off the priority queue, the
4.2 Tugging with Hierarchy Modi cation algorithm starts by removing any edges incident to a node of

We now describe the algorithmic and implementation changés® proximal set because these edges have moved up to the
that improve the execution speed of TugGraph over its aaigirlevel just below the hierarchy cut. Then, the algorithm &sec
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(a) Input to New Algorithm

(b) Delete Edges

(c) Split and Reform Hierarchy

Fig. 6. New steps for hierarchy modi cation. (a) The input is the proximal set as in the previous version of the algorithm.
(b) Proximal components are tugged out and edges are deleted. The grey metanode is now disconnected. (c) Grey
metanode is split in two to preserve connectivity conservation. Edge deletions followed by splits are propagated up

the hierarchy until the cut metanodes are reached.

g f pjp= vparentv2 N;v2 Pg
for all v2 P do

- move eaclv to the graph contained by its cut metanode.

- connect second last metanode anand otherv 2 P.

8v ag[v] false
while g6 0 do
v g.pop ()
if 1ag[v] then
ag[v] true
lterEdges (metagraph (v))
splitMetaNodes (metagraph (v))
if v.parent2C then
g.push @epth (v.parent),v.parent)

Fig. 7. Algorithm to populate g with the elements of P.
The rst part of the algorithm loads q with all metanodes
that are direct parents of leaf nodes that are elements
of P. Let G=(N;E) be the input graph, and let g:N and
0:E be the node and edge sets of graph g respectively.
The second part of the algorithm processes the priority
gueue, removing edges and splitting metanodes below
the element taken off the queue if it has not been pro-
cessed previously. In this pseudocode, metagraphreturns
the graph contained by the passed metanode and depth
returns the depth of the node in the graph hierarchy. The
functions lterEdges and splitMetaNodes are described
with pseudocode in Figs. 9 and 11 respectively.

Fig. 8. Filtering metaedges. Edges in the original graph
that are represented by a metaedge at this level are
scanned. If at least one incident node of an edge is a
part of the proximal set, the nodes highlighted in red,
the edge removed from the list of edges associated with
the metaedge. If a metaedge has an empty list at the
end of this process, it is removed. Solid black metaedges
at this level are kept while dashed black metaedges are
removed. Red dashed edges are adjacent to an element
of the proximal set while red solid edges still subtend a
metaedge at this level.

metaedge has been processed, the metaedge no longer subtend
an input graph edge and therefore is deleted. Otherwise, the
new list of input graph edges is assigned to the metaedge and
stored with it. Pseudocode for this step of the algorithm is
provided in Fig. 9.

This pass of the algorithm could possibly disconnect the
subgraph contained in this metanode. For example, Fig. 8
shows three connected metanodes as input, but the yellow
metanode will be disconnected after the sets of originakedg
have been processed as indicated by the dashed metaedge.

all metanodes below the current metanode to see if they &tewever, in this case, when its parent is processed, the
connected. If any metanode is not connected, it is split intnetanode will be split into several metanodes that are then

several components.

reconnected, as we now describe.

Fig. 6(b) shows how edges incident to elements of the proxi-Fig. 6(c) shows how metanodes in the graph hierarchy one
mal set are removed from the hierarchy, possibly discoimgctlevel below the current metanode are split into two or more

the graph. As each metaedge has a list of edges in the inmétanodes, if they contain several connected components. A
graph it represents, this list is scanned once and any nggaedonnected components test is run to determine if the subgrap
connected to a proximal set node is removed from the list Bsconnected. If the subgraph is not connected, each cagthect
shown in Fig. 8. If the list of input graph edges is empty aftercomponent is assigned its own separate metanode at the
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lterEdges (Graph %) splitMetaNodes (Graph *g)
for all e2f (u;v)j(u;v) 2 g:E; ag[u] or ag[vlg do for all v2fvjv2 g:N; ag [v]g do
OE originalEdgeqe) ov metagraph(v)
NE f (u;v)j(u;v) 2 OE;u2Pv2Pg if lisConnected(gy) then
if NE= 0 then My congompDecomp(gv)
deletge) gN gN My
else for all e incident to v do
setOriginalEdgege; NE) OE originalEdgeqe)
) ) ) ) for all 52 OE do
Fig. 9. Pseudocode to lter input graph edge lists associ- em  ndMy(e)
ated with a metaedge and remove metaedges no longer gE gE feng
subtended by an edge of the input graph. The function setOriginaIEdgeie;OESfeog)
originalEdges returns the set of input graph edges asso- delete (v)

ciated with the metaedge and setOriginalEdgessets this
list of edges. The function deletedeletes an edge fromthe Fig. 11. Pseudocode to split metanodes in the graph
graph. Fig. 8 shows this process graphically. g if they are disconnected and redistribute input graph
edges incident to the split metanode v to newly created
metaedges by the split. In this pseudocode, isConnected
returns true if the passed graph is connected and con-
CompDecompcomputes a connected component decom-
position of the passed graph and places each component
inside its own metanode, returning a set of metanodes
My as a result. The function ndM , traces the two nodes
incident to e, through the hierarchy to this level of the
(a) Before Split (b) After Split hierarchy, returning the metaedge ey that subtends it.

Fig. 10. A split event before and after an element of Fig. 10 shows this process graphically.

the proximal set, the blue node highlighted in red, is
removed. (a) Before the node is removed. The red node
at the top of the diagram is tugged. (b) After the node is
removed. The green metanode is destroyed and a blue
metanode is created after the split. Red edges are edges
in the original graph that must be redistributed among the
two newly created metaedges. This set of edges over all
metanodes affected by the tug in the hierarchy is the ES in
the complexity analysis. For diagram clarity, only relevant
edges and nodes are shown. In this section, we describe two architectural improvera¢nt

the TugGraph system that made a difference in the execution

speed of the algorithm.
current metanode level as shown in Fig. 10. The edge listsin the Tulip graph drawing library [8] used heavily by the
associated with each metaedge connected to the metan®dgGraph system, metanodes are quite frequently rendsred a
being split are scanned to determine to which new metanadansparent entities that allow for all levels of a graphdmiehy
they should be attached. This scan involves tracing thetingo be seen at once. Therefore, when any element of the
edge of the graph up to the current level of the hierarchy. tiferarchy is modi ed, the properties of these elements rieed
the hierarchy has deptth and the set of original graph edgese updated. As TugGraph renders metanodes on the hierarchy
of this type isEJ, then this can cosO(djES]). Pseudocode cut opaquely, we do not need to update the properties of nodes
for this step is provided in Fig. 11. and metanodes below the cut. To increase the ef ciency of our

The worst case complexity of the new hierarchy modi caimplementation, we disabled several linear scans thattepgda

tion scheme iO(jMJjlogjM3j + diESj) whered is the depth these properties. This change led to a signi cant speed up in
of the hierarchy angM3j andjEJj are the sets of metanodeghe algorithm.
and metaedges affected directly by the tug. The additionalSecondly, the contents of widgets in the interface were
factor of O(logjMgj) is incurred because our reconstruction isompletely destroyed and rebuilt in the previous implemen-
no longer global and processes metanodes one at a time. Tai®n. For example, there is a list view, similar to a Window
logarithmic factor is not important as long as the number &xplorer le drop-down view, that displays the contents of
metanodes affected by a tug is smaller than the total numibiee hierarchy. As the algorithm no longer needs to completel
of nodes above the proximal set or more precisely whalestroy the hierarchy below affected metanodes, widgets s
jMZjlogjMgj < jMpj. As an example, the old algorithm wouldas these, can be updated rather than completely recorstruct
perform inO(jMpj + jEpj) time and the new algorithm would In many cases, this implementation change, made possible by
perform in O(jMpjlogjMpj + djEpj) time if every node above the faster algorithm, offers improved performance.

the proximal set needs to be recomputed or whgh= Mp

and likewiseES = Ep. However, the usual case is that the
number of metanodes to examine is much smaller than the
total number of nodes above the proximal set, and in practice
better performance is realized.

4.2.2 TugGraph System Improvements
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5 COLOURING AND NODE SIZES rename proximal component metanodes created during explo-

Many TugGraph operations can be executed on an input grdgkon to have meaningful names. When a TugGraph operation
one after the other and in conjunction with Reform Below Ci¢ €xecuted, the metanode that was tugged to generate the
operations of GrouseFlocks. In order to distinguish migtipimage is outlined in red. Proximal components are always
tugs, the system rotates through the colours: purple, taprq?sgnted in saturated coIour;. We used_ a 3.0QHz Pentium
blue, green, and light blue. Proximal components are a md¥With 3.0GB of memory running SuSE Linux with a 2.6.5-
saturated version of the colour while all other componergs a-151 kernel.

less saturated. Open metanodes are bounded in a background

disk of the same colour. 6.1.1 Airport

We observed on our data that TugGraph tends to produgg prowse how the ight paths between Columbus and
many small components and a few large components whgsnhcouver are interconnected #irport . Fig. 12 shows
operating on a graph. These results may be due to the sm@dl results forAirport  under Grouse, GrouseFlocks, and
world nature of our data sets. The small components are tiggGraph. In Grouse, the decomposition into topological
few nodes adjacent to the node or feature in the hierarctg/. Tlaatures neither takes advantage of the attribute infoomat
large components are the remaining elements of the graph Rgt the proximity information. Fig. 12(a) shows that even
adjacent to the nodg or feature. Due to this disparity inssizehding the airports one hop away is buried very deep in
of components, the jNj size estimate used in Grouse ang hierarchy of topological features. Fig. 12(b) demonstat
GrouseFlocks prevents a compact drawing. Thus, TugGrapt GrouseFlocks is better able to solve this problem. The
can present nodes at a logscale node size. When logscalgyissem decomposes the graph into three components iitiall

used, it is explicitly indicated in the text. Vancouver, Columbus, and other airports. Since there is no
attribute information for node proximity, coarsening idgo
6 RESULTS explore the airports adjacent to both Vancouver and Colembu

In this section, we present the performance of our impl@S Shown in Fig. 12(c). The solution improves on that of
mentations of TugGraph on several data sets. Section &fouse, but the airports one hop away from Vancouver are
presents the original TugGraph results as presented in fill scattered over the hierarchy. .

conference article. Section 6.2 presents the results of thé19- 12(d) and 12(e) present the results using TugGraph.

previous implementation of TugGraph against the improvérd‘e process starts with same initial decompos_ition shown in
algorithm on the same machine. Fig. 12(b). First, the source nodeéancouver is tugged,

extracting the airports one hop away from it. In Fig. 12(d),
. the tuggedvancouver node is outlined in red, and the dark
6.1 Previous TugGraph Performance tan node labelledvan One Hop contains all airports one
TugGraph is implemented using the Tulip graph drawingop from Vancouver. Many small light tan nodes surround
libraries [8] and GrouseFlocks [6]. We compare TugGraph {0 on the periphery: they are airports connected to airports
existing systems on three data sets. one hop from Vancouver, thus there are many components
The Airport  data set is a graph of worldwide airlinetwo hops from VancouveOther Airports  contains most
ights where nodes are airports and there exists an edgg the airports two or more hops from Vancouver. Notice
between two nodes if there exists a non-stop ight betweqRAat Vancouver is only connected td/an One Hop and
the two airports. The data set only has airport name ascalumbus is only connected t&/an One Hop andOther
node attribute, making attribute-based systems lesstiw#ec Ajrports . These connections signify that all paths between
No phySicaI location information is available. The datalsat Vancouver and Columbus must pass through at least one of
1,540 nodes and 16,523 edges. Van One HoporOther Airports . One stop-over ights
The NetO5 data set [4] shows the structure of the Interngixist to Columbus, since botancouver and Columbus
backbone routers as generated in 2005 by Cheswick's Irttergge connected tvan One Hop. However, there is no direct
Mapping Projec Nodes in this graph are servers and an edgght since the two airports are not connected by an edge.
exists if two servers eXChanged paCketS. Each node haSFiré_ 12(8) shows the results of Subsequenﬂy tuggmg on
server name and its IP address as attributes. It has 190,86tk One Hop. The new blue metanod®an Two Hops,
nodes and 228,354 edges. contains airports two hops away from Vancouver because they
The Actors  data set is an IMDB subset centred aroungre adjacent to the set of airports one hop away. The paths are

Sharon Stone only considering movies in the years 1988 highly connected as few connections exist to Columbus
through 2001. In this graph, nodes are actors and theresexigt the bottom of the gure.

an edge between two nodes if those actors acted in a movie
together in those years. Actor name is the only attributehen tg 1 5 Netos
nodes. The data set has 38,997 nodes and 1,948,712 edges."

For each data set, a result is presented using TugGraph _ :
the result or part of the result is highlighted in the remadni of the network inNet05 . After twelve hours of computation,

systems. As TugGraph supports label editing, we manuaﬁ;)fouse had not nished computing a hierarchy of topological
féatures, so we do not show it here. Instead, drawings pestuc

2. www.cheswick.com/ches/map by LGL [3] and SPF [4] are included as these algorithms work

browse the structure around thaet.ubc.ca portions
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(a) Grouse (b) GrouseFlocks Decomposition (c) GrouseFlocks Coarsen

(d) Van One Hop (e) Van Two Hop

Fig. 12. Browsing paths between Vancouver and Columbus: (a) Grouse, (b) initial GrouseFlocks decomposition,
(c) GrouseFlocks coarsening, and (d)-(e) TugGraph. In Grouse, metanodes of the hierarchy are coloured using the
type of topological feature they contain. (b) In GrouseFlocks and TugGraph, Vancouver and Columbus are coloured
in saturated purple while the large component in desaturated purple is the remaining airports. (¢) The coarsened
metanodes are brown, and the ones containing airports one hop from Vancouver are outlined in red. (d) The saturated
tan Van One Hop contains airports one hop from Vancouver. (e) Van One Hop is outlined in red, and Van Two
Hops contains airports two hops from Vancouver. Van Two Hops is in saturated blue.

well on this type of data. We use logscale size nodes on thés the Internet. Again, TugGraph starts from the initial
data set. GrouseFlocks decomposition shown in Fig. 13(c). First,

The results are shown in Fig. 13. Once again, the probldhf UBC metanode is tugged, revealing that the two
is solved using TugGraph, and we use highlighting to sho@ts of the UBC network are still disconnected and
the solution in other approaches. Figs. 13(a) and 13(b) sha@iacent to the two saturated tan leadet2.103.204.2
where the UBC servers are in the data set and highlight tABd ubci9-tx-vantx.bc.net . However, there is
portions that are four hops away. In these gures, all nod&® single  connection. ubci9-tx-vantx.bc.net
and edges of the data set four hops from#heet.ubc.ca is tugged and the result is shown in Fig. 13(f).
servers are highlighted. As the graph has not been simpli &xOwh-bcnet.ve.bigpipeinc.com is the greatest
it is dif cult to see the path in the context of the entire gnap cOmmon ancestor, joining the two disconnected components
The paths between the UBC servers that are far away fr&thUBC toInternet  as no other edges connect Internet to
each other cannot be emphasized without redrawing the ddf& rest of the graph. We continue browsing this connection
With GrouseFlocks, shown in Fig. 13(c), the initial decom Figs. 13(g) through 13(j) by tugging on the nodes named
position segments out the UBC servers into two disconnectédthe captions and outlined in red in each of these gures.
components with the rest of the Internet in between them.

As with the previous data set, when the huggernet 6.1.3 Actors

metanode iS eXpanded it iS too CompleX to draW in fu” aan Actors , we demonstrate that we can generate an

must be coarsened, as shown in Fig. 13(d). The servers f@yerview of Bacon numbers for any movie released between

hops away are all inside the single large metanode outlinedjigog and 2001. The Bacon number of an actor is zero if the

red. The GrouseFlocks solution is more suitable for thik,taszctor is Kevin Bacon and+ 1 if the actor has acted in a

but browsing the connections between UBC and the rest @bvie with an actor of Bacon numbéx In a graph where

the Internet is dif cult. nodes are actors and an edge is a movie both actors have acted,
Figs. 13(e) through 13(j) show how TugGraph caBacon numbers are paths through this graph and the length of

help browse the connections of UBC into the Internet path to get to an actor from Kevin Bacon determines the

to see if there is a single server that connects UBBacon number. If we consider shortest paths, like we do with
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(a) LGL (b) SPF

(c) GrouseFlocks Decom-
position

(f) Tug ubci9

(9) Tug rxOwh (h) Tug c7507 (i) Tug 69.156.254.254 () Tug bellnexia

Fig. 13. Exploration of the Net05 data set using: (a) LGL, (b) SPF, (c) initial GrouseFlocks decomposition, (d)
GrouseFlocks coarsening, and (e)-(j) TugGraph. In the LGL and SPF drawings, UBC servers and those four hops
away are highlighted red. GrouseFlocks shows a good initial decomposition but is unable to go further since the
attribute information on this data set is minimal. TugGraph, however, shows how UBC connects to the Internet.

TugGraph, we are considering the minimum Bacon numbarmovie with at least one other actor with the same Bacon
of the actor. Grouse was unable to generate a hierarchynoimber by connectivity conservation. Actors wiBacon
topological features in over twelve hours of execution tim&lumber 2 also have this property as there are only two
GrouseFlocks could be used for this exploration, but woukhturated blue components. However, the trend stops at a
produce images very similar to the ones already shown. \Bacon number of three as there are many desaturated blue
thus show only a TugGraph result in Fig. 14. For this data sepmponents connected ®acon Number 2. Actors with
logscale node sizes are used. Bacon numbers of one or two tend to act in movies together

. . as there are few connected components.
Fig. 14 shows that two tugs creates an overview of how P

Bacon numbers are organized in this graph. The diagram
shows that all actors witBacon Number 1 have acted in
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the results of the TugGraph algorithm on the slightly slower
machine. In most cases, the new version of the TugGraph
algorithm was two to four times faster than the previous
version.

The largest improvement was seen Wet05 where a
factor of four speed up was obtained. The reason behind
this improvement in performance is the relatively smalkesiz
of the UBC network compared to the rest of the data set.
Additionally, this network is loosely connected, and, t#fere,
has few edges involved in the tug. In this case, relatively fe
metanodes needed to be constructed in the new version of the
algorithm where nearly all of them were reconstructed in the
previous version of the algorithm. The run time improvement
was mostly noted in the Total column. As such, it seems that

Fig. 14. Bacon number trends in Actors . Bacon poth the algorithmic and implementation changes helped for
Number 1 contains all actors with a Bacon number of this test case.
one. The saturated blue node to its I’Ight and Bacon Airport and Actors had similar improvements in per-
Number 2 contain actors with a Bacon number of 2. We  formance, both registering about a factor of two improvemen
see that actors with Bacon numbers of one or two tend to Airport may have seen On|y a factor of two improvement
act with each other as their components are connected. due to its small sizeActors most likely only improved by a
factor of two because of its high connectivity. As the number
o of edges processed increases, the degree and edge terras in th
6.1.4 Timings complexity analysis approaghj, the total number of edges in
This section presents timing numbers for the results sectiothe graph, and dominate. This gives both algorithms a simila
On Airport , to compute the hierarchy of topologicalrunning time performance.
features required by Grouse, the decomposition algoritok t ~ Airport Deep  is a new data set for this set of algorithm
189 seconds. In GrouseFlocks, selection and decompositieat runs. A result of tugging a small top level component
into Columbus and Vancouver took about 1.5 seconds. Coagsshown in Fig. 16. The data set is tiérport  clustered
ening in the next step took 0.64 seconds. As the rst stgpcursively using the strength metric. Recursive stremfgth
of TugGraph is the same as GrouseFlocks, the decompositigmposition has been shown to be helpful for geographers
and selection was about the same. Each tug took about twben analysing the structure of worldwide transportation
seconds to complete. networks [24]. The hierarchy above the proximal components
To draw the Net05 data set LGL and SPF took 12has a depth of twenty.
hours and 30 minutes respectively to draw the entire graph.The small component group of cities at the top level interact
GrouseFlocks took 115 seconds for the initial decompasitigvith a few cities located at depths very close to twenty in the
and 15 seconds to produce the coarsened graph. After seleckiierarchy. Although the test only shows an improvement of
and decomposition into UBC and non-UBC servers, TugGragkp times over the original TugGraph algorithm, notice the
took about 20 seconds to tug out each proximal componéaftger improvement in the execution time of the hierarchy

along the path. decomposition. This improvement is primarily due to the new
TugGraph took about 110 seconds for the initial decompglgorithm that modi es only nodes affected by the tug. How-
sition into Kevin Bacon and the rest of the graphfitors .  ever, it seems that further implementation improvemengs ar

The algorithm took 101 seconds to tug d@eacon Number needed to reduce the overall execution time of the algorithm

1, and 409 seconds faacon Number 2.

7 DISCUSSION

In the three example data sets, the dependence on the sizes

of the source and proximal sets along with the sum of

We ran the three data sets again and measured the performaineie degrees is apparent. The testsNet05 and Actors

of the previous version of TugGraph with the new versiomprovides evidence that increasing average node degresgisaffe

The new performance numbers are presented in Fig. 15. #& running time signi cantly.

the images produced by the new algorithm on the previousTugGraph can be used to explore structure near a feature in

data sets were the same, we do not present these imag®s.graph or the paths between two features. Although in two

In this second set of results, both the old version and tlo¢ the three scenarios the destination was known, we do not

new version of TugGraph were run on a 2.16GHz dual covew knowing the destination as a requirement of the system.

Pentium IV with 2.0GB of memory, running Fedora Core ®ne could envision a use case that consists of iteratively

with a 2.6.26.8-57 kernel. tugging out structure from the larger graph starting frontyon
Our running time numbers were similar to those presentadsource node.

in the Paci cVis article for the original version of TugGraph. Another important observation is that the TugGraph result

Thus, we could say that, for the most part, we reproducedages do not require zoomed-in insets to show details of the

6.2 New TugGraph Performance
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Data set iNj JEj Reconstruction (sec.)| Modi cation (sec.) faster
Hier. Total Hier. Total

Airport 1,540 16,523| << 0.01 1.05| << 0.01 0.53 2.0

Net05 190,384 228,354 7 32 6 8 4.0

Actors 38,997 1,948,712 26 114 17 56 2.0

Airport Deep 1,540 16,523 1 21| << 0.01 13 1.6

Fig. 15. Table containing execution time of the old TugGraph algorithm and the new TugGraph algorithm on the three
data sets used in the Paci cVis article and a new data set. Hier is the time required in order to restructure/recompute
the hierarchies. Total is the total time for the tug from start to nish. The value << 0.01 indicates that the time to
compute this value was less than a hundredth of a second.

Frequently, the edges in a graph have weights. These
weights can be used in conjunction with the topological
structure of the graph to determine proximity. We hope to
extend TugGraph to handle weighted graphs. It may also
be interesting to allow TugGraph to display nodes of the
graph that are multiple hops from a source node in a single
click. However, this functionality needs to be implemenraad
tested to determine if it can be done ef ciently and in a ukefu
way for exploring graphs.

A graph hierarchy is able to help summarize the structure
of a graph, because it groups a large number of nodes together
with a common meaning. A limitation of TugGraph exists
when a tug produces a large number of proximal components
that cannot be easily summarised in a path-preserving way.

Fig. 16. A component in the rstlevel of Airport Deep Situations such as these can result in a visually cluttered
is tugged. The result pulls loosely connected components  yrawing. In future work, we should investigate path-preisey
from near the bottom of the hierarchy to the top. coarsening techniques which can effectively summarise a

large number of proximal components in a simple drawing.
Additionally, more compact representations for a large bem
q?‘] %isconnected components remains future work.

The TugGraph metaphor relies on a sequential series of tugs
to produce a graph hierarchy emanating from a single node
at a single scale. or metanode chosen by the user. TugGraph can tug at a graph

Through algorithm execution time, we see that TugGraph oM multiple nodes or metanodes, but an interesting dogct
suitable for displaying the structure near a small set ofesod©" future work would be to investigate browsing methods
in a larger graph. TugGraph has a running time advantage ot &ré more inherently multi-focus in terms of computadio
computing a hierarchy of topological features or computing®f ¢i€ncy and visual representation. _ _ _
full layout with SPF or LGL. Also, the diagrams it produces Finally, user experimentation and studies with domain
are better suited for exploring connectivity near a featur8XPerts would be essential to validate the usability of the
because elements proximal to the focus node are emphasig&nique. Currently, we are investigating the readabiit
in the layout and less relevant portions of the graph akath-preserving hierarchies when performing certain stask

graph structure. Typically in large graph visualizatiostgyns,
many scales are needed to understand features in the data
global context. Hierarchy-based visualization toolsJuding
TugGraph, are able to represent the sought structure stigcin

abstracted away. which would help validate this work. Direct comparisons of
TugGraph with other techniques which use a pre-existing
8 FUTURE WORK layout may also be bene cial. Also, we hope to work with

In f K beli hat TuaGranh be | d users in the computer networking domain, where this problem
n future work, we believe that TugGraph can be improve I5‘riginally arose, to determine if the technique helps etger
many ways to improve its performance well beyond what

Wetter understand their data.
have seen here Although we have made signi cant advances

towards the goal of interactive performance over the varsio

of the paper presented HEEE Paci cVis, on data se_t sizes CONCLUSION

with millions of nodes and edges, we have not achieved this

goal. We believe that further optimization of the softwanela We have presented an improved algorithm for our interaction
potential algorithmic improvements may make this techaigumetaphor where users can tease out nodes from a large graph
competitive with the algorithms that require a pre-exigtinby tugging on a feature in a path-preserving way, and we have
layout. However, further research and software improvamenested the system on input graphs with hundreds of thousands
are required to con rm this conjecture. of nodes and millions of edges. The new algorithm performs
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two to four times faster than the previous version of Tug@rae0] M. McGufn and I. Jurisica. Interaction techniques feelecting and
published at EEE Paci cVis

ACKNOWLEDGEMENTS

The rst author would like to thank the InfoVis groups at UBC
and INRIA Bordeaux Sud-Ouest as well as the reviewers
his thesis who helped improve this work further. Finally, wi
would like to thank the anonymous reviewers of TVCG for

their comments.

REFERENCES

(1]

[2]

(3]

(4]

(5]

(6]

[7]

(8]

9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

J. Abello, S. G. Kobourov, and R. Yusufov. Visualizingda graphs
with compound- sheye views and treemaps.Hroc. of Graph Drawing
volume 3383 ofLNCS pages 431-441. Springer-Verlag, 2004.

J. Abello, F. van Ham, and N. Krishnan. ASK-GraphView: gkde scale
graph visualization systendEEE Trans. on Visualization and Computer
Graphics (Proc. Vis/InfoVis '06§)12(5):669-676, 2006.

A. T. Adai, S. V. Date, S. Wieland, and E. M. Marcotte. LGCreating
a map of protein function with an algorithm for visualizingry large
biological networks. Journal of Molecular Biology 340(1):179-190,
June 2004.

D. Archambault, T. Munzner, and D. Auber. Smashing pekso
further: Drawing quasi-trees from biconnected component€EEE
Trans. on Visualization and Computer Graphics (Proc. Yif@\Vis 2006)
12(5):813-820, Sept.-Oct. 2006.

D. Archambault, T. Munzner, and D. Auber. Grouse: Feafoased,
steerable graph hierarchy exploration. Pnoc. of Eurographics/IEEE
VGTC Symp. on Visualization (EuroVis '0ages 67-74, 2007.

D. Archambault, T. Munzner, and D. Auber. GrouseFlocBseerable
exploration of graph hierarchy spad&EE Trans. on Visualization and
Computer Graphics14(4):900-913, 2008.

D. Archambault, T. Munzner, and D. Auber. TugGraph: Patéserving
hierarchies for browsing proximity and paths in graphsPmc. of the
2nd IEEE Paci ¢ Visualization Symposiyrpages 113-121, 2009.

D. Auber. Tulip : A huge graph visualization frameworka P. Mutzel
and M. Junger, editorsGraph Drawing Software Mathematics and
Visualization, pages 105-126. Springer-Verlag, 2003.

D. Auber and F. Jourdan. Interactive re nement of malitale network
clusterings. InProc. 9th Int. Conf. on Information Visualisation (IV'05)
pages 703-709, 2005.

M. Balzer and O. Deussen. Level-of-detail visualiaatiof clustered
graph layouts. InProc. of the 6th International Asia-Pacic Symp. on
Visualization (APVIS'07)pages 133-140, February 2007.

F. Boutin, J. Thievre, and M. Hascoét. Focus-basedrihg + clustering
technique for power-law networks with small world phenowen In
Proc. of the Conference on Visualization and Data Analy3306.

E. Di Giacomo, W. Didimo, L. Grilli, and G. Liotta. Graptisualization
techniques for web clustering enginéEEE Trans. on Visualization and
Computer Graphics13(2):294-304, March/April 2007.

P. Eades and Q. Feng. Multilevel visualization of ctuetl graphs. In
Proc. Graph Drawing (GD'96) volume 1190 ofLNCS pages 101-112.
Springer-Verlag, 1996.

P. Eades and M. L. Huang. Navigating clustered graplisguforce-
directed methods. Journal of Graph Algorithms and Applications
4(3):157-181, 2000.

C. Faloutsos, K. S. McCurley, and A. Tomkins. Fast discy of
connection subgraphs. Proc. of the 10th ACM SIGKDD International
Conference on Knowledge Discovery and Data Minipgges 118-127,
2004.

G. Flake, S. Lawrence, and C. L. Giles. Efcient idertation of
web communities. InProc. of the 6th ACM SIGKDD International
Conference on Knowledge Discovery and Data Minipgges 150-160,
2000.

E. Gansner, Y. Koren, and S. North. Topological sheyews for
visualizing large graphslEEE Trans. on Visualization and Computer
Graphics 11(4):457-468, 2005.

D. Gibson, J. M. Kleinberg, and P. Raghavan. Inferrirgbveommunities
from link topology. InProc. of the 9th ACM Conference on Hypertext
and Hypermediapages 225-234, 1998.

Y. Koren, S. North, and C. \olinsky. Measuring and egtilag
proximity in networks. InProc. of SIGKDD International Conference
on Knowledge Discovery and Data Miningages 245-255, 2006.

fh

[25]
[26]
[27]

(28]

manipulating subgraphs in network visualization&EE Transactions
on Visualization and Computer Graphics (Proc. Vis/Info2@99) 2009,
to appear.

T. Moscovich, F. Chevalier, N. Henry, E. Pietriga, andDl Fekete.
Topology-aware navigation in large networks. $GCHI Conference
on Human Factors in Computing Systems (20Q8ges 2319-2328,
2009.

T. Munzner, F. Guimbretiere, and G. Robertson. Colateh: A
visualization tool for linguistic queries from mindnet. Froc. IEEE
Symp. on Information Visualization (InfoVis'99)ages 132—-135, 1999.
T. Pattison, R. Vernik, and M. Phillips. Informationsualization using
composable layouts and visual sets. Aroc. of the 2001 Asia-Pacic
Symp. on Information Visualizatippages 1-10, 2001.

C. Rozenblat, G. Melancon, M. Amiel, D. Auber, C. Digeaux,
A. L'Hostis, P. Langlois, and S. Larribe. Worldwide mulével networks
of cities emerging from air traf c. IrlJrban changes in different scales:
systems and structurepages 487-502, 2006.

D. Schaffer et al. Navigating hierarchically clust@neetworks through
sheye and full-zoom methods. ACM Trans. on Computer-Human
Interaction (TOCHI) 3(2):162—-188, 1996.

C. Tominski, J. Abello, F. van Ham, and H. Schumann. &yghtree
views and lenses for graph visualization. Fmoc. 10th Int. Conf. on
Information Visualisation (IV'06) pages 17—24, 2006.

F. van Ham and J. van Wijk. Interactive visualization svhall world
graphs. InProc. IEEE Symp. on Information Visualization (InfoVigp4
pages 199-206, 2004.

C. Ware and R. Bobrow. Motion to support rapid intenaetqueries on
node-link diagrams. IMCM Trans. on Applied Perceptippages 1-15,
2004.

Daniel Archambault received the BSc Hons.
degree from Queen's University at Kingston in
2001 and the PhD degree from the University
of British Columbia in 2008. He is currently
a post doctoral researcher at INRIA Bordeaux
Sud-Ouest. His interests include graph drawing,
visualization, and computer graphics.

Tamara Munzner received the PhD degree in
2000 from Stanford and has been an assis-
tant professor in the Computer Science Depart-
ment of the University of British Columbia since
2002. She was a technical staff member at the
University of Minnesota Geometry Center from
1991 to 1995, and a research scientist at the
Compag Systems Research Center from 2000
to 2002. Her research interests are information
visualization, graph drawing, and dimensionality
reduction.

David Auber received the PhD degree in 2003
from the University of Bordeaux |. He has been
an assistant professor in the University of Bor-
deaux Department of Computer Science since
2004. His current research interests are informa-
tion visualization, graph drawing, bioinformatics,
databases, and software engineering.



