University of

"1l Kent Academic Repository

Hobbs, M.H.W. and Rodgers, Peter (1998) Representing Space: A Hybrid
Genetic Algorithm for Aesthetic Graph Layout. In: FEA'98 Frontiers in
Evolutionary Algorithms in Proceedings of JCIS'98 The Fourth Joint Conference
on Information Sciences. 2. pp. 415-418.

Downloaded from
https://kar.kent.ac.uk/21593/ The University of Kent's Academic Repository KAR

The version of record is available from

This document version
UNSPECIFIED

DOI for this version

Licence for this version
UNSPECIFIED

Additional information

Versions of research works

Versions of Record
If this version is the version of record, it is the same as the published version available on the publisher's web site.
Cite as the published version.

Author Accepted Manuscripts

If this document is identified as the Author Accepted Manuscript it is the version after peer review but before type
setting, copy editing or publisher branding. Cite as Surname, Initial. (Year) 'Title of article'. To be published in Title

of Journal , Volume and issue numbers [peer-reviewed accepted version]. Available at: DOI or URL (Accessed: date).

Enquiries

If you have questions about this document contact ResearchSupport@kent.ac.uk. Please include the URL of the record
in KAR. If you believe that your, or a third party's rights have been compromised through this document please see

our Take Down policy (available from https://www.kent.ac.uk/quides/kar-the-kent-academic-repository#policies).



https://kar.kent.ac.uk/21593/
mailto:ResearchSupport@kent.ac.uk
https://www.kent.ac.uk/guides/kar-the-kent-academic-repository#policies
https://www.kent.ac.uk/guides/kar-the-kent-academic-repository#policies

Representing Space: A Hybrid Genetic Algorithm for Aesthetic Graph
L ayout

M.H.W. Hobbs and P.J. Rodgers
University of Kent at Canterbury, UK.
email: M.H.W.Hobbs@ukc.ac.uk, P.J.Rodgers@ukc.ac.uk

Abstract

This paper describes a hybrid Genetic Algorithm JGHhat is used to improve the layout of a graph
according to a number of aesthetic criteria. The iB&orporates spatial and topological information b
operating directly with a graph based representatiatial results show this to be a promising tEicle

for positioning graph nodes on a surface and may fine basis of a more general approach for prablem
involving multi-criteria spatial optimisation.

function by using approximate methods and
1. Introduction and Background caching partial results.

Many spatial problems have a common need toThe GA represents the spatial nature of the
locate interacting objects on a surface. problem by using a graph based representation.
Applications as diverse as geographical dataThe crossover operator is performed directly on the
analysis and molecular modelling deal with graph by splitting parent graphs and joining the
location as a special feature within a vector of resultant subgraphs into a child graph. This has th
attributes that describe a problem. Generic GAsadvantage of maintaining the geometric and graph
have been used in applications such as electronitheoretic association of the nodes negating the
engineering design problems [6]; molecular need for any separate constraint satisfaction.
conformational analysis [13,14,]; network and
graph optimisation [15,17]. These systems deal
with a variety of graph based representations bu
typically use a one dimensional encoding which
means that either spatial information is lost, or
extra, problem specific constraints have to be
introduced.

IThe crossover operator also attempts to retain
lgeometrically close subgraphs from each parent in
an attempt to carry better subgraphs into the next
generation. This contrasts with other GA graph
drawing work that takes nodes (or node
neighbourhoods) randomly from the two parent
graphs [11] or which translates the graphs to a one
Hybrid GAs which model the specific spatial needs dimensional representation and uses constraints on
of a problem have been developed [4,10], andtraditional crossover [12].
:’)etgféser?;la(t)t:g{rllonasrt):uc’zs::ehsmquseusc’h uzlgg Grg::striCSection two of this paper briefly describes the

Programming [9] have been applied to spatialmain features of the_ g(_anetic algorithm; ;ection
problems. This paper proposes that Spatialthree presents some initial results and sectian fo

problems need a specifically spatial representationconCIUdes by summarising our findings and

which, combined with the more generic aspects ofd'ric.g:tsmg the current and future work for this
GAs can be used as a general solution technique. project.

The problem considered here is to locate the nodes . . .

of aFr)l arbitrarily connected graph so that it 2. 1heGraphical Genetic Algorithm
conforms to aesthetically pleasing principles of The initial population is created by a randomly
layout [1]. It is inherently difficult to optimiseven  produced geometric node layout with the number
one criteria such as minimising edge crossingsof nodes and edges controlled by the user. Two
[18]. Current research has focused on force modelgraphs are selected for reproduction by choosing
[7] and simulated annealing [5] but these are morethe fittest out of a four randomly selected frdma t
likely to be trapped by local optima than a GA. population. This is a simple tournament selection
The GA also has considerable potential to tacklemechanism with a low selection pressure.

large problems as the time complexity of the

optimisation technique is not dependent on the size

of the graph. Additionally, it is possible to reguc

the time complexity for calculating the fithess



2.1. FitnessFunction This means that for any given generation we can

We use a multiobjective fitness function based ontell which are the fitter individuals but that

five well known measurable aesthetic criteria for COmparison across generations is dependent on the
graphs: overall progress made in each of the fitness

o criteria. The fitness value, f, for a graph is thke
1. Total edge length. This is simply the sum of \yeighted sum of these values:

the lengths of each edge. _
2. Graph area. This is a calculation of the area off = Wal1 * Welz + Walz + Wiry + Wel's

the bounding rectangle of the nodes in theThis fitness calculation is particularly suitable
graph. ) o where there are a large number of criteria thatinee
3. Node overlap. A weighted penalty is given t0 {5 pe combined and the complex interrelations
nodes that are too close or overlap each other.petween them are not easily determined [8].
4. Angular resolution. This is a calculation of the Weights are determined experimentally on a test
angle between edges connected to the samgraph to achieve the desired results and as they
node and penalises connections that formapply to ratios rather than absolute values these

acute angles. _ ~ settings are suitable for graphs of different sizes
5. Edge crossing. Applies a penalty function gnq topologies.

based on the number of edge crossings in the
graph. 2.2.  Crossover and Mutation

While these criteria are useful measures OfWe use a geometrically based gradient crossover
aesthetic properties of graphs, this is not an 9 y 9

exhaustive list and there are other measures tha{PE.Ct'on' ('jl'hls ?dds n?dr?j Eg t?ediChr:Itd gnraph rb¥1t
can be used [3,16]. aking nodes along a random gradient, one pare

graph ascending the gradient and one descending
The calculation of the fitness function follows the the gradient. A node is taken from each parent
sum of weighted global ratios approach [1]. For graph in turn, unless the corresponding node is
each criteria i = 1..5, given above, the fitned®ra already in the child graph, in which case the next
r, is calculated from the criteria value,, fas  unused node is taken. This splits each parent graph

follows: into two subgraphs with equal number of nodes
Fp=1+ (f, - Max Value)/(Mn |foretservmgfth s?atlall relationships and the main
val ue, - Max Val ue;) eatures of the topology.

Figure 1. shows two parent graphs, where the
highlighted nodes form the child graph. Figure 2.
shows the resultant child. The nodes are sorted on
the indicated gradient (shown as a directed line
next to each graph), with nodes from the first rap
taken from top left to bottom right and nodes from

Where Max Valugis the highest; ffound for that
criteria in the operation of the GA, and Min Value
is the lowest ;ffound. This formula converts the
criteria from an absolute range to a ratio thaksan
it against the best found so far by the algorithm.

Figure 2. The Child graj



Figure 3. An initial graph and the aestheticallyimised result

the second graph taken from bottom right to topmain operators of crossover and mutation without
left. resort to special optimisation or constraint

We mutate a graph by picking nodes from the_enforcement techniques. Much work remains even

. in this limited application area but this is a star
graph randomly, and moving them a randomtowards a more general goal of providing a generic
distance along the X and Y axis from their current 9 9 P g9ag

location. The likelihood of a mutation and the size framework for a wide range of spatial problems.

of the movement are controlled by the user. There are two types of application that are
appropriate to graph based GAs. The first are
applications that use graphs where the graph
3. Results theoretic structure is maintained throughout the
Figure 3. shows a randomly generated graph withGA process, as with graph drawing described here.
159 edge crossings and a graph from the finalAn interesting area of this type is integrated wirc
population which has four edge crossings producedlesign, where the connections between circuits are
by running the GA with a population of 20 for constant, and the aim is to minimise the physical
1000 generations. Typically, most of the layout of circuits to improve the performance of
improvements were seen by around 250the final chip. The second type of application is
generations with small improvements due to minorwhere the graph theoretic structure of the graph
changes caused by the mutation operator. may alter during the process of the GA. One
A number of small test graphs were generc";lted-example Is netwc.)rk.routing, where .in order to
which could be optimised by hand. The resuItS|mprove communication between pairs of nodes
from the GA showgd that in Sy out of. 10 cases theShort paths are sought through a graph representing
a communication network. For this second type,

optimum number was found and on average the . . .
S new graph cr ver str ies m required in
GA produced graphs with just over 2 extra edge ew graph crossover strategies may be required

rossin order to produce graphs that are different, blit sti
Crossings. appropriate to the application area.

) There are a number of areas that require work in
4. Conclusionsand Further Work the specific domain of graph drawing. The
We have introduced a new geometrically basedselection of aesthetic criteria needs to incormorat
crossover technique for graph drawing GAs. Thisideas of symmetry and even spacing between
has been used within a hybrid GA that implicitty nodes before the results can compete with
processes spatial information via the maintraditional methods for small graphs. However,
operators of crossover and mutation. This haseven now the GA provides an excellent pre-
demonstrated that it is possible to hybridise tile G processor to these methods where larger graph
to implicitly process spatial information via the sizes make an exhaustive, deterministic approach



slow or prone to trapping in local optima. The GA 7.
is adaptable because of the general way in which

the fithess function is calculated and scalable dues.
to the inherent efficiencies of the technique.

The overall speed of the fitness calculation can be
improved by combining the calculation of the

various criteria into one pass across the graph:’™
Additionally, results for particular sub-graphs can
be cached and used where these patterns re-appear.

To speed up the GA, a less general layout
technique could be employed, using a grid where

nodes are restricted to appearing on certain

regularly spaced points. The resolution of thislgri
will be sufficient so that location of a node on
either of two adjacent points to will have a
minimal effect on any of the fitness criteria. It
would also allow the automatic enforcement of
node overlap and minimum inter-node distance.

Before any conclusions can be drawn about thel2-

wider context of general spatial problem solving
this technique will be tested on a number of

different applications. However, it can be expected13.
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