@% Transactions on Information and Communications Technologies vol 20, © 1998 WIT Press, www.witpress.com, ISSN 1743-3517

Genetic Graph Drawing

A. Rosete® & A. Ochoa’

“*Department of Information Science, CEILS, ISPJAFE,
Marianao 19390, Havana, Cuba

EMail: rosete@informatica.ispjae.edu.cu

b Artificial Intelligence Centre, Institute of Cybernetics,
Mathematics and Physics, 15 ¢/ C'y D, Havana, Cuba
EMail: ochoa@cidet.icmf.inf.cu

Abstract

The drawing of graphs is widely recognized as a very important task in
diverse fields of research and development. Examples include VLSI Design
and plant layout. Also, many CASE methodologies and interactive data-
intensive applications should perform graph drawing and should manage a
large amount of constraints including semantic ones. On the other hand,
when the information that must be visualized is changing constantly, is
necessary to develop automatic methods to partially (or totally) redraw the
diagrams. We want to obtain drawings that are optimal in the sense of
readability. However, is difficult to create a general-purpose graph drawer
and is also computationally expensive. Genetic algorithms (GAs) have re-
cently received a growing interest and have been applied in many design
problems. In this paper we describe why the G As-based approach is a good
alternative to obtain a general flexible tool for Graph Drawing Problems,
dealing also with semantic aesthetics. Free Form Deformation (FFD) has
been used in structural design problems in combination with GAs. We also
present an approach to automatic graph drawing based on GAs and FFD,
for improving of a given layout by exploring its neighborhood. The search
space 1s reduced and the readability of the drawings is improved. Also the
Mental Map is almost preserved.
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1 Introduction

Graphs are something very popular in the science family and the
drawing of them is widely recognized as a very important task in di-
verse fields of research and development. For instance, many CASE
methodologies use diagrams in its stages of analysis and design®'3.
Cooperative interactive data-intensive applications process a lot of
information that should be presented in form of charts, diagrams,
or drawings. These systems should manage a large amount of con-
straints including semantic ones. On the other hand, this information
is changing constantly. For this reason, is necessary the development
of automatic methods to partially (or totally) redraw the diagrams.
In this context, our aim is to obtain optimal drawings in the sense of
readability, i.e. ease to understand due to the way it is drawn®1%3°,
Many algorithms for drawing graphs have been proposed so far. Ex-
tensive surveys have been conducted in®'%3°, However, is difficult to
create a general-purpose graph drawer and is also computationally
expensive. It is very frequently a large-scale optimization task. The
field of genetic algorithms has been growing since the early 1970s, but
only recently GAs have yielded real-world applications that demon-
strate commercial potential”. In this paper we present an approach
for automatic graph drawing based on genetic algorithms. The prin-
cipal justifications for the genetic approach in this context, are:

o We get a more general, robust and unique method to almost all
kinds of diagrams.

e We can exploit the exploration capabilities of GAs in dealing
with complex and large search spaces.

o We are dealing with structural and semantic drawing rules in
the same simple manner. This means, we are more capable to
consider the meaning of the representations. We believe that
the semantic aspects of this problem have not yet received the
necessary attention in the specialized literature®.

e We can combine the advantages of both genetic and numerical
optimizations by some sort of hybridization technique?8:11:19:24,

In this paper we illustrate the potential of the proposed approach.
Also, we analyze its bad sides and propose a solution based on Free
Form Deformation, a structural design technique®!.
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2 State of the art

As is stated in?, the problem of drawing a graph nicely can be re-
garded as searching for an optimal layout of a given graph according
to some measurable aesthetics. In®" the authors make a classifica-
tion of algorithms for automatic graph drawing. They classify the
algorithms attending to:

e Class of graphs (tree, planar, directed, etc)
e Graphical standard (straight-line, grid, hybrid, etc)
e Constraints (structural, semantic)
o Aesthetics
Some commonly used aesthetics are:
e Al: minimizing total area
e A2: minimizing the amount of bends
e A3: (line-crossing) minimizing the amount of edges crossings
e A4: uniform density of vertices
Some commonly used constraints are:
e Cl1: to place a set of vertices in the center
e (C2: to draw a sub-graph with a given shape
e (C3: to place a sequence of vertices along a straight line

A complete classification and a survey of the most important job
in this field can be obtained in®. This paper outlines some open
problems for Automatic Graph Drawing including:

e General Strategy for Straight Line Drawings

e Dynamic Drawing Algorithms

We consider that these objectives depend on a robust approach that
separates as most as possible the desire from the method. Many of
the approaches consist of algorithms that solve efficiently a kind of
problem but are not easily applied for solving a different one. In this
paper we intend to illustrate the possibilities of the genetic approach
to become a general tool for solving this kind of problem.
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3 A genetic based approach

Genetic Algorithms(GAs) are modern optimization methods inspired
by the principles of the natural selection and genetics. GAs reduce the
solution for optimization problem to simulate a natural environment
where many individuals (i.e. solutions) fight for staying alive. GAs
have three main processes: Selection, Crossover and Mutation.

For a complete discussion about GAs and Evolutionary Algo-
rithms we suggest to read™™ 2%, It is well known that a genetic algo-
rithm to solve a particular problem need a representation of problem
solutions in terms of chromosomes and genes, a population initial-
ization procedure, a suitable cost function, some genetic operators
to evolve the population and a vector of GA parameters. There-
fore, GAs-based approach for automatic graph drawing must define
a strategy to give meaning to the above components. In our most
general case, chromosomes (individuals) are chains like:

2SFD STRRED. €75 GRPRP. €

where each X; and Y; is a bit string and n is the number of nodes.
The tuple < X;,Y; > represents the coordinate of a vertex in some
system. Our representation is based on integers and it is a difference
respect to?. This representation may be changed to accommodate
specific kinds of graphs. For instance, one coordinate may be not rel-
evant (i.g. for hierarchies?22%), or it can represent a relative value?®.
For the later case, we have found very effective to consider a varia-
tion of the Free Form Deformation (FFD) technique®'. Sometimes
in the evolution process, we may want to deal with individuals that
are close to some specific patterns. This is also a good choice to deal
with constraints like C1 and C2. On the other hand, we have exper-
imented mainly with random initialization with the aim of obtaining
a general tool. A source of initial individuals can be the results of
numerical optimization techniques if we have a hybrid system, as
is frequently suggested for GAs*!1?1, Besides, we use conventional
genetic operators in our experiments.

Automatic graph drawing can be seen as a maximization opti-
mization problem. We use a fitness function like:

F=KixP+KoxIo+ .. K+ ...+ Ky x Iy

where ¢ is the number of aesthetic criteria, each K; is a coefficient
related to the importance of each criteria and each F; measures a
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‘ Coefficient ‘ Function | Meaning ‘

K,_ F,_ Minimizing node overlappings

Kot Foq Maximizing node overlappings

K. F._ Minimizing line-crossings(aesthetic A3)

K.y Foy Maximizing line-crossings

K;_ Fi_ Minimizing the global edges length
(related to aesthetic A1)

Ky Fii Maximizing the global edges length

Table 1: Aesthetic criteria: coefficients, functions and meanings

constraint or aesthetic satisfaction. This is not the only alternative
for combining aesthetic-criteria. Also, could be interesting to consider
the problem as a multi-objective optimization problem?®2%. As many
of the aesthetics criteria could be opposed, it’s important to express
the real objective of the optimization task. This is the moment when
our approach is tailored to one specific problem. The coefficients,
related functions, and its meaning are in Table 1.

Corresponding with each one of the previous coefficients exists a
function that measures the accomplishment of each criteria. So, each
function assigns a value computing the rates between the quantity
of the criterion in the evaluated graph drawing and the maximum
possible value of the criterion for that graph. On the other hand, we
estimate the maximum value for the global edges length as a bound
value, maybe never achievable. We set this maximum bounded value
by multiplying the maximum length of an edge by the number of
edges. The maximum length of an edge is the square root of the
sum of the squares of both coordinates resolution. We say that this
a bounded maximum because in many graph is impossible to draw a
graph in a way that all its edges are as long as possible. For a function
that evaluates the minimization of a criterion the function value is
calculated as saved values. For instance, the value of F,._ is the rate
between the quantity of line crossings saved in a graph drawing and
the maximum saved value of this criterion. For combining many
criteria in the objective function we use a linear combination of all
functions. So, specifying the previous formula, the objective function
is as follows:

F =Ky sFy A Ko slpp+ Koo kPt Koy s o A K 4 F o+ K 4 Foy



@% Transactions on Information and Communications Technologies vol 20, © 1998 WIT Press, www.witpress.com, ISSN 1743-3517

Identifier ‘ Meaning ‘

EX Identifier of each experiment

NR Number of runs made for each experiment

MG Maximum Number of generations for the GA

NI Number of individuals in each generation

PC Crossover Probability

PM Individual mutation Probability (not bit mutation)
TC Type of crossover used in the GA

TS Type of selection scheme for the GA

PO Percent of the runs where the optimum is obtained
AB Average of the best values obtained in all runs
WB Worst of the best values obtained in all runs

BB Best of the best values obtained in all runs

Table 2: Convention: identifiers and meanings

In the previous formula, K, , K.y, K., K.y, K;_,K;y € [0,1]
and also, F_, For , Fo_, Fey, Fi—, Fi € [0, 1]. Of course, is not pos-
sible to try to attain contradictory criteria (e.g. F,— and F,;) in the
same optimization task. So, the value of the coeflicient for opposite
criteria will never be positive coincidentally. Besides, for ensuring
that I" € [0, 1], we add a new constraint to the coefficients:

Koo+ Koy + Kee + Koy + K-+ K1y = 1

This constraint permits to stop the genetic search when a solution
with maximum evaluation value (equals to 1) is obtained.

As GAs are stochastic methods we did some runs in order to
compute average values. Following, we describe the characteristics of
the experiments. In all cases, we use simple GA, non steady-state”.
By convention, we identify the parameters of the GA and the results
in each experiment using the identifiers in Table 2. The software
package used to implement the GA is GAL, an object-oriented pack-
age designed by the authors?®. The main characteristic of GAL is its
large library of genetic algorithm objects and its ease of customiza-
tion. GAL was augmented with a graph analyzer module which im-
plement the problem-dependent classes.
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‘ EX ‘ Functions involved ‘ Coeflicients

Al | F,_, F._ K,_ =0.25,K,_ = 0.75

A2 | F,_ Fo_, Fi_ K,_ =0.15, K, = 0.75, K, = 0.1
A3 | Fi_ K_=1.0

Ad | Fiy Kiy = 1.0

Table 3: Experiments with a simple planar graph

4 Drawing a Simple Planar Graph

The graph used in the following experiments is an extension of the
graph presented by Nishizeki and Chiba?! as an example of planar
graph that haven’t convex drawing. So, the algorithm presented in?!
can’t draw it.

Figure 1: A simple planar graph

As observed in the Figure 1, this graph has 8 nodes and 12 edges.
The nodes 6 and 7 aren’t in the original graph, neither the edges ad-
jacent to these nodes. In the following experiments, graph nodes can
be placed in a grid with 8 coordinates in X-axis and 4 coordinates
in the Y-axis. Consequently, for coding one node we need 5 bits and
the length of the chromosome is 40 bits. Next, we summarize the
experiments we did for illustrating the robustness of the proposed
approach. The experiments, functions involved and coefficients are
in Table 3, and the GA parameters are in Table 4. Unif corresponds
to the uniform crossover originally proposed by Syswerda. LS cor-
responds to the linear scaling, and Cmult is the expected number
of copies of the best individual in the mating pool, as is defined by
Goldberg”.
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EX |[NR[MG |NI[PC[PM [TC [TS |
A1 [30 [60 [60]0.87]0.16 [ Unif [ LS, Cmult = 1.4
A2 110 [30 [60[0.8]0.16 | Unif [ LS, Cmult = 1.4
A3 [20 |30 [60]0.8]0.16 | Unif [ LS, Cmult = 1.4
A4 110 |30 [60]0.80.16 | Unif [ LS, Cmult = 1.4

Table 4: GA parameters for drawing a simple planar graph

Experiment | PO | AB [ WB | BB |

Al 93 10.9992 | 0.988 | 1.0

A2 - 0.9564 | 0.946 | 0.967
A3 0 0.85 0.767 | 0.872
A4 - 0.7821 | 0.641 | 0.849

Table 5: Experimental results for a simple planar graph

6 1 7 5
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Figure 2:  One of the layouts obtained for experiment Al(left).
One of the layouts obtained for experiment A2(right).
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Figure 3:  The best of the layouts for experiment A3(left).
One of the best layouts for experiment A4(right).

The experimental results are in Table 5. Note that in experiments
A2 and A4 the optimum value is unknown so we don’t know when
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‘ EX ‘ Functions involved ‘ Coeflicients

Bl | F_, F._ K,_=03K._=07
B2 Fc-l— I(C_|_ — 10
B3 | F_, F.4 K,_=03K4=07

Table 6: Experiments with a simple non-planar graph

it’s found. In the experiment A3, the optimum value corresponds to
the overlapping of all nodes in one identical position. Unfortunately,
it is never obtained. Results can be improved with more genera-
tions, but we think that the speed is also very important in this kind
of problems®1%:28,
obtained in the experiments. The achievement of each objective is
remarkable.

Figures 2 and 3 show examples of the layouts

5 Drawing a Simple Non-Planar Graph

The graph used in the following experiments is one of the simplest
non-planar graphs?!, i.e. is impossible to draw without line cross-
ings. So, we can modify the way the maximum number of saved line-
crossings is calculated. Instead of doing so, we maintain the same
previous criteria for evaluating F._. Consequently, F._ never gets a
value equal to 1. The graph is know as K5 and is shown in Figure 4.
This graph has 5 nodes and 10 edges. In the following experiments,
the nodes of the graph can be placed in a grid with 4 coordinates in
X -axis and 4 coordinates in the Y -axis. Consequently, for coding
one node we need 4 bits, and the length of the chromosome is 20
bits. In Table 6, we summarize the experiment we did for showing
the robustness of the proposed approach, and the coefficient we used.
GAs parameters are in Table 7.

0

Figure 4: KB, one of the littlest non-planar graphs
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EX |[NR[MG |NI[PC[PM [TC [TS |
Bl | 10 | 40 50 | 0.8 | 0.16 | Unif | LS, with Cmult = 1.4
B2 | 10 |20 30 | 0.8 | 0.16 | Unif | LS, with Cmult = 1.4
B3 [10 |20 [30]0.8 |0.16 | Unif [ LS, with Cmult = 1.4

Table 7: GA parameters for drawing a simple non-planar graph

Experiment | PO [ AB | WB | BB |

Bl 100 | 0.984 | 0.984 | 0.984
B2 50 | 0.966 | 093 | 1.0
B3 - 0.8649 | 0.84 | 0.876

Table 8: Experimental results for a simple non-planar graph
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Figure 5: Three good layouts obtained for graph K5 by genetic
search: Bl(left), B2(center) and B3(right).

The experimental results are in Table 8. It must remarked that
in experiments B3 the optimum value is unknown so we don’t know
when it’s found. In the experiment B1, the optimum value corre-
sponds to the solution having just one line crossing. In this case the
value of F._ is 0.984. As this solution is obtained in all the runs
we consider PO = 100%, unless F._ is never equal to 1.0. Figure 5
shows examples of the obtained layouts for the experiments.

6 Exploring the Neighborhood of a Layout

Although the algorithm performance in very good we notice that
when the size of graph grows the time of the algorithm to converge
increases. This problem is related to the evaluation of the objective
function. When more edges exist, increasing number of comparison
between edges is necessary to determine the number of line crossing
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in the drawing. We are investigating many techniques to estimate
this value instead of calculate it?”. Consequently, runtimes will be
reduced. On the other hand, when the complexity of the graph in-
creases, is necessary to embed it in a bigger space. For this reason,
the problem is harder to solve due to the increase of chromosomes
size. We noticed that in few generations the algorithm achieve a great
advance in the quality of the drawing but converge to not optimal
solution near the optimal one. In this point we develop a method?®
inspired in FFD3! (Free Form Deformation). In all these cases, the
solutions are not necessary to be modified so far to obtain the opti-
mum. This situation was the inspiration of the following experiment.
It deals with the exploration of the neighborhood of a layout, with
the hope of finding a better one. What we code is not the absolute
coordinate of the nodes. Instead we code a relative magnitude, i.e.
an offset respect to the position of the node in the layout we want to
explore around. So, now the chromosomes are as follows:

DXi,DV1;...DX;, DY;;...DX,, DY,

In order to obtain the absolute coordinate of the drawings we have
the coordinates of the nodes in the original (explored around) graph:

ITX Yy IXG TY X, Y,
Now, the coordinates of each node can be calculated as:
X;=IX;+ DX Y, =1Y;,+DY;i=1,2,....n

This solution is inspired in FFD, a structural-design technique used
for deformations studies of objects. This technique use a discrete de-
scription of the objects by means of control points that can be moved
in the space for obtaining deformations of the original object®!. We
consider this method as a good way to face the problem of Mental
Map preservation®!7, also for doing dynamic drawings®'%28, This is
a typical problem in many CASE tools with evolving diagrams that
are frequently modified but never in a disruptive way. In these cases,
is convenient to maintain the new drawing as close to the original
as can be possible. In our approach, this objective can be achieved
by restricting the feasible value for DX; and DY;. In order to define
the explored neighborhood we define a magnitude called DELT A.
DFELT A is the maximum possible variation of each node in both co-
ordinates respect to the original layout. It’s closely related to the size
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‘ EX ‘ Functions and DELT A ‘ Coeflicients

Cl | F,_ F._,DELTA=2 K, =025 K. —0.75

C2 | Fi_0,DFLTA=1 K,_=1.0

C3 |F,_F_ F_.DELTA=1]| K,_ = 0.15, K._ = 0.75,
K,_=0.1

Ci | Foo B, DELTA =2 K. =09,k =01

Cs | F,_,F._ K,_=01,K._.=0.9

Table 9: Experiments by exploring the neighborhood of a layout

EX |[NR[MG |NI[PC [PM [TC |TS |
Cl-4[20 [10 20 | 0.8 [0.16 | Unif [ LS, CMult = 1.4
C5 [20 [20/10 30 ]0.9/0]0.1/1 | Unif | LS, Cmult = 1.4

Table 10: GA parameters for exploring the neighborhood of a layout

of the search space. That means, DX;, DY; € [-DFELTA,+DFELT A]
Conceptually, DFELT A can be different for each node, also for each
coordinate, but in all the following experiments we use the same value
at all. We consider that this exploration can be view as a codification-
based exploration

Another technique for exploring the neighborhood, is dynamic
adjustment of the GAs parameters. In this sense, we consider the
GA run as two (multiple, in general) runs. Each run has differ-
ent parameter values, but maintains the population obtained until
this moment. We suppose that in the last runs, is better to raise
the influence of the mutation in the GAs search. The intention is
to explore the neighborhood of the best layouts we have obtained.
Besides, as all the layouts are very similar due to the convergence,
crossover is less important. Consequently, the crossover probability
will be decreased. We consider this approach as a parameters-based
exploration. See an example in the experiment C5. More complex
and complete discussion about parameters and operators adjustment

can be found in?:19:12:13

The graph used as reference in the following experiment is one
of the layouts obtained for the experiment Al. It is shown in Fig-
ure 6 (left). We did some experiments exploring the neighborhood
of the layout presented before. The experiments and coefficients are
in Table 9. The parameters of the GA in the experiments are in Ta-
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| Experiment | PO [ AB | WB | BB |

C1 100 | 1.0 1.0 1.0
C2 0 0.724 | 0.688 | 0.757
C3 - 0.9654 | 0.953 | 0.971
C4 - 0.959 | 0.937 | 0.972
Ch 50 | 0.99 0.959 | 1.0

Table 11: Experimental results for a simple planar graph

ble 10. In the case of C5, the couple of values in columns MG, PC
and PM means the values for the related parameters before and after
the change is done.

~ ~
24 ¥\3 d 3
4 1 1 2
AN 6 7
\.\ 41
A\\# N
6 0
Figure 6: The layout used for the experiment as reference for
the initial nodes positions, and consequently, it’s the

layout which its neighborhood will be explored(left).
One of the obtained layouts for experiment C1(rigth).

Experimental results are in Table 11. Note that in experiments
C3 and C4 the optimum value is unknown so we don’t know when
it’s found. In the experiment C2 is important to remark that the
optimum value is impossible to reach from the initial layout using
the value of DELTA assigned. In experiment C2, C3 and C4 is re-
markable the minimization of the global length of the edges respect to
experiment C1, which doesn’t consider this aesthetic. Figure 6 (right)
shows one example of the result of experiment C1. This layout is con-
sidered as reference for the minimization of the global length of the
vertices in the examples of the Figures 7, 8 and 9. Note in Figure 8
and in Table 11 that the results of experiment C3 and C4 are very
similar. This result could be caused by the little space to search.
Besides, the best result for accomplish the three criteria needs to put
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the nodes as close as possible but taking line-crossings and nodes-
overlappings into account. Is easy to note that with DEFLTA = 1
it’s possible to almost obtain the best results. See in Figure 8, in
both cases, is reached a better layout that reduces the global length
(respect to the layout obtained for C1 in Figure 6, right) and also
maintains the optimality respect to the crossings and overlappings
criteria.

2
71 |51 [2 4 15[\ 11
6 /'X

0 7// 3
41 (17 T3 N
6 0

Figure 7:  Two of the best obtained layout for experiment C2:
the best of all the runs(left) wich reduces the global
length to 67.77% (respect to the layout obtained in
C1, Figure 6, right) and the worst of all runs(right),
wich reduces the same magnitude to 85.55%. Note
that no other aesthetic is taken into account.

5 3
/2 1
714
S\
0 0

Figure 8:  Two of the best results for experiments C3 and C4:
one of the results for C3 (left), wich reduces the
global length to 79.59% (respect to the layout of
Figure 6, right) and one of the results of C4(right),
wich reduces the same magnitude to 78.82%

Concerning the last experiment (C5) is important to note
that the results are not better than the obtained results for Al.
Specially, is very worst respect to PO. However, in experiment C5
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a considerable amount of layouts evaluations is saved. Only 900 so-
lutions are explored. On the other hand, experiment Al explores
3600 solutions. Consequently, the results of C5 are quickly obtained
and not bad results at all. This method could be used for obtain
fast results, something important (e.g. in CASE tools) to permit
efficient user work™!5:2% At last, we think that exploring the neigh-
borhood (using codification-based exploration or parameters-based
exploration) is a solution for preserving the Mental Map. This is
an important aspect for graphical interface applications that change
continuously its contents, i.g. CASE tools during the development
of Information Systems. It’s convenient to maintain the representa-
tion as close as possible to the previous one when a modification (e.g.
inserting nodes, deleting edges) was done. Our approach would per-
mit to set the freedom of the search and consequently the maximum
modification we allow.

0 3 4

/7
L1
L1
\2 7 61 1
3
7
5

6 _T0
I~ 2
™~

4 5
Figure 9:  Two of the best layout obtained for experiment Cbh:

the best(right) and the worst(left) among all runs.

7 Robustness of the proposed method

In many papers the graph drawing problems are solved using de-
terministic algorithms that found optimal or near optimal solutions
for fixed aesthetics and kinds of diagrams®'®2130 However, these
methods are only appropriate for a very restrictive class of graph and
esthetics. The genetic-based method is not another algorithm. It can
be considered as another approach for the problem. Deterministic al-
gorithms consist of precise procedures for solving a given wish. In the
genetic-based approach only the wish is needed. This wish is what we
have to express as the GA objective function. GAs then find a good
solution for this wish function. As is shown above, we successfully
explored the proposed method in planar and not planar graphs. Also
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we analyzed the good performance of the approach in hierarchical?%2°

and not hierarchical graphs. Besides, we considered many aesthetics
(i.g. line crossing, edge lengths, nodes overlapping). We searched
both maximization and minimization of the mentioned aesthetics.
We consider our approach robust because it can be easily tailored to
a specific graph-drawing optimization task. It performs successfully
and reaches satisfying results. We consider our work near to*'¢ where
Simulated Annealing (SA) technique is applied. The main difference
in concerning with the difference between the optimization methods
used, but both can be accepted as possible alternative to the open
problems presented in®. In the case of GAs the possibilities of be-
coming parallel can be considered as a serious advantage?252¢, but
also a lot of research has been done for becoming SA parallel'*. In?
very good result are obtained in more complex graphs by using GAs.
We also think that GAs speed has to be taken into account. SA is
very slow as is admitted by SA practitioners®!*. Another technique,
having important general-applicability characteristics is the Spring
Model and its extensions®??, but we consider that GAs improve this
method in the sense of robustness. The proposed approach become
a good alternative for dealing with semantic aesthetics. Many tech-
niques, including but not restricted to Neural Networks can be used
to model semantic aesthetics in the drawing. A semantic aesthetic
can be related to a kind of diagram or a user specific preference. In
our approach is just necessary the evaluation of the semantic aes-
thetic satisfaction. Then, GAs can be used in a very similar way to
explore the space and look for a good solution?®27. We consider this
as an important advantages of the proposed approach.

8 Conclusions

This paper presents a genetic-based approach for automatic graph
drawing, which emphasizes aspects of human visual cognition like
readability and aesthetics. This contribution is the first step towards
the implementation of programs for drawing graphs supporting com-
mercial methodologies. We make experiments with simple graphs
and the results allow us to think that GA technology is a very strong
candidate to solve this kind of problems. We illustrate how a relative
simple schema can yield excellent results in contrast to others cumber-
some heuristic methods. The robustness of the proposed approach is
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appreciated in many experiment with different criteria and also with
combination of them. The difficulties of the approach respect to the
growing size of the space explored is solved using a method inspired
in Free Form Deformation. This solution is very useful to improve
the quality of a given drawing, and is a good alternative to keep
the Mental Map of a Diagram, as is wished in many graphical user-
interfaces. Besides, the application of this method do not reduce the
robustness of the genetic-based approach. We tested our approach in
many readability optimization problems and different kinds of graphs
with good results. The applicability of the method can be important
for other fields such as VLSI Design and plant layout.
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