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ABSTRACT

Modular structures are common in complex natural and ar-
tificial systems, and the terms “modular” or “modularity” ar
used throughout the engineering design literature. Howdoe
mal ways to measure or quantify modularity are still needed.
This paper introduces an information-based approach to-mea
sure modularity, built on the relationship between comipyeand
modularity. In this information-based measure, a modutewes
ture is encoded as a message describing information cosdain
in the modular structure; the shorter the message, the hitjitee
modularity of the structure. The information measure isedep
dent on the modeling and representation of the system. itp
this basic idea, an approximate expression for the inforomat
measure of abstract graph structures is introduced. Sinoe-f
tion structures in engineering design are typically remeted as
abstract graphs, this approach can be used to synthesize-fav
able modularity in parallel with the design of new systemsing
a genetic algorithm approach, with the reciprocal of the apq-
mate measure as the fitness function, modular configurations
found in abstract graphs.

1 INTRODUCTION

Modularity is a concept that has proved useful in a large
number of complex natural or artificial systems [1, 23, 25, 28
and modular structures have many advantages [1, 27], which i
clude simplified assembly and disassembly, shortened agvel
ment time and easier maintenance. Pahl and Beitz [16] pbinte
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out that in mechanical system design processes, if motulari
identified and exploited in the initial conceptual or reeeen-
gineering effort, development time and costs for produsigte
will be significantly reduced. Due to the importance anditytil
of modular structures, this topic has recently receivedsicar-
able interest in many different fields [1, 20, 28]. This iestrhas
produced a multiplicity of definitions of modularity and sem
measures for modularity [6, 22, 32]. A metric to compare dif-
ferent clustering of design structure matrices (DSM) is/futed

in [22,32]. This paper introduces a measure of modularigeda
on information theory, after a brief discussion of the rielabe-
tween complexity and modularity. A specific information mea
sure of modularity for graph structures is presented, fatio by

a verification using a genetic algorithm for a sample graph.

2 MODULARITY
2.1 What Is Modularity?

Modularity is an attribute of a system describing the degree
of overall coupling between function units. This couplingym
occur at multiple length-scales and dimensions. Modyldrits
following characteristics:

1. Hierarchy. A modular system can be separated into sub-
systems, and subsystems can also be separated into sub-
subsystems. Modularity of the whole system can be defined
and measured, and it should also be possible isolate the sub-
systems and define and measure their modularity.

2. Globality. Modularity is a global characteristic of a ®m®
and is an integration of the modularity of its subsystems.
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3. Multi-Dimensionality. Modularity is related to many fhf-

ent aspects such as physical structure, logical strucimne,
temporal relationships.

. Functionality. Modularity should be strongly assoadiate

with the functions of a system.

5. Granularity. When developing a modular system, it is im-
portant to consider the size of the modules. The greatest ben
efits of a highly modular systems are produced with a level
of granularity that is neither overly fine, nor overly coarse

6. Universality. A useful definition of modularity should vko
across a broad range of cases.

To measure modularity, the following questions need to be
answered:

What is a formal way to quantify coupling?

What are the formal ways to measure the levels of the func-
tion units in function hierarchy and granularity of modules

How can modularity of multiple subsystems in different di-
mensions be aggregated into an overall measure of mog®arit

2.2 Complex vs. Modular

nett's [3] logical depth, Gellmann’s [8] total informatipand
information-based complexity [4, 14, 24, 26, 30]. Amongnthe
an information-based method measure is well-known and com-
monly used. The study and applications of information-th&o
measure of complexity are based on work originated by Kol-
mogorov [14] and Solonmonoff [24]. Kolmogorov complexity
Ku (S) of a finite string is the length of the shortest program
that computes on a universal Turing machine. Theoretically
Kolmogorov complexity is perfect, but it is non-computable
It is necessary to find a gobdapproximation toKy (S) for
applications. One good approximation is Minimum Descrip-
tion Length/Minimum Message Length (MDL/MML), which
was first introduced by Wallace and Boulton [29] in clustgrin
analysis, and refined by Wallace and Freeman [31], and Rissa-
nen [17,18]. MDL/MML is a variant of Occam’s Razor princi-
ple, or the Principle of Parsimony: the simpler the explemat
the better; one should not make more assumptions than the min
imum needed.

The primary motivation for MDL/MML is the inductive in-
ference of a general hypothesis for given data. Like Kolmmogo
complexity, it also represents data as a st@upnsisting of two

Modular structures are common in natural systems, and are Parts. The first pag, encodes a hypothesis, and the second part

highly associated to complex systems. As discussed by Simo
in “The Architecture of Artificial” [23], complex systemsdm
business organizations to biological systems exhibit gty

of being “nearly decomposablé’e., modular structures. For in-

n S encodes data based on the hypothesis specified in the first par

with an efficient encoding method.e., S= Sy : . The prin-
ciple states that a simple hypothesis gives a short lengtheof
string encoded on the basis of the hypothesis. Similar ta@&c

stance, a human body is a complex and modular system consist-R2Z0r principle, the MDL/MML method is to find a hypothesis

ing of many different morphological units, which are alsenco
plex and hierarchically modular.

Modularity is intrinsic and beneficial to complex sys-
tems [19], and may be a general principle for managing coxaple
ity. Modular architectures are used to design complex eilfi
systems, and to establish models to analyze complex naindal
social systems. By breaking up a complex system into discret
modules or building a complex system using modules, it is pos
sible to clarify complicated systemic interconnectiond trere-
fore render complexity manageable. In engineering, irginggy

large teams are needed to design an artifact as it becomes mor 2.4
and more complex. It is necessary to divide the knowledge and

effort needed in the design process into multiple smallétsun
and to provide mechanisms to coordinate interactions hetwe
these modules.

Modular architectures make complex systems easier to un-

derstand and manage, and may play a critical role in the sgigh
of complex systems [28].

2.3 Information-based Measure of Complexity

Modularity can make complexity easier to manage, so mea-

sures of complexity can provide some clues to measures of

modularity. There are many methods to measure complex-
ity depending on different views of complexity, such as Ben-

2

which gives the shortest string length as the model or thebry
data. Additional details on the MDL/MML method, can be found
in [2,10]. The most significant difficulty in applying thisipci-

ple is to encode data in an efficient way. Fortunately, it is no
actually necessary to construct an encoding, instead isljt o
necessary to calculate with sufficient accuracy the lenftheo
encoding for any hypothesis, and then to find a hypothesistwhi
minimizes the approximate length. The practical applaetiof
MML use such approximations [30].

Information-based Measure of Modularity
The close relation between modularity and complexity sug-
gests that an information measure be introduced into theunea
of modularity. A modular structure of a complex system can be
viewed as an encoded message, which describes information i
side the modular structures. Information could include yres:
pects. The information used to describe two systems raglizi
different function sets are totally different. The moredtians a
system realizes, the more information will be needed toritesc
it. In engineering design, it is common to be interested im-co
paring the modularity of different realizations or archttges for

1“Good” means that the approximation should be computable adtaiet
scribe complexity of a body of information as Kolmogorov compiegoes.
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the same design goals. Therefore it is reasonable to view mod (linear aggregation) of the information of every moduletas t

ularity as a relative quantity, in the sense that the corspas level, and the information of a module includes the inforiorat
happen between available modular structures that proudie s of interfaces and information inside the module, but notithe
lar functions. formation of submodules, this is, the submodules are e

As an analogy to MML method, those different architectures whole and the information inside them is hidden from the nl@du
or designs for a specific task can be viewed as different “thypo  while calculating the information of the module. There ai@mn
esis”, and the system is “data” waiting to be described utfuzr different ways to aggregate information at different levgkp-
design. A measure of modularity can be considered as minimal resented a$,) into the overall information. However, the mod-
description/message length of messages describing arsyste ularity of subsystems at lower levels dominates those dtdrig
der the modular structures. The shorter the code lengtheof th levels. This is consistent with practical intuition, in thhe in-
message encoding a modular structure, the less informition formation/decisions at the system level are more impottzan
inside the structure, which is necessary to understand @md m the information/decisions at module levels. This puts aigpe

age it, and the less complex and the more modular it is. Modu- requirement on aggregation functiohdy,---,In):

larization can be regarded as a process to limit the infaonat

contained in the structures. o Of(ly,---,1n) _ 0f(l,---,1n)
Now an information measure can be evaluated regarding its Ifi> j, then 0< al; S ]

ability to address the three questions for quantifying nhexdiy:
guantifying coupling, granularity, and aggregation. Ttrersgth

of coupling between two modules can be viewed as how much
information flows between them, that is, how much the inferma
tion contained within individual modules will be exposeather
modules. Weak coupling between modules means that most of
the function units inside modules should not contact ottmitsu =3 C(n)h 1)
outside the module. That is, only a small amount of companent "

units or attributes inside each module should be known teroth . . o
modules, and most of the contents of modules are invisible to @"dC(n) should be a decreasing functionroivhether itis linear
other modules and only visible to other units in the same mod- ©F nonlinear im.

ule. Introducing interfaces make hidden information fltsi In design synthesis or analysis, the system is modelled in
Compared to the information of a whole integrated struc- S°Me framework, and formalized by some representation lan-

ture, less information is required to describe modularcstmes. guages, as shown in Figure 1. Under this agreed framewak, th

A smaller number of descriptive elements (an alphabet)ésiee required information can be defined. _

to describe (or encode) a modular system. A module focuses on 10 further explain information measure of modularity, a-spe
one or a few essential functions, and units in the same module _C'f'c mformatl(_)n measure for modularity of graph structiie
have more shared common information compared to unitsin dif IMPlémented in next section. Abstract graph structuresane-

ferent modules. By putting those units into a module, nartieg ~ MONly used in engineering as modeling methods [5, 12, 18], fo
module and encoding shared common information in the module €X@MPle, a function structure in mechanical system [16pir s

some of the information in the unit can be obtained by refezen  WaT€ €ngineering can be abstracted as a g&(phE), as shown
to the module name, and therefore shorten the encoding of the'" F'Q“fe 2. !Every basic function unit can be modglled as @&nod
message. A larger module will need a longer message to encode?nd interactions between those nodes as edges in Grapk).
the information inside the module.

Modular structures are hierarchical, in which the whole sys
tem is represented as the root or trunk, and modules or submod
ules are represented as nodes or leaves. Levels of modules or
submodules can be defined as the depths of the corresponding[hin
nodes. The level of the root is assumed to be 1. From an en-
gineering design point of view, while designing a modulas-sy 1. Units inside modules, including nodes and submodules.
tem, the system designer should know the information flowing 2. Links which connect different units including nodes and

One special case is linear aggregation. A funct@gn) of level
n can be used to aggregate information at different levebsn th
the total informatiori is:

3 INFORMATION MEASURE FOR GRAPH STRUC-
TURES

In messages describing graph structures, the following
gs should be recorded:

between different modules and the interfaces, and the raodul submodules.

designer should know the information hidden inside the mod- 3. Interfaces through which units inside modules interatt w
ule and also the interfaces. Therefore, the overall inféiona other units outside modules. In graph representationi-inte
can be thought as the aggregation of the information atreiffe faces are interpreted as the nodes of modules, which have
ent levels. The information at a specific level is the sumomati links to nodes outside the modules.
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Figure 1. THE MODELLING OF A SYSTEM.

-
-

-
-~ ——
e cmm—e==

Figure 2. ABSTRACT GRAPH REPRESENTATION OF STRUCTURES.

3.1 Names and Links

A link can be represented as

<Nodep Name><Nodeq Name>,
and the corresponding message length for name encoding is
Ly +Lg

<Nodep Name><Submodulé Name> < Interfacev Name
in Submodulé >,
and the corresponding message length for name encoding is
Ly + L™ 4L

<Submodules Name><Interfaceu Name in Submodule
s><Nodeq Name>,
and the corresponding message length for name encoding is
LY L L

<Submodules Name><Interfaceu Name in Submodule
s><Submodulé Name> <Interfacev Name in Submodule>,
and the corresponding message length for name encoding is
L1 L™+ L)

and the message length for names of links in the module is

1 = Sum of the lengths of all links in the module

N N
= T UVxNT+ 5 L xN™
=1 =1
NN o
0] (o)
+ 2 (D Ly xNy) 2
=1 k=1
where:
N(: number of single nodes
Nj("): number of links connected to node
N(™: number of submodules
Nj(m): number of links connected submodijle
Nj(o): number of interfaces of submodujle
Nj(f): number of links connected to interfakeof submod-
ulej

With this information, it is possible to calculate encodiaggth

Links can be represented as messages containing codes fofor nodes, submodules and interfaces in submodules. Whiein

two nodes and attributes. For instance, linkn Figure 2 can be
represented asbn, < attribute values>". The nodes may be
those inside submodules,g, link L;j in Figure 2 can be repre-
sented asrisM;ng < attribute values-". Messages for attributes
will be discussed in Section 3.2. This section will discussaal-

module, nodes and submodules are at the same level, so it is
applicable to encode them with the same name table. For eonve
nience, let “unit” be “node” or “submodule”. If one unjihasN;,

which could beN-(n) or N-(m), connections to other units inside the
same module, then encoding for this unit will be ubgdimes in

ing for node names. Now consider a module, and suppose thatthe total coding used to describe links inside the moduléthe

there areN(™ nodes andN(™ submodules. And let

Ljn) be the name length of node
(m)
L
(

chk’) be the name length of interfakeof submodulgj.

be the name length of submodyjle

frequency of unitj be p;. According to Shannon’s theory [21],

the length of the label used to represent yrshould minimally
be

—log(pj)
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Then, total encoding length related to unit labels is: 3.2 Attributes
It is feasible to separate the attributes associated wiks i

into two categories: unordered attributes and ordereibatés.
There is no order between different values of unordered at-
— > Njlog(pj) @) tributes. Generally they are multi-state and used to reptes

)= class index, such as domain attribute in mechanical systam.
dered attributes are usually used to represent physicatitjes,
and can be discrete (such as power level in digital systeih) an
continuous (such as power level in analogy system). Here un-
estimated ad\;/ z N,, and above formula is minimized. So  ordered multi-state attributes and ordered attributeansid-

whereN, s the number of units inside the modulg; can be

Equation (3) can be rewritten as: ered.
N N 3.2.1 Multi-state Attribute In a module, there may
— z N; log(N;/ Z N;) (4) be Nt multi-state attributes associated with links, and for gver

multi-state attributd;, there areNy; different possible states. Let
tj be a value foffj, andN;; be the number of links having valte
of multi-state attributélj. The relative frequency of occurrence

That is, the first two parts in Equation (2) can be estimated by of statet; of attributeT; in the module will be estimated by

Equation (4).

Now messages for interfaces must be considered. Since in-
terfaces are always associated with some specific moduke, it N,
only necessary to encode interfaces so that interfacedeirise Py = 5 IJ\II
same module can be identified. In submodubé the module, let 4

interfacek have been linked tolj(f) nodes outside the submod-
ule. By the same process shown above but with only consiglerin

connections to other moduldsﬁf(’) can be estimated as

(9)

Then the message length used to encode multi-state at-
tributes at in the module is

Nt
N; log(py;) (10)
o ;Zj i log(py
J
L = —log(N'/ ¥ N 5)
K=1 Then total message length used to encode multi-state at-

tributes at leveh is
Therefore, the third term in Equation (2) can be estimated as

Nr
> S Njlog(R) (1)

(mA)
all modu%s at levehi=171

nm N N{% I =—

_Z zNjkIOg ]k/ZN (6)
3.2.2 Ordered Attributes Unlike multi-state at-
tributes, usually there is precision associated with ader
and the total length of messages needed to encode namessin lin attributes, especially continuous ones. In engineering,
atlevelnis there is always some tolerance accompanying measure-
ments. Let an ordered attribute b& and correspond-
ing precision begd;. In order to encode the information

(n _ (n)
In™ = all mo du%s at lev ethl (7) of those attributes, the attributes are first discretized by
“ “ (Mj = |A//8 +0.5]) — A, then the message length for integer
N N A could beLa, = log(M;) + 2log(log(M;)) [15]. So the total
*% Z N;j log(N;/ Z Nj) — message length used to encode those ordered attributeslat le
alli=1 =1 is
N(m) NJ(O) (0

G%le > NJk log(N JZ (8) 10A = S La (12)

K=1 all attributes at leveh
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Table 1. CODE LENGTHS FOR UNITS IN M.

Node # ofLinks Code Length

n3 3 —log4=2
Ng 3 2
Ng 3 2
Ne 3 2

Table 2. CODE LENGTHS FOR INTERFACES IN M1.

Interfaces  # of Links Code Length
I 1 —log1l/3=Ilog3
I 2 —log2/3=1log15

Figure 3. A SIMPLE EXAMPLE FOR INFORMATION MEASURE FOR
MODULARITY OF GRAPH STRUCTURES.

3.3 Total Message Length

If linear aggregation is used, the total message lehgth
Table 3. CODE LENGTHS FOR UNITS AT LEVEL 1.

I =S C)(IF” +1MA+19%) (13)
" Units #ofLinks Code Length

3.4 Example ny 2 —log2/6 =1og3
One simple example is shown in Figure 3. At level 1, there

are three unitsi.e., one moduleM; and two nodesy; andny, N2 1 —log1/6=log6
and at level 2, there are four nodes, n4, ns, ng, inside module My 3 —log3/6=1
M1 and two interface$, I». First, consider the message length

at level 2. The code lengths for nodes and interfaces arershow
respectively in Table 1 and Table 2. There are 6 links inbide Table 4. CODE LENGTHS FOR LINKS AT LEVEL 1.
and they have all length-22 = 4, so the total message length at
this levell® is 6x 4 = 24. Now consider the message at level
1. The code lengths for nodes and links are shown respectivel Link Representation Code Length
in Table 3 and Table 4. The total message length at this level

1M is 14.90. With linear aggregation, the total information of L mMily log3+1+log3

the structure id® x C(1) + 12 x C(2), whereC(1),C(2) are 2 mMilp log3+1+logl5

aggregation coefficients. 3 oMyl log6-+1-+l0g15
Total: 14.90

4 VERIFICATION

In order to verify the information measure of graph struc-
tures, this approach should be compared to other existirey me
sures or test it on some benchmark problems. Unfortunately, partition with the shortest message length is the best naodul
there is not much published work on measuring or quantifying structure. This result will be compared with engineeringiin
measures of modularity, or benchmark problems. It does not ition. For the first step, the graph structure will be pastied
appear feasible to test the measures in this way. Howenisr, th into 2 levels.

approach should at least be consistent with engineeringion. Given a graph structure, this process of partitioning the
To begin, consider a graph structure, and apply differeet-hi  graph into different hierarchical clusters involves shagcin a
archial partitions (modular structures) to the structufée in- large space with a complicated landscape. Garey [7] hasrshow

formation measure can be calculated for any partition, then that ak-way graph partitioning problem, which splits a weighted

6 Copyright © 2004 by ASME



undirected graph int& clusters, isNP-complete. One suitable
way to search such difficult space is genetic algorithmsicbea
procedures based on the mechanism of natural selection.

4.1 Algorithm

Initializing
Population

Crossover

v

Mutation

v

Evaluation

v

Selection

No

Yes

The best Individual

Figure 4. GENERAL STRUCTURE OF GENETIC ALGORITHM.

following experiment.

. Genetic operatorswhich include mutation and crossover

operators. The operators in this experiment will be disediss
further in Section 4.1.2.

. Evaluation Functionwhich is used to tell how fit individuals

are as solutions to the problem. Since here we are trying
to find the best modular structures of abstract graphs, it is
obvious to use information measure of modular structures
as indicators of fitness, and define the fitness of genothes(
as:

The Fitness (x) = %

(14)
wherel (x) is information measure of the modular structure
encoded as genome N is the number of the nodes in the
graph structure.

. Selection Mechanismdn genetic algorithms, selection oc-

curs in two ways. One is how parents are selected to repro-
duce offspring, and the other how individuals are selected
from this generation and their offsprings to form next gener
ation. There are many different selection mechanisms such
as rank-based, roulette wheel selection, tournament-selec
tion, and deterministic selection. Here roulette wheetcel
tion is used to selection parents, and deterministic select
for generational selection. One important parameteradlat
to the second kind of selection is generation gap, the percen
age of new individuals in the new generation. For example,
the generation gap of a simple genetic algorithm is 1.00, and
steady state genetic algorithm have a low generation gap. In
these experiments, steady state genetic algorithms ade use

4.1.1 Encoding Scheme As shown above, partition-

ing is used to cluster the vertices in the graph. The onlygthin

needed to be encoded is which cluster a vertex belongs ®. It’
unnecessary to encode links. The genome structure is shown
in Figure 5. Two arrays are used to represent a modular struc-
ture, one array for vertex indices and one array for tag eslic

used to separate vertices into different clusters. Forxaeele

for the genome shown in Figure 5(b), the modular structure is

Genetic algorithms were introduced in [11], and they were {1,2,3},{4,5,6,7,8} and{9,10,11,12}.

subsequently developed by Goldbetgal, [9]. A general struc-
ture of genetic algorithms is shown in Figure 4 in flowchartrio

In order to use genetic algorithms, We should provide

. Encoding schemesSince GAs work with a coding of the
parameter set, not on parameters themselves, we need some
encoding scheme. The scheme used in the following exper-
iments will be discussed in Section 4.1.1.

2. Ways to initialize populationA common way is to randomly

and uniformly sample the search space, which is used in the

7

4.1.2 Genetic Operators

. Crossover.Given two parents, the operator compares them

to find two clusters with most common vertices and ex-
change them, and get rid of the repeated vertex indices in
other clusters and randomly merge absent vertex indices int
the cluster which is neighbor to the index’s original cluste
and at the same time make changes to tag arrays. For exam-
ple, two selected parent genomes are one with vertex array

Copyright © 2004 by ASME



Vertex Index i i, i, i b
I [l [l [l ] ]
I T T T T 1
LocusIndex ;] 2 3 ’ kl n
Tag Index ¢ 3 k n
(a)
bbbk kb ko hy By
o o N B e e B
’I 2 3{45 6 7 819 10 11 12
0 3 8 12

Vertex Array: i, i, i i
Tag Array: 0 3 8 12

®)

Figure 5. GENOME STRUCTURE. (a) GENERAL STRUCTURE, (b) AN
EXAMPLE.

E ok b ok h by By By

[1,5,8 ||,3,9,2,6,4 ||,11,10,7,12 & tag array0,3,8,12]
and one with vertex array5,8,112 |,3,9,4,6 ||,1,10 ||
,12,7] & Tag array[0,4,8,10,12]. The most common clus-
ters are{3,9,2,6,4} and {3,9,4,6}. We exchange them,
and delete or merge other repeated vertices in other ctuster
and get two offsprings: one with vertex arrél;5,8,2, ||
3,9,4,6,11,10,7,12) & tag array0,4,8,12 and one with
vertex array[5,8,11 |,3,9,2,6,4 |,1,10 |,12,7] & tag
array[0, 3,8,10,12].

2. Mutation. There are two kinds of mutation operators: one
on tag arrays and the other one on vertex arrays.

Tag Mutation.Deleting and adding a tag in arrays; or
drift tag position between its two neighbor tags.
Vertex Mutation. Moving randomly chosen vertex
from the cluster it belongs to to another randomly
chosen cluster; Reordering the vertex index order in
vertex arrays. One reordering operator is inversion.
For instance, a vertex arrdf2,5,3, 1, 6] will become
V|[6,1,3,5,2] after inversion.

4.2 An Example

A graph with 16 vertices is shown in Figure 6. In genetic
algorithms, population size is set 50, crossover rate $tru-
tation rate at @, and the aggregation functid®(n) is set as
C(n) = 0.5% (hmax— n) + 1. Figure 7 shows the convergence
of genetic algorithm, and Figure 8 shows the best modulacstr
ture found by the algorithm. In another experiméit)) is set as
C(n) = 2.0« (nmax— n) + 1, the result structure is shown in Fig-
ure 9. It shows that the aggregation should not be too striong.
fact the aggregation function is to balance the significari¢ke

Figure 6. A GRAPH.

0.17 4

0.16

0.15

0.14 4
Average
————— Best

Fitness

0.13 4

0.12 4

0.11 4

0.10 .

T T T T
0 200 400 600 800

Generation

Figure 7. THE CONVERGENCE OF GENETIC ALGORITHM.

modularity at different levels. If the aggregation emphasithe
lower levels too much, the measure will favor the structuvits
less modules at lower levels. As shown in the Figure 9, there a
only two modules.

5 DISCUSSION AND FUTURE WORK

Here, the primary result on an example abstract graph shows
that the information measure of modularity could be appliea
However, the encoding methods for attributes and the measur
on hierarchical modular structures still need to be verffigther
on more complex and real physical system. Some further work
is needed to study the effect of aggregation functions, afidd
the best aggregation function (and coefficients) for ereging
practice.

The evolutionary technique showed in Section 4 could be

Copyright © 2004 by ASME



Figure 8. THE BEST MODULAR STRUCTURE FOUND FOR THE
GRAPH.

useful in engineering design to break a system up into msdule
Additional methods to represent genomes operators need to b
developed to apply this approach to more complex and hierar-
chial modular structures.
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