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Abstract

Modularity is widely used in system analysis and design such as complex engineering products and their
organization. Also, modularity is the key to solve optimization problems efficiently via problem
decomposition. We first discover modularity in a system, and then leverage this knowledge to improve the
performance of the system. In this chapter, we tackle both problems with the alliance of organizational
theory and evolutionary computation. First, we cluster the dependency structure matrix (DSM) of a system
using a simple genetic algorithm (GA) and an information theoretic based metric. Then we design a better

GA through the decomposition of the optimization problem using the proposed DSM clustering method.

1 INTRODUCTION

Modularity is ubiquitous (Schilling, 2002). The concept can be found in and applied to many disciplines:
biology (Hartwell et al., 1999; Andrews, 1998), psychology (Fodor, 1996), social networks (Newman &
Girvan, 2004; Guimera et al., 2003), engineering design (Ishii & Yang 2003; Fixson, 2003), engineering
optimization (Altus et al., 1996), and software development (Sullivan et al., 2001), to name a few. Such
modular structure in many of these natural and man-made complex systems is believed to improve the
functionality, performance, and robustness of these systems (Alon, 2003; Baldwin & Clark, 2000). It allows
increased product or organizational variety (Ulrich & Eppinger, 2000), increased rates of technological or
social innovation (Baldwin & Clark, 2000); increased opportunities for market dominance through interface
capture (Moore, 1999), and increased specialization at firm level which in turn may allow more flexible

response to environmental change (Sanchez & Mahoney, 1996).



Therefore, revealing the modular structure of complex systems is crucial for developing performance
enhancements techniques. In other words, we first have to discover modularity in a system, and then leverage
this knowledge to improve the performance of the system. In this chapter, in particular, we first propose a
genetic algorithm (GA) based method to discover the modular structure of a decomposed system (e.g. a
product or organization), then we propose a new, improved genetic algorithm based on the modular
arrangement of the system.

The proposed clustering method is developed based on a matrix representation of a graph (called the
dependency structure matrix or DSM (Yassine & Braha, 2003)), the minimum description length (MDL)
principle (Rissinen, 1978 and 1999; Barron et al., 1998; Lutz, 2002), and a simple genetic algorithm (GA)
(Goldberg, 1989). The method is capable of partitioning the product (or organizational) architecture into an
optimal set of modules (or teams) and can be fine tuned to mimic clustering arrangements proposed by
human experts. Our proposed clustering algorithm is an improvement over other existing algorithms for two
reasons: (a) existing algorithms are manual, very dependent on human expertise, and consequently hard to
automate or replicate (McCord & Eppinger, 1993; Pimmler & Eppinger, 1994; Stone et al., 2000; Gonzalez-
Zugasti et al., 2000); (b) existing algorithms use simple mathematical constructs to discriminate between
modules and consequently these algorithms collapse when confronted with complex product architectures
(Fernandez, 1998; Thebeau, 2001; Whitfield et al., 2002).

It is interesting that the clustering techniques can help us design better a GA, which decomposes the
optimization problem by recognizing the modularity between decision variables. Holland (1975) has
suggested that operators learning linkage information to recombine alleles might be necessary for GA success.
Many such methods have now been developed to solve this including perturbation (Goldberg et al., 1989;
Goldberg et al., 1993; Kargupta, 1996; Munetomo & Goldberg, 1999), linkage learning schemes (Harik &
Goldberg, 1996; Smith, 2002), and model building schemes (Bosman & Theiren, 1999; Harik, 1999; Pelikan
et al., 1999). The genetic algorithm developed in this chapter adds to the literature of competent GAs with a
method inspired by organizational theory. In particular, the proposed dependency structure matrix genetic
algorithm (DSMGA) is able to identify BBs with the help of a DSM and accomplish BB-wise crossover. As
the experimental results suggest, compared to a simple genetic algorithm, the DSMGA is able to maintain a

reliable solution quality under tight, loose, and random linkage with the same amount of function evaluations.



The rest of the chapter proceeds as follows. The next section provides a quick overview of the DSM
method. In Section 3, we propose a metric to evaluate different architectural arrangements based on the MDL
principle. Section 4 describes the MDL-DSM clustering methods in detail and shows several illustrative
examples. In Section 5, we demonstrate this new clustering method using a DSM for a 10 MWe gas turbine.
In Section 6, we utilize this DSM clustering method to design a better genetic algorithm—DSMGA. Finally,

Section 7 concludes the chapter.

2 THE DEPENDENCY STRUCTURE MATRIX (DSM) METHOD

A DSM is a matrix representation of a graph (Steward, 1981). The nodes of the graph (which represent
components of a product or system) correspond to the column and row headings in the matrix (Eppinger et
al., 1994; Yassine & Braha, 2003). The arrows (which represent relationships between components)
correspond to the “X” marks inside the matrix. For example, if there is an arrow from node C to node A, then
a ‘X’ mark is placed in row A and column C. Diagonal elements have no significance and are normally
blacked-out or used to store some element-specific attribute(s). Alternatively, number “one” can be placed

instead of an “X™ and “zero” instead of a blank. This makes the DSM a binary matrix with entries d; =0 or

1.

Once the DSM for a product is constructed, it can be analyzed for the identification of modules; a
process referred to as clustering. The goal of DSM clustering is to find subsets of DSM elements (i.e.,
clusters or modules) that are mutually exclusive or minimally interacting. In other words, clusters contain
most, if not all, of the interactions (i.e., DSM marks) internally and the interactions or links between separate
clusters is eliminated or minimized (Fernandez, 1998). As an example, consider the DSM in Figure 1. As can
be seen in Figure 1(b), the original DSM was rearranged (by simply swapping the position of rows and
columns) to contain most of the interactions within two separate blocks or modules: AF and EDBCG.
However, three interactions are still outside any block. An alterative arrangement is suggested in Figure 1(c).
This arrangement suggests the forming of two overlapping modules (i.e., AFE and EDBCG).

The DSM representation of a system/product architecture have proved useful because of its visual appeal
and simplicity and numerous researchers have used it to propose architectural improvements by simple

manipulation of the order of rows and columns in the matrix (McCord & Eppinger, 1993; Pimmler &



Eppinger, 1994). In an attempt to automate this manual process of DSM inspection and manipulation,
Fernandez (1998) used a DSM model with a simulated annealing search techniques in order to find “good”
DSM clustering arrangements. In his approach, each element is placed in an individual set and bids evaluated
from all the other sets (clusters). If any cluster is able to make a bid that is better than the current base case
then the element is moved inside the cluster. The objective function is therefore a trade-off between the costs
of being inside a cluster and the overall system benefit. Sharman and Yassine (2004) attempted using the
clustering algorithm described in Fernandez (1998) on an industrial gas turbine. However, he showed that
this algorithm is incapable of predicting the formation of “good” clustering arrangements for complex
product architectures due to the oversimplification of the objective function utilized and the frequent
susceptibility of the search algorithm used to be trapped in local optimal solutions. In a similar venue,
Whitfield er al. (2002) used genetic algorithms to form product modules. Their algorithm is also built upon
the same concepts introduced by Fernandez and as such suffers from similar problems.

The problem with applying automated clustering algorithms to complex DSMs is that they find it hard to
extract the relevant information from the data, and then to convey it to the user. This is most noticeable in the
poor handling of overlapping clusters, bus modules, and three-dimensional structures (Sharman & Yassine,

2004).

3 MINIMUM DESCRIPTION LENGTH (MDL) BASED METRIC
The lack of an efficient clustering method particularly suited for analyzing product and organizational
architectures motivated us to seek a better clustering metric based on information theoretic measures.
Sharman and Yassine (2004) outlined the requirements necessary for the development of a new clustering
metric and its corresponding algorithm:

1. The algorithm should be able to suggest the optimal number of clusters.

2. The algorithm should be able to detect the existence of bus modules.

3. The algorithm should be able to detect overlapping clusters and three dimensional structures.
While the above two requirements can be addressed by the appropriate choice of a clustering metric, as will
be discussed in Section 4, the third requirement is directly related to the proposed search strategy and the

encoding.



3.1  Model Description

Suppose that we have a model which describes a given product structure or a data set. Usually, the model
does not completely describe the given data; otherwise, the model would become too complicated. Therefore,
the description length needed to describe the whole given data consists of two parts: the model description
and the mismatched data description. This scheme may be easier to understand in light of the following
sender-receiver example.

Assume a sender has a given data set which is needed by the receiver. Given a model that approximately
(i.e., not exactly) describes the given data set, the sender first sends the model (i.e., model description) to the
receiver. To ensure that the receiver gets exactly the same data set, the sender is also required to send the data
which are mis-described (i.e., mismatched data description) by the model sent earlier. If the model is too
simple, the model description is short; but many data mismatches exist and the mismatched data description
becomes longer. On the other hand, a complicated model reduces mismatched data, but the model description
is longer.

The minimum description length (MDL) principle (Rissinen, 1978 and 1999; Barron et al., 1998; Lutz
2002) satisfies our needs for dealing with the above tradeoff. The MDL can be interpreted as follows: among
all possible models, choose the model that uses the minimal length for describing a given data set (that is,
model description length plus mismatched data description length). There are two key points that should be
noted when MDL is used: (1) the encoding should be uniquely decodable, and (2) the length of encoding
should reflect the complexity. For example, the encoding of a complicated model should be longer than that
of a simple model. Next, we define the MDL clustering metric in detail.

3.2  Model Encoding

The way we encode the model is straightforward. The description of each cluster starts with a number which
is sequentially assigned to each cluster, and then this is followed by a sequence of nodes in the cluster. Figure
2 shows a DSM clustering arrangement and the corresponding model description. It is easily seen that the
length of this model description is as follows:

n,

> (logn, +ci; - logn, ), 1)

i=1



where n, is the number of clusters in the DSM, n,, is the number of nodes, ¢/; is the number of nodes in the
i" cluster, and the logarithm base is 2. In the example of Figure 2, n, = 2 clusters, n, =8 nodes, c/; =3, and
cl, = 4. The table in the figure reads as follows: “cluster 1 has 3 nodes: B, D, and G; cluster 2 has 4 nodes:
A, C E, and H”

If n, and n, are known, it is not difficult to see that the above model description is uniquely decodable.
When n, is given, and assumingn. <n, , then |ogn bits are needed to describe n.. The logn, bits are

fixed for all models, and therefore they are omitted without loss of accuracy.
3.3  Mismatched Data Description

Based on the model, we first construct another matrix (call it DSM"), where each entry d'; is “1” if and only

if: (1) some cluster contains both node i and node j simultaneously, or (2) The bus contains either node i or

node j. Then, we compare d'; with the givend,; . For every mismatched entry, where 4'; =4, we need a

description to indicate where the mismatch occurred (i and ;) and one additional bit to indicate whether the

mismatch is zero-to-one or one-to-zero. Define the following two mismatch sets: 5, ={(i, j)|d;, =0,d;'=1}
and S, ={(i,/)| d; =1,d,'=0}. We call the mismatch that contributes to S, the type 1 mismatch, and the

mismatch that contributes to S, the #ype 2 mismatch. The mismatched data description length is given by:

> (logn, +logn, +1)+ > (logn, +logn, +1). @)

(i,/)eSy (i./)€S,
The first logn, in the bracket indicates 7, the second one indicates ;, and the additional one bit indicates the
type of mismatch.
3.4  MDL Clustering Metric
The MDL clustering metric is given by the weighted summation of the model description length given in
Section 3.2 and the mismatched data description given in Section 3.3. With some arithmetic manipulations,

the metric can be written as follows:
Fosu(M) = (1—a—ﬂ)-(nc logn, +Iogn£c4}+a-ﬂ S,1(2logn, +1)]+B-[ S, | (2logn, +1)], 3
i=1

where o and £ are weights between 0 and 1. Here we use weighting in order to match the preference of

human experts. This becomes more evidential in the case study. The « and g setting is not a simple task. A
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naive setting is « = # =1/3. In Section 4, we adjust « and £ to mimic the behavior of a manual clustering
arrangement.

Finally, the objective is to find a model M that minimizes /), . In other words, f,, is the length (in
bits, when the logarithm is taken in base 2) that model M needs to describe the given data.
3.5 From Binary DSM to Weighted DSM
Most real-world DSMs are real valued or contain information of different levels of interaction strength.
Therefore, it is necessary to extend our algorithm to be capable of clustering weighted DSMs. If we
normalize a weighted DSM so that every entry in the DSM is between 0 and 1, the value of each entry can be
considered as the probability of communication. This is consistent with binary DSMs. In a binary DSM,

d,=1can be thought as that node i communicates with node j with probability 1. The same interpretation is
also valid for d;=0. Based on the interpretation, we can modify the MDL scoring metric as follows. First,
the entries ¢, in the DSM is normalized to p, = (d,.,. -d, )/(armax ~d,,), where 4 —max, d, and

d in :minw. d; . The formula of the description length of model complexity remains the same. The

mismatch sets for type 1 and type 2 are modified as S, = Z(l— pl.j) and S, = ) p, , respectively. The
dy'=1 dy'=0

modification is so because entry ij has a probability (1-p,) to be a type 1 mismatch if it is inside a cluster,

and a probability p; 1o be a type 2 mismatch if it is outside clusters.

4  THE PROPOSED CLUSTERING ALGORITHM

To use a GA with the MDL clustering metric, an encoding method that encodes a clustering arrangement into
a chromosome is needed. As indicated in Section 3, the encoding should deal with overlapping clusters and
three dimensional structures. As long as the encoding allows that a node belongs to several different clusters,

the GA is able to detect overlapping clusters and three dimensional structures.

The chromosome is a binary string of (#n, - n,) bits, where #_ is predefined maximal number of clusters,
and n, is the number of nodes. The (x+n, - y)-th bit represents that node (x+1) belongs to cluster (y+1).

The last cluster is treated as a bus. For example, in Figure 2, n, =8, and given n, is 3, then the model can be



described by the following chromosome shown in Figure 3. When manipulated, the chromosome is
transformed into a binary string which is a concatenation of all rows.

With the above encoding scheme, now it is sufficient to apply the proposed MDL clustering metric to a
GA to create a DSM clustering algorithm. At the beginning, a population of (encodings of) DSM clustering
arrangements is randomly initialized. The MDL clustering metric is then applied to each DSM clustering
arrangement, and the description length of each DSM clustering arrangement is obtained. With the
evaluations, a GA with (A+u) selection, uniform crossover, and simple mutation searches the DSM clustering
arrangement with a minimal description length.

The parameters o and $ in Equation 3 can be tuned by the use of Widrow-Hoff iteration (or Delta rule)
(Widrow & Hoff, 1960), so that the GA results would have similar ratios for the description length as human

experts. For more details, refer to Yu et al. (2004).

5 CASE STUDIES

In this section, the proposed DSM clustering algorithm is tested on a real-world DSM for a 10 MWe gas
turbine (Sharman & Yassine, 2004). The DSM for a generic 10 MWe gas turbine driven electrical generator
set was constructed by decomposing it into 31 sub-systems. The sub-systems initially were listed randomly in
the DSM and then tick marks denoting material relationship from one sub-system to another were inserted.
Figure 4 shows an attempt at manually clustering the DSM (Sharman & Yassine, 2004). This took few
manual changes to the order of elements in the initial DSM, which revealed the clusters marked in the figure.
After inspection of the clusters, they were given names to identify them. Readers are referred to Yu, et al.
(2004) for more real-world DSMs case studies.

5.1  Automated Clustering Using the Proposed MDL-GA

By inspecting several expert-clustered DSMs in Yu, et al. (2004), the average ratios of the description lengths
of the model, type 1 mismatch, and type 2 mismatch is set as the average of 0.0784: 0.8116:0.1102. The
maximal number of clusters is set to half of the number of nodes. Hence the length of the chromosomes for
the DSM for the 10 MWe gas turbine is 15x31=465. Crossover probability is set to one, and mutation
probability is set to one over the chromosome length. The GA is terminated if there is no improvement in
fifty generations. A set of experiments showed that (4250+4250) selection produces satisfactory results.

Since the number of Widrow-Hoff iterations is limited to 10, then after 10 iterations, the best run is chosen
8



according to the minimal sum of squared errors. The objective ratios and the experimental ratios obtained
from the 10 Widrow-Hoff iterations are shown in Figure 5. Finally, applying the proposed MDL-GA
clustering algorithm resulted in Figure 6.

5.2  Discussion of Results

Figures 7 and 8 show the clustering arrangements, mismatches, and description length performed by human
experts manually and the proposed MDL-GA algorithm. According to Figure 8, the proposed MDL-GA
clustered the gas turbine DSM with a less complex model and fewer mismatches, and the MDL-GA gave a
shorter total description length. If the MDL-GA clusters the DSMs using the specific weights tuned for the
individual case, then it will find a better arrangement (i.e., less complex models and fewer mismatches), as
depicted by the results of Figure 9. In this case, the MDL-GA gave shorter description lengths in all three
categories: model, type 1 mismatch, and type 2 mismatch.

Furthermore, according to Figure 8 we can see that the magnitude of type 1 mismatch is always larger
than type 2 mismatch. In other words, human experts tend to endure type 1 mismatch (i.e., inside clusters)
more than type 2 mismatch (i.e., between clusters). This observation is intuitive if we consider that system
engineers tend to pay more attention to minimizing interactions between clusters (i.e., product modules or
design teams) than interaction patterns inside a cluster. Therefore, an automated algorithm that would mimic
human clustering would be biased in the same direction.

These results can be interpreted by two points of view. If the MDL is a more appropriate criterion for the
clustering problem, then the GA provides better solutions than humans. On the other hand, if human
clustering is more appropriate due to considering several subtle constraints which were not observed by the
GA, then the problem is how to “tune” the MDL-metric to mimic human experts’ preference. As an initial
attempt, we have accomplished that by tuning the weights (w, w,, w3) according to the method described in
Section 4. However, our point of view is that the MDL-GA need not provide better results than human expert
clustering, but the ability to devise an automated algorithm capable of producing competitive clustering
arrangements aligned with human expertise. The proposed method provides a consistent, systematic, and
automatic way to cluster DSMs, and the clustering results can be either used directly, or used as an initial

clustering arrangement for human experts to tune.



6 DEPENDENCY STRCTURE MATRIX GENETIC ALGORITHM

The modularity among people in an organization suggests an optimal teaming, and hence minimizes the co-
ordinate cost in the organization. The modularity among product components of a product line suggests an
optimal parallelism, and hence maximizes the benefit for the product line. Similarly, the modularity among
decision variables of an optimization problem suggests an optimal problem decomposition, and hence en-
sures the optimization problem can be solved quickly, reliably, and accurately (Goldberg, 2002).

In this section, we develop a technique for extracting building block (BB) information by the DSM
clustering technique presented in previous sections, called a dependency structure matrix genetic algorithm
(DSMGA) (Yu et al., 2003). DSMGA is able to properly decompose the optimization problem with the help
of DSM clustering, and then solves the problem by BB-wise crossover.

6.1  Descriptions of DSMGA

This section constructs DSMGA. The DSMGA consists of three main tasks: Constructing a DSM
representing interactions between pairs of genes, clustering the DSM to obtain BB information, and perform
BB-wise crossover by exploiting the BB information. This section describes the framework of the DSMGA,

and how to accomplish the three tasks mentioned above.

6.1.1  The Framework of the DSMGA

There are two levels of evolutionary algorithms in the DSMDGA: One is to solve the given problem, called
the primary GA, and other one is to solve the building block (BB) identification problem, called the auxiliary
GA. The basic idea of the DSMGA is to use the auxiliary GA to identify BBs, then the primary GA solves the
optimization problem by utilizing the BB information.

Basically, the auxiliary GA receives a DSM which represents the dependencies between genes from the
primary GA. After solving the DSM cluster problem, the auxiliary GA returns the BB information back to the
primary GA, and the primary GA utilizes the BB information to accomplish BB-wise crossover. More details
about the DSM construction and the auxiliary GA can be found in following subsections. Additionally, unlike

a meta-GA (Mercer & Sampson, 1978), the auxiliary GA in the DSMGA does not consume function
evaluations of the given problem. Instead, the auxiliary GA uses only the MDL clustering metric, f,,

(Equation 3), as described in section 3.4, which is much less computationally expensive than many real-

world objective functions.
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6.1.2 DSM Construction

The way that the DSMGA detects the dependency of gene i and gene ; is similar to LINC and LIMD

(Munetomo & Goldberg, 1999). Define f(a, = x, a,= y) as the fitness value of the schema where the i-th
gene is x, the j-th gene is y, and the rest are * (wild card). For example, for ;=2 and ;=5 in a 5-bit problem,
f(a,=0,a,=1)=f(*0**1) . If the i-th gene and the the j-th gene are independent (linear),
f(a,=0,a,=1)~f(a,=0,a,=0) and f(a, =La,=1)~ f(a,=1a,=0) should be the same.
Therefore, the interaction (nonlinearity) between the i-th gene and the the j-th gene is defined as following:
A, = f(a,=0,a;,=1)~f(a,=0,a,=0)- f(a,=La, =1+ f(a, =L a, =0)|. 4)
However, the fitness value of schemata cannot be computed unless every possible combinations are
visited. Now the task is to approximate Ay‘ with S which is computed based on the individuals seen so far.

First, define the sampled fitness of a schema in the population of #th generation as

1
fla,=x,a;,=y)" =— > f(a), where ¢ is the generation, P, is the the population of the +th

o 4€Pa=x.a,=y
generation, f'is the fitness function, « is an individual where its i-th gene is x and j-th gene is y, and 7, is the
number of such « in the population. We call that f(a, =x,a, =y)" is undefined if n, is zero. The
information of interactions gathered from the population is
s; =l f(a,=0,a,=1)" - f(a,=0,a, =0)" - f(a,=La,=1)" + f(a, =L a, =0)"|. s is undefined if
any of the f(a,,a,)" is undefined.

To utilize all individuals of all populations seen so far, sf/ is then averaged over generations. Defining a

. . A 1 t=T )
set D ={s; |s; isdefined.}, the average of sfj is expressed as s, =—— . s, , where T is the current

t=1,s;;€D

generation. With a threshold 6, sfj is then transferred into 0-1 domain, and a DSM is constructed:

®)

0,if 5, <.
it s, > 6.
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The threshold is calculated by the k&-mean algorithm (Hartigen & Wong, 1979) by setting £=2. The threshold

can also be set according to some prior knowledge if available.

6.1.3 BB-wise Crossover

After the BB information is obtained from the auxiliary GA, BB-wise crossover can be achieved in the
primary GA level. The BB-wise crossover is like an ordinary allele-wise crossover, but instead of mixing
genes, the BB-wise crossover mixes BBs and will not disrupt BBs. The order of BBs is not significant
because BBs have no (or little) interaction with each other by definition. For more details about BB-wise
crossover, refer to Thieren and Goldberg (1994).

6.2  Empirical Results

The experiments were done by using a simple GA (SGA) as a test platform. The DSMGA tested here is a
simple GA with the the DSM construction and an auxiliary GA with the MDL clustering metric. The test

function is a 30-bit MaxTrap problem composed of 10, 3-bit trap functions. The 3-bit trap is given by

0.9, ifu=0

_J0.45,if u=1 ©
w0, ifu=2"
1.0, ifu=3

where u is the number of 1's among the 3 bits.
Three linkage cases were tested: tight linkage, loose linkage, and random linkage. Define U(x) as a

counting function which counts the number of 1's in x. In the tight linkage test, genes are arranged as

fitness = (U(x,,x,,x5))+ f (U, %5,%,))+ f . (U(x;,x4,%,))+---. On the other hand, in

trap trap trap
the loose linkage test case, genes are arranged as

ﬁtness = f‘traps (U(Xl, X111 X9 )) + ft

rap

S(U(xy,x5,%)) + f,

vap® (U(x3,%55,%,))+--- . In the random
linkage test case, genes are simple arranged randomly. For more details about this test scheme, see Goldberg
et al. (1989).

Given the failure rate to be 1/10, the population size is set as 182 by the gambler's ruin model (Harik et
al., 1997; Miller, 1997). In the primary GA, binary tournament selection was adopted, and no mutation was
used. In the auxiliary GA, the maximal number of cluster #, is 10 (equal to m), and the mutation probability
p,, Was set to be 1/30. A (A+u) selection was adopted, where A=5 and ¢=500.

12



Figure 10(a) shows the performance of the SGA using two-point crossover. The SGA worked only for
the tight linkage case. For loose and random linkage cases, SGA did not work because of BB disruption.
Correspondingly, Figure 10(b) illustrates the performance of the DSMGA using BB-wise two-point crossover.
The DSMGA converged for all three tests. Even in the tight linkage test, the DSMGA (converged at the 22th
generation) outperformed the SGA (converged at the 40th generation) because DSMGA disrupted fewer BBs.
This argument can be verified by Figure 11, which shows the DSM created by the DSMGA for the tight
linkage case. The prefect result is 10, 3-bit clusters located on the diagonal. As the figure indicates, at the
fifth generation, the DSMDGA were able to identify eight BBs; the DSMDGA has successfully identified all

BBs at the tenth generation.

7 SUMMARY AND CONCLUDING REMARKS

The chapter started with a delicious circle. We sought to discover modularity with the aid of a genetic
algorithm, and at the same time we sought to improve genetic algorithms through the discovery of modularity.
Although circular reasoning sometimes leads to logical inconsistency, here a stepwise process led to success
on both counts. In this chapter, we first presented the concept of DSMs. Then we introduced the MDL
concept and used it as a metric for the proposed clustering objective function. The MDL-based metric was
then used with a simple GA to cluster weighted graphs or their corresponding DSMs. We applied the MDL-
GA to a real-world problem—a DSM of a 10 MWe gas turbine. The results were compared to manual
clustering to show the promise of automated clustering using GAs, and the parameters can be tuned to mimic
expert clustering arrangements. Finally, the DSM clustering technique was utilized to develop a competent
GA—DSMGA. A series of experiments showed that DSMGA are capable of properly decomposing the
optimization problem and is much more powerful than a simple GA.

The DSM is a powerful tool for representing and visualizing product architectures. This representation
allows for the analysis and development of modular products by clustering the DSM. Clustering algorithms
are scarce and inefficient especially when confronted with complex product architectures as in the reported
case studies. The MDL-GA clustering algorithm presented in this chapter was capable of identifying complex
clustering arrangements and overcoming many of the difficulties observed in previous clustering tools. The
proposed DSM clustering method has the following unique features: (1) it accounts for bus modules, (2) it

allows overlapping modules, (3) it is specifically designed to overcome DSM manual/human clustering
13



problems, (4) it has a unique information theoretic clustering measure, (5) it has the tuning capability to
mimic human experts’ clustering, (6) it allows tuning of GA parameters for specific types of products by
human experts (i.e., different parameters/weights for different products), then the tuned algorithm (i.e.,
particular weights) can be used repeatedly by others (e.g., non-experts) for similar products, or future
generations of the same product. As future work, several possible steps can be taken to further refine the
proposed method. These efforts include an extension to multi-objective clustering, where the values of entries
in the DSM represent different types of dependencies between two nodes (Schloegel et al., 1999). Along
similar lines, a more explicit representation of domain specific expert knowledge may allow for better tuning
of the weights of the model description, and more experiments (i.e., case studies) might be needed to find the
real preference of human experts (Nascimento & Eades, 2001). Furthermore, the proposed method is capable
of identifying buses and overlapped clusters, but other predominant architectural features may also need to be
identified and incorporated into the MDL clustering metric. One such example is the concept of a mini-bus or
a floating bus discussed in Sharman and Yassine (2004).

Interestingly, the MDL-DSM combination also led us to investigate the dual problem of using DSM
clustering to design a more effective genetic algorithm—DSMGA (Yu et al., 2003). DSMGA utilizes the
DSM clustering technique to identify BBs. An MDL clustering metric used by the auxiliary GA was
constructed for the DSM clustering problem. Empirical results have shown that using the BB information
obtained by the DSM clustering technique can help the convergence of GAs on tight, loose, and random
linkage problems. Just as the DSM clustering results can be reused in organization, the BB information
obtained from DSM clustering can also be used in similar optimization problems. In other words, DSMGA
creates a specific crossover operator for the given problem. For more information of such reusability, refer to
Yu and Goldberg (2004). Furthermore, DSMGA can be readily extended to solve hierarchical problems
(Pelikan & Goldberg, 2001), and also combined with principled efficiency-enhancement techniques such as
fitness inheritance (Sastry et al., 2004) and time continuation (Lima et al., 2005).

There are many examples in this volume of nature inspired computing coming to the aid of management
and commerce, and this chapter is certainly to be counted among their number. The use of a genetic
algorithm and an MDL metric to improve our understanding of organizational and product design is no mean
feat; however, this chapter took the additional step of using ideas from genetic algorithms and organizational

theory to improve the toolkit of nature inspired computation itself.
14



We believe that this two-way street can be profitably exploited more often that it currently is because
natural computation and organizations both are so intricately tied to successful adaptation and innovation.

We invite other researchers to join this quest for both metaphorical and mechanical inspiration going forward.
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diagonal.

21



>

X

X

XX

X

X

XX

X
X
X

(a) Original DSM

(b) Clustered DSM

(c) Alternative Clustering

Figure 1: DSM clustering examples.
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Figure 2: Above is a clustering arrangement of a DSM. Below is the associated model description.

Node A|IB|CI|DI|E|F|G|H
Cluster 1 o110l ]O0]O]11]0O
Cluster 2 I1jo]J1jJofj1j]0]0]1
Bus O]J]0]JOJO]J]O]JO]JO]O

Figure 3: A chromosome that represents the model shown in the lower part of Figure 7. The binary
string manipulated is 010100101010100100000000.
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Figure 4: Manual clustering of the gas turbine with named clusters (The numbers (1, 2, and 3) in the
figure represent varying dependency strengths)

w, w, W, Description length ratios
Objective 0.0784 0.8116 0.1102
Results 0.4533 | 0.1228 | 0.4239 0.0729 0.8154 0.1117

Figure 5: Results of the Widrow-Hoff iterations. The first row is the objective ratios of description

lengths. The second row shows the resulted ratios and the weights that produce such ratios.
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Figure 6: Clustering arrangement by the proposed GA for the gas turbine DSM

n, cl, |S1| |S2|
Manual 8 2,3,3,36,7,8,13 342.33 17.67
GA 6 3,3,5909 11 233.67 32.00

Figure 7: Comparisons of the clustering arrangements given by human experts and the proposed GA.

P Type 1 Type 2 Total Weighted
Description length Model | ismatch | mismatch | Description Length
Manual 262.57 3897.93 192.71 3205.38

GA 227.89 2548.93 349.07 2125.05

Figure 8: Description length and mismatches of the DSM clustering arrangement done by human
experts versus by GAs.
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P Typel Type 2
Description length Model mismatch mismatch

Manual 262.57 3897.93 192.71

GA 208.72 3421.60 174.53

Figure 9: Comparisons of the clustering arrangements given by human experts and the proposed GA
using the weights according to the respective human clustering arrangement. It is worth noting that
the results given by the GA dominate in all three categories.
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Figure 10: (a) The performance of the SGA with two-point crossover. (b) The performance of
the DSMDGA with BB-wise two-point crossover.
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Figure 11: The DSMs created by the DSMDGA in the tight linkage test. From the left to the
right, the DSMs are created at generation 0, 5, and 10, respectively. The perfect result should be 10,
3-bit clusters on the diagonal.
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