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Abstract—Many multimedia communication applications re-
quire a source to send multimedia information to multiple des-
tinations through a communication network. To support these
applications, it is necessary to determine a multicast tree of
minimal cost to connect the source node to the destination nodes
subject to delay constraints on multimedia communication. This
problem is known as multimedia multicast routing and has been
proved to be NP-complete. This paper proposes an orthogonal
genetic algorithm for multimedia multicast routing. Its salient
feature is to incorporate an experimental design method called
orthogonal design into the crossover operation. As a result, it can
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search the solution space in a statistically sound manner and it is
well suited for parallel implementation and execution. We execute i

the orthogonal genetic algorithm to solve two sets of benchmark J\ 3
test problems. The results indicate that for practical problem (Jffn—fff;f,{}
sizes, the orthogonal genetic algorithm can find near-optimal

solutions within moderate numbers of generations. (a)

Index Terms—Genetic algorithm, multimedia multicast rout- B
ing, NP-complete. Ty o

destinations through a communication network. Several appli-
cation examples include the following.

1)

2)

3)

I. INTRODUCTION

ANY multimedia communication applications require
a source to send multimedia information to multiple

€ : source node
) ) ) ) @ : destination node
In a multiparty multimedia teleconference, the video and

voice captured at each conference site are sent to all the
other conference sites so that all the conferees can see
and communicate with each other in real time [2]—[3].

In a remote video lecture for distant education, the video ()

and voice of the instructor are sent to all the studen®. 1. An example of a multicast tree. (a) A communication network; both

through a communication network 4} D L et e e el o
In video-on-demand systems, the major bottleneck Is o

to retrieve video from the disks [5]. To relieve this

bottleneck, we can batch a number of customer requedts support these applications, it is necessary to determine a

for the same video object and then use one 1/O strednulticast tree of minimal cost [1], [6] for every communication

to serve multiple customers [5]. Using this methodsession. Through this multicast tree, the source node can send

multimedia information is sent from the video servemultimedia information to all the destination nodes. Since

to multiple customers. multimedia information cannot be excessively delayed [7], the
total delay from the source node to any destination node must
be smaller than a given requirement. Fig. 1 shows an example
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nodes. This problem is NP-complete [8]-[9], however, and TABLE |

the Kompella’s heuristic algorithm takes a pseudopolynomial AN EXPERIMENTAL DESIGN PROBLEM WITH THREE
. FACTORS AND THREE LEVELS PER FACTOR
time.

Zhu et al. [6] proposed another heuristic algorithm for Temperature (A) 80°C 85°C 90°C
multimedia multicast routlr_wg. This algorithm is also required Time (B) 10see | 20sce 1 30 sec
to solve the delay-constrained shortest path problem.

Amount of Catalyst (C) 1 mg 2 mg 3mg

Evolutionary algorithms are promising for solving many
hard optimization and search problems [10]-[14]. Two genetic
algorithms were proposed to solve the multicast routing prob-
lem without delay constraint§16], [17]. In these algorithms,  The multimedia multicast routing problem is to determine a
one of the steps is to compute the shortest paths betwggfisicast tree connecting the source node to every destination
all pairs of nodes in the network. If we directly modify,qqe such that the cost of this tree is minimal while the
these algorithms to include the delay constraints, the resultipfy| delay from the source node to any destination node is
algorithms must solve the delay-constrained shortest paiiyajier thanA. Mathematically, the problem is to find a tree
problem (i.e., solve an NP-complete problem). To the begt _ (Vr, Er) (whereVy € V and E; C E) such that the

of our knowledge, there is no existing genetic algorithm fqg5| cost of this tre&” . .. C(e) is minimized subject to the
multimedia multicast routing. It is desirable to design a ge”etl'GIIowing two constraihts:T

algorithm that is not required to solve any hard subproblem )
but can give nearly optimal solutions for multimedia multicast D {shus < Vi
9 yop 2) X ecpspy P(e) < Aforeveryv € S, whereP(s,v) is

routing. _—
We recently advocated incorporating experimental design a set of edges constituting the path from source node
N y 0 P g exp eslg to destination node in the tree?".

methods into the genetic algorithm [18]. Our main idea is
based on the observation that some major steps in the genetic
algorithm can be considered to be “experiments.” For example, lIl. EXPERIMENTAL DESIGN METHODS

the sampling of genes from the parents for crossover can ben this section, we briefly introduce the concept of experi-
considered to be an experiment. If we apply the sophisticatgféntal design methods. For more details, the readers can refer
experimental design methods [19] to strengthen these expgr{19] and [20].
iments, the resulting genetic algorithms can be statistically To aid explanation, we consider the following example.
sound and have a better performance. The vyield of a chemical product depends on three variables:
In this paper, we design a genetic algorithm using aBmperaturé A), time (B), and amount of cataly$C) at the
experimental design method for multimedia multicast routingalues shown in Table 1. The temperature, time, and amount of
Its salient feature is to incorporate the orthogonal design inggtalyst are called the factors of the experiment. Each factor
crossover. As a result, it can search the solution space ima# three possible values, and we say that each factor has
statistically sound manner, and it is well suited for parathree levels.
lel implementation and execution. We execute the proposedro find the best combination of levels for maximum yield,
algorithm to solve two sets of benchmark test problems {ge can do one experiment for every combination and then
determine its effectiveness. select the best one. In the above example, ther8 aex 3 =
27 combinations. In general, when there dreactors atn
levels, the number of combinations:i&. When the number of
factors and the number of levels are small, it may be feasible
The communication network is modeled as a grdph= to test all the combinations.
(V,E), whereV is a set of nodes and’ is a set of edges. Very often, it is not possible or cost effective to test all
The cost and delay of edgeare denoted by’(¢) and D(¢), the combinations. It is desirable to sample a small but repre-
respectively, where’(e¢) and D(e) can assume any positivesentative sample of combinations for testing. The orthogonal
real numbers. The cost may measure the monetary utilizatigesign was developed for this purpose [19], [20]. It provides
cost or the degree of congestibrand the delay measuresa series of orthogonal arrays for different number of factors
the time required to transmit a piece of information througand different number of levels. We ldt,,,(n*) denote an
this edge. We let the source node be nodend the set orthogonal array fok factors andh levels, where £” denotes
of destination nodes b#&, where{s} U.S C V. The delay a Latin square ane: is the number of combinations of levels
requirement specifies that the total delay from the source nadebe tested. Two orthogonal arrays(2®) and Ly(3%) are
to any destination node must be smaller than or equakto shown in Table Il and Table Ill, respectively. In these tables,
where A can be any positive number. each row represents a combination of levels. The orthogonality
of an array means that 1) for the factor in any column, every
1When there is no delay constraint, the problem is also known as the Steit@vel occurs the same number of times; 2) for the two factors in
tree problem in graph theory and it is still NP-complete [15]. any two columns, every combination of two levels occurs the

ZFOI’ example, When_ most of the Channels.in an edge_are being OCCUpig%me number Of “meS, and 3) the Selected Comblnatlons are
we can choose to assign a larger cost to this edge. This can encourage {

new sessions to adopt the other edges, thereby balancing the traffic overl{ﬁ‘ﬁor.mly.d'smbl_"ted Qver the whole spacg of all the pOSSIble
whole network. combinations. Fig. 2 illustrates the meaning of orthogonality

Il. NETWORK MODEL AND PROBLEM FORMULATION
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factor 3

@ : selected combination
of factor levels

= factor 1
factor 2
Fig. 2. Orthogonality of the orthogonal arral,(23).
TABLE I TABLE IV
ORTHOGONAL ARRAY L4(23) FOR THREE FACTORS AT TWO THERE ARE THREE FACTORS WE REMOVE THE LAST FACTOR OF L9(34) TO
LeVELS; THERE ARE FOUR COMBINATIONS OF FACTOR LEVELS YIELD AN ORTHOGONAL ARRAY WITH THREE FACTORS AND APPLY THIS
RESULTING ARRAY TO SELECT NINE REPRESENTATIVE COMBINATIONS
Combination Factor 1 Factor 2 Factor 3
Combination Factor
Ist 1 1 1
Temperature (A) Time (B) Awmount of Catalyst (C)
2nd 1 2 2
Ist 80°C 10 sec 1 mg
3rd 2 1 2
2nd 80°C 20 sec 2 mg
4th 2 2 1
3rd 80°C 30 sec 3 mg
4th 85°C 10 sec 2mg
TABLE 11 Sth 85°C 20 sec 3 mg
ORTHOGONAL ARRAY Lo (3*) FOR FOUR FACTORS AT THREE 6l 85°C 30 soe | me
LEVELS; THERE ARE NINE COMBINATIONS OF FACTOR LEVELS - - °
Tth 90°C 10 see 3mg
Combination Factor 1 Factor 2 Factor 3 Factor 4
8th 90°C 20 sec I mg
st 1 1 1 1
9th 20°C 30 see 2 mg
2nd 1 2 2 2
3rd i 3 3 3
ath 5 | 5 3 V. ORTHOGONAL GENETIC ALGORITHM
FOR MULTIMEDIA MULTICAST ROUTING
5th 2 2 3 1
6th 2 3 l 2 . . . .
A. Binary String Representation and Fitness Vector
Tth 3 1 3 2 .

We number the edges in the graphfrom 1 tol. We can
8th 3 2 : 3 then represent any multicast tréeof the graphG as a binary
9th 3 3 2 ! string (e1, €2, ..., ¢;) where

o — {1, if edges is included in the multicast tre#&

= .
. 0, otherwise.
for L4(2%). It has been proved that the orthogonal design ’

is optimal for additive model and quadratic model, and the To measure the quality of any multicast tree, we propose
selected combinations are good representatives for all the fithess vectof = (fi, f2) where
possible combinations [21]. =Y o(e)

In the above example, there are 27 combinations of lev- { e€Er
els to be tested. We apply the orthogonal design to select f2= Z'UESmaX{O’ZGEP(SMD(e) B A}'
nine representative combinations to be tested, and these nimether words, f; measures the cost of the multicast tree
combinations are shown in Table IV. and f> measures how tight the delay constraints are fulfilled.



56 IEEE TRANSACTIONS ON EVOLUTIONARY COMPUTATION, VOL. 3, NO. 1, APRIL 1999

A multicast tree is good iff; is small (i.e., a small cost)

and f, is zero (i.e., the delay constraints are fulfilled). Given 1.1 Atz : Ars Az1 Aoz Asg
two multicast trees/; and 73 with respective fitness vectors (110 0 11 .11) (001 010 01)
(f1, 5 and(f7, 1), we say thatl; is better thari if and ‘ |
only if K\\M//
1) f5 < f3 or | sample the genes from 2 parents
2) f3 = f5 and f{ < f{. to produce 4 binary strings based
In this manner, we can minimize the cost of the multicast tree on L,(2%

and enforce fulfilling the delay constraints.
=(A 1, Ap Agg)=(110 011 11
B. Check-and-Repair Operation Ai1Azs, Arg)=(110 010 01

=(
In genetic algorithms, crossover and mutation are adopted to =(Az1, A1, Ap3)=(001 011 01
search the solution space. After performing these operations, =(Any, Az, Ayz)=(001 010 11
we can induce a subgraph from the resulting binary string.

This subgraph, however, may not be a tree connecting the
source node to all the destination nodes. To remedy this, we
design the check-and-repair operation. This operation applies
a simple method called the graph search method [22] to

traverse the subgraph. In particular, it applies this method to
find a spanning tree from the subgraph and then connect the

unconnected destination nodes to the tree. The steps are&i@s3. The orthogonal arrag4(2?) is used to sample the genes from two
follows. parents for crossover.

~— N N e

among these four binary strings,
two are selected to be offsprings.

Check-and-Repair Operation:
string into three parts. We sample these parts from the two

) ) ) parents based on the four combinations of factor levels in

Input:  an input binary St”n_gL L4(2%), thereby producing four binary strings. Among these

Output:  an output binary strin four binary strings, we select two of them to be the offspring.
In general, forL,,(n*) with k factors and» combinations of
Step 1) If the subgraph induced by the input binary string isfactor levels, we divide each parent string ihtparts, sample
tree connecting the source node to all the destinatitimese parts fromn parents based on the combinations in

nodes, then stop. L,.(n*) to producem binary strings, and then selegt of
Step 2) Apply the graph search method to find a spannitttem to be the offspring. The details are given as follows.
tree from the subgraph. n-to-7 Orthogonal Crossover and Mutation:
Step 3) For the destination nodes that are not included in the Inputs:  n parent strings<; = (1. 22, - . -, 1)
tree, apply the graph search method to connect them for1<i<n
to the tree one after the other. The output binary Outputs: j offspring stringso; = (di1, i, - . - , 1)
string represents this tree. for 1< i<

The subgraph is only a part of the entire graph. The check-
and-repair operation operates on this subgraph using the simpigep 1) Randomly and independently generatg) e

graph search method, and hence it can be executed quickly. {1,2,... kY forall 1 <i <L
In Section V, we will demonstrate its effectiveness usmggtep 2) Based on theth combination of factor levels
numerical experiments. (a1(4),as(i),...,ax(¢)) in the orthogonal ar-
ray L,,(n*), produce the binary stringo; =
C. Orthogonal Crossover Based on Orthogonal Array (Tapeay (1),10 Tapiay(i),2: - -+ Tayy(ip,t) for all 1<
In this section, we incorporate the orthogonal design [19] v < m.
into the crossover operation, so that we have a statisticalijtep 3) Eact; undergoes mutation with a small probability
sound method to sample the genes from multiple parents pm- To perform mutation on a binary string, flip
for crossover. The resulting operation is called orthogonal every bit in this string with a small probability;.
Crossover. Step 4) Execute the check-and-repair operatiomofor all
There are a very large number of possibilities of sampling 1<t <m.
the parent strings for crossover (e.g., see [23]-[24]). We appl$tep 5) Evaluate the fitness vectorsaf,0,,... and o,,,
an orthogonal array to perform a rational and representative and then selecf of them to be the offspring (these
sampling. To explain our main idea, we consider the example offspring are denoted bg;,02,... ando;).

shown in Fig. 3, in which we use the orthogonal arfay2®) In Step 1), we generate the indexg&) (1 < i < ) to
to sample the genes from two parents for crossover. Singartition each parent string intoparts. In Step 2), we sample
L4(2%) has three factors (see Table II), we divide each parghese parts fromn parents based od,,(n*) to produce
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First set of test problems; Second set of test problems;

networks with 50 nodes and 100 edges. networks with 80 nodes and 200 edges.
Group 1 Group 1
(5 source and destination nodes) (5 source and destination nodes)
Group 2 Group 2
(6 source and destination nodes) (6 source and destination nodes)
Group 8 l Group 8
(12 source and destination nodes) | (12 source and destination nodes)

Fig. 4. Two sets of test problems. Every group consists of 100 test problems. There are a total of 1600 test problems.

m binary strings. In Step 3), we perform mutation with &hown in Tables Il and Ill, there are orthogonal arrays having
small probability. In Step 4), we execute the check-and-repédrger size. In general, a larger orthogonal array provides more
operation on every string. In Step 5), we evaluate the fithessmbinations of factor levels, and hence it can perform a
vector of every string and then selettof them to be the better sampling for crossover. The resulting computational
offspring. complexity, however, is also larger. As we shall demonstrate
Example: Consider a three-to-two orthogonal crossover arid Section V,Lg(3*) is already a good choice for multimedia
mutation operation based diny(3%). Let the parent strings be multicast routing with practical problem sizes.
In Step 5) of the orthogonal crossover operation, we select
x1 =(211,%12,%13,%1,4,%15) 4 offspring among them binary strings produced in Step
2). There are many possible offspring selection schemes. For
example, to ensure a monotonic crossover operation (i.e., the
best offspring is not poorer than the best parent), we can

In Step 1), we can choose(l) = 1, p(2) = 2, p(3) = 1 simply select the best parent to be an offspring and the best

() =3, andy(5) . In Step 2), we produce nine binany2 TR Bore L B o 0B TR I e the
stringso;,09,...,09 based on the nine combinations in thé P'e,

lection scheme (say; with a lower fitness can be chosen to
h | 4 Table Ill =€ 16Me 158y, v .
orthogonal arrayl(37) (see Table i1 be an offspring with a small probability). In our experiments
(see Section V), the begt offspring amongo;, 02, ...,0,,
are selected.

X2 = (3?2,17372,27372,37372,47372,5)

X1 = (373,17373,27373,37373,47373,5)-

{ —
01 = (%1,1,%1,2,%1,3,T1,4, 371,5)

]

2 ={(%1,1,02,2,%1,3, 22,4, L2

o]

3= (21,1,%32,%1,3, 23,4, T3, D. Orthogonal Genetic Algorithm

o]

)

)

) Initially, we randomly generate a population &f binary

) strings, where the number of bits in every string is equal to
) the number of edges in the network. We then applystke-
)

)

)

o

)
o

2132 525 ML 22, 4 orthogonal crossover and mutation operation to evolve and

improve the population iteratively. Since can be different
from j, we perform this operatioé\.r’ times in each generation
to maintain a constant population size. The details are as
follows.
Since o, is equal to the first parent string;, we execute  Orthogonal Genetic Algorithm:
the check-and-repair operation 0n,03,... andog. In Step Inputs: networkG = (V, E), edge cost(c¢) and edg
3), we perform mutation with a small probability. In Step 4), delay D(e) for all ¢ € E;delay requirement\;
we perform the check-and-repair operation. In Step 5), w| source nodes and set of destination nodés
evaluate their fitness vectors and then select two of them {@utput: binary string representing the multicast tree
be the offspring.

After executing Step 2), a few binary strings may be equal to Step 1) Initialization

2
3
4 = \T2,1,21,2,723,%24,7L3;
1
2
2

)
3

5
5
5
,5
5
={%3,1,%1,2,%33,34,%25

5

]

8§ = \T3,1,%2,2,%3,3,%1,4,L3;

(
(
(
(
5 = (952,173?2,2,3?2,3,3?3,4,3?
(
(
(
(

09 = (£3,1,%3,2,%33,%24,%15)-

the parent strings. In the above examplgjs equal to the first Randomly create an initial generation of bi-
parent string, and it competes with its immediate offspring. nary stringsFy = {x1,X2,...,Xxx}, and initial-
This direct competition is similar to but different from that ize the generation numbgento 0.
studied in [25]-[26]. Step 2) Population Evolution

In orthogonal crossover, one of the main design choices WHILE (stopping condition is not metpO

is the orthogonal array. In addition t64(2%) and Lo(3*) BEGIN
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Step 2.1) n-to-j Orthogonal Crossover and Mutation TABLE V
DO N times TRADITIONAL GENETIC ALGORITHM; FIRST SET OF TEST PROBLEMS. (2) SOLUTION
J . QuALITY ; (b) ComPUTATIONAL COMPLEXITY: MEAN NUMBER OF GENERATIONS
Randomly select: parent strings from Require; (c) CompuTaTIONAL COMPLEXITY: MEAN EXECUTION TiME REQUIRED
Pgem and perform 7’L't.0-] Orthogonal Ist Set of Test Problems Percentage of runs in which the costs are within x%
crossover and mutation on them to from optimal
generatej offspring 61,69, ...,6; for x=20 | x=10 x=5 x=2 x=0
i Group 1 0% 0% 0% 0% 0%
the next generatiol,e, 1. Gmugz 0% 0% o 0% %
END Group 3 1% 0% 0% 0% 0%
Group 4 0% 0% 0% 0% 0%
1 Group 5 0% 0% 0% 0% 0%
Step 2.2) Increment the generation numbgenby 1. Growp o ol ok P o% o
END Group 7 0% 0% 0% 0% 0%
. . . . Group 8 0% 0% 0% 0% 0%
In Step 2), the population is evolved and improved itera-
tively until a stopping condition is met. One possible stopping (@)
criterion is to halt when the number of generatiagen is
H i 15t Set of Test Problems Mean number of generations to find a solution whose
equal to a glve_n_ maleUm-Value. . . cost is within x% from optimal
In many traditional genetic algonthms, global sele_ctlon of o | 1210 | <=5 o R
parents is needed, and this is a serious bottleneck in paraffet =577 A RS A NA) NA)
i i 1 1 1 Group 2 (NA) (NA) (NA) (NA) (NA)
!mplementatlon. In the prthogonal genetic algorithm, select'|on Group 3 o0 N NN N N
is performed only within the orthogonal crossover operation ?roupé_l <§2> (ﬁﬁ) (mz %Q) (m)
. . . ¥ 5 A (N .
but global selection is not needed. In each generation, all the  crou s eI BRI R AT A IO
. H H G 7 NA NA NA NA NA
N/j orthogonal crossover and mutation operations can be ex- G0 ¢ Sy S &P RY R
ecuted in parallel. Therefore, the orthogonal genetic algorithm
is well suited for parallel implementation and execution. (b)
To create a new generation, orthogonal crossover is executed
N/J times and mUtation is exeCUt%lN times on avera.ge. Ist Set of Test Problems \\le}?s:ltz;;ull:(i\rrll:kl;rlryl:xr!;qtur:;?é;;;:iii\) 1o find a solution
In every execution of orthogonal crossover and mutation, 0 | 210 | <os s o
and 1 new binary strings are produced, respectively. Therefore;— 5.5 RS) ~A) ~NA) NA) A
I q Group 2 (NA) (NA) {NA) (NA) (NA)
the algonthm has to handle an aver_age((oﬁN/‘;) + pm_N) oy 2 o A NN o RN
new binary strings in every generation. For the special cases Group4 (NA) (NA) (NA) (NA) (NA)
. . . Group 5 NA NA NA NA NA
L4(2%) and Lg(3*), the factor levels of the first combination Groun 6 AT AT I SO I ORI IO
5 H Ha. Group 7 (NA) (NA) (NA) (NA) (NA)
are all equal to one, and hence the first binary steings equal Groun RN NA) (NA) (NA)

to the first parent string;. In these special cases, three and

eight new binary strings, respectively, are produced in every (©
execution of orthogonal crossover.

A.

In Step 1), we generate a test problem without any delay
constraint. In Step 2), we randomly assign a delay value to
Test Problems every link in the network. In Step 3), we choose the delay

A test problem generator was proposed in [27] to generdpequirementA such that the delay constraint can always be

V. NUMERICAL RESULTS

test problems for multicast routing without any delay Cor1‘y_|ﬁ|led. In this manner, the optimal multicast tree is still
straint. We input the number of nodes, the number of links, a¥dith costC™. By executing the above three steps once, we get
the number of source/destination nodes. This generator V@Ilt€St problem for multimedia multicast routing.

then give a test problem, which specifies a network topology,A real-world multlmedla_ wide area network usu_al_ly has
the link costs, a set of source and destination nodes, andSgYeral tens of nodes with a moderate connectivity. For

optimal multicast tred” with costC*.

We now enhance this €xample, the Arpanet has 20 nodes [28] and the Arpa2 has

generator, so that it can generate test problems for multimedia °des [29]. We generate two sets of test problems with

multicast routing with a delay constraint. The details are Y
follows.

0 respective network sizes: 1) 50 nodes with 100 edges and
2) 80 nodes with 200 edges. In these networks, the number
f possible multicast trees is already very large. Every set is

Step 1) Execute the problem generator proposed in [27] irther divided into eight groups of test problems, where every

generate a test problem. Record the network, thé . . . .
N . gfoup consists of 100 different problem instances and different
set of source and destination nodes, the optim ; N
) : N groups adopt different number of destination nodes. Therefore,
multicast treel”, and its cosiC*. . .
. . there are a total of 1600 different test problems. Fig. 4 shows
Step 2) Randomly assign a delay value to every link

i
this network. fhe test problems.

Step 3) Compute the delagx, from the source node to
destination node; in the multicast tred” for all
v € S. The delay requirememh is chosen to be  We test two versions of the orthogonal genetic algorithm.
max,es{A,}. The first version adopts two-to-two orthogonal crossover based

B. Experiments and Performance Measures



ZHANG AND LEUNG: ORTHOGONAL GENETIC ALGORITHM

TABLE VI
ORTHOGONAL GENETIC ALGORITHM USING L4(23); FIRST SET OF
TEST PROBLEMS. (@) SOLUTION QUALITY ; (b) COMPUTATIONAL
CompLEXITY: MEAN NUMBER OF GENERATIONS REQUIRED; (C)
CoMPUTATIONAL COMPLEXITY: MEAN ExeEcuTiON TIME REQUIRED

59

TABLE VII
ORTHOGONAL GENETIC ALGORITHM USING Lo (3%); FIRST SET OF
TEST PROBLEMS. (a) SOLUTION QUALITY ; (b) COMPUTATIONAL
CompLEXITY: MEAN NUMBER OF GENERATIONS REQUIRED; (C)
CoMPUTATIONAL COMPLEXITY: MEAN ExeEcuTioN TIME REQUIRED

st Set of Test Problems Percentage of runs in which the costs are within x% Ist Set of Test Problems Percentage of runs in which the costs are within x%
from optimal from optimal
x =20 x=10 x=95 x =2 x =0 x =20 x =10 x=5 x=2 x=0
Group 1 33% L6% 10% 6% 6% Group 1 100% 100% 100% 95% 95%
Group 2 56% 35% 30% 20% 20% Group 2 100% 100% 99% 999% 99%
Group 3 10% 4% 0% 0% 0% Group 3 100% 99% 97% 82% 82%
Group 4 8% 1% 1% 1% 1% Group 4 100% 95% 92% 89% 89%
Group 5 8% 1% 1% 1% 1% Group 5 100% 98% 97 % 95% 819%
Group 6 3% 1% 0% 0% 0% Group 6 100% 100% 97% 91% 91%
Group 7 3% 0% 0% 0% 0% Group 7 100% 100% 97% 90% 83%
Group 8 0% 0% 0% 0% 0% Group 8 100% 100% 96% 78% 65%
(CY (@
st Sct of Test Prob- | Mcan number of gencrations to find a solution whose cost is within Ist Set of Test Problems Mean number of generations to find a solution whose
lems x% from optimal cost is within x% {rom optimal
x =20 x =10 x=5 x=2 x=0 x =20 x=10 x=5 x=2 x=0
o Group 1 92.60 72.87 78.00 86.83 86.83 Group 1 14.56 21.15 22.28 24.76 24.76
Group 2 97.50 11491 122.06 124.15 124.15 Group 2 11.06 14.43 17.73 21.24 21.24
Group 3 99.50 107.50 (NA) (NA) (NA} Group 3 15.81 20.86 27.60 39,0% 29.(3);
Group 4 113.75 46.00 46.00 46.00 46.00 Group 4 19.08 25.14 33.01 31.35 31.3¢
Grolulp 5 125.00 139.00 131).00 139.00 139.00 Group 5 17.43 23.66 25.76 26.89 33.85
Group 6 142.33 34.00 (NA) (NA) (NA) Group 6 15.67 22.20 32.07 3493 36.35
Group 7 139.66 (NA) (NA) (NA) (NA) Group 7 15.15 21.62 30.78 33.64 35.45
Group 8 (NA) (NA) (NA) (NA) (NA) Group 8 15.12 23.99 33,58 39.24 41.32
(b) (b)
Ist Set of Test Problems Mean execution time requirea (seconds} to tind a solution 1st Sct of ‘Test Problems Mean exceution e required (seconds) to find a solution
whose cost is within x% from optimal whose cost is within x% from optimal
x=20 x =10 x=5 x=2 x=0 x =20 x=10 x=5 x=2 x=0
Group 1 11.14 8.58 9.08 10.13 10.13 Group | 3.18 4.56 4.82 5.36 5.39
Group 2 15.21 18.05 19.22 20.62 20.63 Group 2 2.46 3.18 3.88 4.62 4.62
gmur)i {é(l)sl; 173519 (7N§\1> (%\1) (7Né\l) Group 3 3.52 4.60 6.03 8.41 8.41
roup . - - - - G 4 4.33 5.65 7.35 7.02 7.02
Group 5 20.55 26.67 26.67 26.67 26.67 dﬁﬂg 5 3.96 533 5.80 6.C6 7.56
Group 6 20.12 4.82 (NA) (NA) (NA) Group 6 3.80 5.33 7.60 8.27 8.61
Group 7 20.49 (NA) (NA) (NA) (NA) Group 7 3.67 5.17 7.27 7.94 8.36
Group 8 (NA) (NA) (NA) (NA) (NA) Group 8 3.70 5.78 7.99 9.32 9.81
(c) (c)
on L4(2%), and the second version adopts three-_to-two or- perform mutation on a binary string, flip every
thogonal crossover based dr(3*). These two versions are bit in this string with a small probability
referred to a®GA, andOGAg, respectively. For comparison, . .
: ] o X . Step 2.3)  Execute the check-and-repair operation for the
we also consider the following traditional genetic algorithm . . ;
(TGA) strings in the new generation.
St ) 1) Initializati Step 2.4)  Increment the generation numgenby 1.
ep nitialization END
Randomly create an initial generation of bi- .
Yy T 9 . We adopt the following parameters or schemes for the
nary strings and initialize the generation number .
gento 0 experiments.
Step 2) Population Evolution « Population SizeWe adopt the same population size for
WHILE (stopping condition is not metpO the TGA, OGA4_, andOGAlg, so that they hav_e the_ same
BEGIN space complexity. In particular, the population sizes are
Step 2.1)  Crossover experimentally chosen to be 30 and 80 for t.he first set
DO N times and the second set of test problems, respectively.
|2?andoml select four parent strinas Stopping ConditionWe note that routing must be done
from they current generaption Perforgm within a specified interval, so that the users can start a
single-point crossover on thé Wo best multimedia session without waiting indefinitely. There-
strings to generate two offspring for the fore, it is desirable to find a feasible and good multicast
next generation tree within a specified number of generations. To study
9 ' the effectiveness of an algorithm, we evaluate the solution
END quality after it has been executed for a given number
Step 2.2) Mutation of generations. Since the ratios of the computational

Each string in the new generation undergoes

mutation with a small probabilityp,,. To

complexity per generation for the TGADGA, and
OGAy are 2:3:8, we choose the maximum number of
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TABLE IX
ORTHOGONAL GENETIC ALGORITHM USING L4(23); SECOND SET OF
TEST PROBLEMS. (a) SOLUTION QUALITY ; (b) COMPUTATIONAL
CompLEXITY: MEAN NUMBER OF GENERATIONS REQUIRED; (C)
CoMPUTATIONAL COMPLEXITY: MEAN ExeEcuTioN TIME REQUIRED

TABLE VIII
TRADITIONAL GENETIC ALGORITHM; SECOND SET OF TEST
PrROBLEMS. (@) SOLUTION QUALITY; (b) COMPUTATIONAL
CompLEXITY: MEAN NUMBER OF GENERATIONS REQUIRED; (C)
CoMPUTATIONAL COMPLEXITY: MEAN ExeEcuTiON TIME REQUIRED

2nd Set of Test Problems Percentage of runs in which the costs are within x% 2nd Set of Test Problems Percentage of runs in which the costs are within x%
from optimal from optimal
x =20 x=10 x=5 x=2 x=0 x =20 x =10 x=35 x=2 x=0
Group 1 3% 0% 0% 0% 0% Group 1 18% 3% 2% 2% 2%
Group 2 6% 4% 0% 0% 0% Group 2 15% 9% 9% 1% 1%
Group 3 0% 0% 0% 0% 0% Group 3 1% 1% 1% 0% 0%
Group 4 0% 0% 0% 0% 0% Group 4 0% 0% 0% 0% 0%
Group 5 2% 2% 0% 0% 0% Group 5 1% 0% 0% 0% 0%
Group 6 8% 3% 0% 0% 0% Group 6 0% 0% 0% 0% 0%
Group 7 18% 2% 2% 0% 0% Group 7 0% 0% 0% 0% 0%
Group 8 0% 0% 0% 0% 0% Group 8 0% 0% 0% 0% 0%
(@) (a)
2nd Set of Test Problems Mean number of generations to find a solution whose 2nd Sct of Test Problems Mean number of generations to find a solution whose
cost is within x% from optimal cost is within x% from optimal
x =20 x =10 x=5 x=2 x=0 x =20 x=10 x=5 x=2 x=0
Group | 9.30 (NA) (NA) (NA) (NA) Group 1 116.66 | 106.00 94.50 94.50 9450
Group 2 9.00 9.25 (NA) (NA) (NA) Group 2 108.00 117.11 117.11 134.00 134.00
Group 3 (NA) (NA) (NA) (NA) (NA) Group 3 75.00 75.00 75.00 (NA) (NA)
Group 4 (NA) (NA) (NA) (NA) (NA) Group 4 (NA) (NA) (NA) (NA) (NA)
Group 3 8.00 8.00 (NA) (NA) (NA) Group 5 214.00 (NA) (NA) (NA) (NA)
Group 6 10.00 9.00 (NA) (NA) (NA) Group 6 (NA) (NA) (NA) (NA) (NA)
Group 7 1.027 10.00 10.00 (NA) (NA) Group 7 (NA) (NA) (NA) (NA) (NA)
Group 8 (NA) (NA) (NA) (NA) (NA) Group 8 (NA) (NA) (NA) (NA) (NA)
(b) (b)
Znd Sctof Test Problems | Mean exccution time required (seconds) to find a solution znd Set of Test Proviems | Mean exccution lime required (seconds) to find a solution
whose cost is within x% from optimal whose cost is within x% from optimal
x =20 x=10 x=35 x=2 x=0 x=20 x=10 x=5 x=2 x=0
Group 1 1.29 (NA) (NA) (NA) (NA) Group 1 69.73 59.16 53.83 53.84 53.87
Group 2 1.28 1.30 (NA) (NA) (NA) Group 2 58.51 63.11 63.12 68.31 68.33
Group 3 (NA) (NA) (NA) (NA) (NA) Group 3 63.20 63.20 63.20 (NA) (NA)
Group 4 (NA) (NA) (NA) (NA) (NA) Group 4 (NA) (NA) (NA) (NA) (NA)
Group 5 1.29 1.29 (NA) (NA) (NA) Group 5 138.89 (NA) (NA) (NA) (NA)
Group 6 2.00 1.58 (NA) (NA) (NA) Group 6 (NA) (NA) (NA) (NA) (NA)
Group 7 1.89 1.77 1.77 (NA) (NA) Group 7 (NA) (NA) (NA) (NA) (NA)
Group 8 (NA) (NA) (NA) (NA) (NA) Group 8 (NA) (NA) (NA) (NA) (NA)
(©) (©

generations for the TGADGA4, andOGA o be 400, ,ohiems 0GA, can find feasible solutions for many test
300, and 100, respectively. Since this stopping conditigfopiems, and)GA, can find feasible solutions for all the test
is based on the computational complexity, it implicitly, opjems. In additionDGA, can give the closest-to-optimal
takes the number of evaluations of the cost into accoudpytions. For example, 95.63% of the solutions are within 5%
* Selection:In the orthogonal crossover operation, among the optimum, and 89.75% of the solutions are within 2% of
the binary strings produced, we select the best two 0 &, qntimum. This indicates the effectiveness of experimental
the of_'fsprmg. . design methods: if we use a larger orthogonal array for
* Mutation Probability: We choosep,, = py = 0.1, SUCh 5 mqre representative sampling of genes for crossover, we
that every bit undergoes mutation with probability 0.0151 get petter solutions. Nevertheless, Table VII(b)—(c) shows
To measure the solution quality, we record the percentagfyt OGA, only has a moderate computational complexity.
of runs in which the costs of the feasible solutions are Withiﬂor group 1 test prob|ems, the mean number of generations
z% from the optimal one. To measure the computationgdquired is 24.76 (equivalently, the mean execution time on a
complexity, we record two quantities for finding a feasibl&un Sparc 4 workstation is 4.16 s).
solution whose cost is within% from the optimal one: 1)  The results for the second set of test problems are shown
the mean number of generations required and 2) the mgamables VIII-X. The network size is now larger. We observe
execution time on a Sun Sparc 4 workstation. that OGAy is still better thanOGA,, which is in turn better
than TGA. In addition, theOGAg can find close-to-optimal
C. Results solutions within moderate numbers of generations.
The results for the first set of test problems are shown inFrom the above results for these test problems, we can
Tables V-VII. In particular, Tables V(a), VI(a), and Vil(a)conclude two points.
show the solution quality when the algorithms have beene OGA4 is better thanOGA,, which is better than TGA.
executed for the given numbers of generations. We see that This indicates that experimental design methods can
the TGA can only find one feasible solution out of 800 test effectively improve the genetic algorithms.
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TABLE X

ORTHOGONAL GENETIC ALGORITHM USING L9(34); SECOND SET OF

TEST PROBLEMS. (@) SOLUTION QUALITY ; (b) COMPUTATIONAL
CompLEXITY: MEAN NUMBER OF GENERATIONS REQUIRED; (C)

CoMPUTATIONAL COMPLEXITY: MEAN ExeEcuTiON TIME REQUIRED

2nd Sct of Test Problems

Percentage of runs in which the costs are within x%
from optimal
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generations. One possible extension of this research is to
incorporate experimental design methods into steady state
genetic algorithms.
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x=20 x=10 x=5 x=2 x=0
Group 1 100% 99% 99% 99% 99%
Group 2 100% 100% 100% 92% 92%
Group 3 100% 99% 93% 92% 92%
Group 4 100% 100% 100% 95% 95%
Group 5 100% 100% 99% 88% 88%
Group 6 100% 100% 100% 99% 46%
Group 7 100% 100% 100% 93% 67%
Group 8 100% 100% 86% T7% 65%

(@

(1]

2nd Set of Test Problems Mean number of generations to find a solution whose

cost 18 within x% from optimal

x=20 | x=10 x=5 =2 x=0 [2]
Group 1 13.97 20.03 20.81 20.81 20.81
Group 2 15.36 18.87 19.95 28.08 28.08
Group 3 19.27 22.40 25.74 27.80 27.80 [3]
Group 4 19.60 22.83 23.74 27.32 27.32
Group S 21.08 24.49 26.46 28.85 28.85
Group 6 14.97 19.34 22.80 24.43 40.65
Group 7 16.16 20.93 25.27 32.02 38.56 [4]
Group 8 21.80 26.76 31.73 34.06 35.36
(b) [5]
2nd Set of “I'cst Problems | vican execution time required (seconds) to tind a solution [6]
whose cost is within x% from optimal
x=20 x=10 x=5 x=2 x=0 (7]
Group 1 13.26 18.53 19.27 19.27 19.27
Group 2 14.50 17.36 18.31 25.24 25.24 g
Group 3 18.24 21.01 23.95 25.76 25.76 8l
Group 4 18.81 21.70 22.52 25.71 25.71
Group 5 2033 2343 25.22 27.40 27.40 [9]
Group 6 14.69 18.68 21.82 23.30 37.86
Group 7 16.39 20.88 24.94 31.16 37.31 [10]
Group 8 22.05 26.77 31.43 33.70 34.96
© (11

[12]

+ OGAy can find close-to-optimal solutions within mod-[13]
erate numbers of generations. This indicates that t
orthogonal arrayl¢(3*) is a good choice for multimedia
multicast routing with practical problem sizes. [15]

VI. SUMMARY [16]

The multimedia multicast routing problem arises in manit7]
multimedia communication applications, and this problem has
been proved to be NP-complete. In this paper, we proposgg
an orthogonal genetic algorithm for this routing problem. Its
salient feature is to incorporate an experimental design met
called orthogonal array into the crossover operation, so that the
resulting operation can sample the genes froarents in a [20]
statistically sound manner to produgeffspring. As a result, [oq
the orthogonal genetic algorithm can search the solution space
effectively and it is well suited for parallel implementation and??
execution. In general, a larger orthogonal array gives a betfgs
solution quality but has a higher computational complexity.
We executed the orthogonal genetic algorithm to solve two
sets of benchmark test problems. The experimental resyis
demonstrate that, for practical problem sizes, the orthogonal
genetic algorithm using the orthogonal arrdy(3*) can [25]
find close-to-optimal solutions within a moderate number of

proposed in [27].
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