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Abstract

In this paper, we consider solution approaches to a multi-hour combined capacity design and
routing problem which arises in the design of dynamically reconfigurable broadband communica-
tion networks that uses the virtual path concept. We present a comparative evaluation of four
approaches, namely: a genetic algorithm; a Lagrangean relaxation based subgradient optimization
method; a generalized proximal point algorithm with subgradient optimization; and finally, a hy-
brid approach where the subgradient based method is combined with a genetic algorithm. Our
computational experience on a set of test problems of varying network sizes shows that the hybrid
approach often is the desirable choice in obtaining the minimum cost network while the genetic
algorithm based approach has the most difficulty in solving large scale problems.
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1. Introduction

Multi-hour network design for various communication networks, especially for circuit-switched
networks, has been addressed by several researchers [3], [13], [14], [16], [25], [37], [38], [45], [46],
[49] over the years. In multi-hour models, network traffic is considered for different hours during
the day to reflect within the day load variation; this is done especially to take advantage of non-
coincidence of busy hour (peak) loads between different node pairs in the network. Multi-hour
network dimensioning (sizing) involves determination of network capacity at minimum cost that
can meet the traflic demand at any time during the day by considering multi-hour traffic. Some
of the work listed above considers network dimensioning under fixed routing while others have
addressed the combined capacity and routing design problem. Several papers have addressed
combined routing and capacity design problems for data networks considering only ‘single hour’
load models, for example, see [21], [22], [24], [43]; while a multi-time period model has been
addressed by [12]. The reader may note that multi-time period problems are different from multi-
hour problems; multi-time period models typically consider capacity expansion problems over a
period of time (years) while addressing issues such as discounting and capacity deferral (see, for

example, [12], [36], [51], [53], [54]).

The specific problem we address here arises as a part of design of a dynamically reconfig-
urable ATM-based (asynchronous transfer mode) broadband networks presented in [38] that uses
the concept of virtual path and virtual path switching [11], [30], [35]. A virtual path in ATM-
based networks [52] can be defined to group a bundle of virtual circuits together (which may be
statistically multiplexed) for ease of manageability and to reduce connection set up time for the
virtual circuits; the reader is directed to [2], [7], [38], [39], [50] for further material on the flexibility
of the virtual path concept for broadband network management. Thus, a virtual path is desirable
between origin and destination nodes to bundle all connection requests for this node pair; on the
other hand, separate virtual paths may be desirable for different service classes. Another network
dynamic is that trafic demand changes with time of day; thus taking advantage of the concept
of virtual path reconfigrability, it is desirable to capture the dynamic reconfiguration of virtual
paths (and bandwidth allocated to them) that takes the traffic dynamics into consideration. We
assume that the underlying physical topology (i.e., the nodes and the links) is given; the network
design problem here is to determine modular capacity for each network link that minimizes the
total network link cost so that the demand variation (given over multiple load hours) are met in
the network by choice of different virtual path at different time of the day; see [38] for detailed

discuss on the network design problem.

The purpose of this paper is to consider some solution approaches to this network design
problem, and discuss benefits/advantages, if any, of one approach over another. Our first approach

is based on a genetic algorithm [26] which has drawn attention in recent years for solving various
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combinatorial optimization problems. In this approach, we show how problem (P) can be replaced
by an equivalent problem, and a proper coding rule can be used so that we have an environment
suitable for using a genetic algorithm. This approach of problem equivalency and coding for
communication network design problems using a genetic algorithm is particularly novel. It may
be noted that genetic algorithms have been recently used for the topological design of local area
networks [15]. The second approach is based on duality using subgradient optimization as presented
in [38]; the duality based approach has been successfully used by several researchers for solving
various data network design problems (see, for example, [12], [13], [21], [22], [34]). The third
approach is a relatively new approach where we employ a generalized proximal point algorithm
(GPPA)-based approach. The GPPA has been developed for solving generalized equations [27]
and convex optimization problems [40]; in our case, to solve model (P), we combine the generalized
proxima point concept with the use of duality and subgradient optimization. Finally, we consider
a hybrid approach where both a genetic algorithm and duality based subgradient optimization is
combined. We then provide computational results for test networks that are extracted from real
networks as well as from randomly generated networks and data to comparatively evaluate the

performance of these approaches.

The rest of the paper is organized as follows. The optimization model for the network design
problem is stated in section 2. In section 3, we present four algorithms. Computational results and
merits/demerits of these algorithms are discussed in section 4. We briefly mention the following
notation used in the rest of the paper: #(-) denotes the cardinality of a set; || - || represents the
Euclidean norm of a vector; [«| represents the ceiling function (i.e., rounds z up to the nearest

integer value).

2. Problem Formulation

This model arises as a part of design of a dynamically reconfigurable ATM-based (asynchronous
transfer mode) broadband networks presented in [38]. In this design problem, the path selection
is for selection of a virtual path for a traffic pair between the origin and the destination node; it
may be noted that different services classes may take different virtual paths for the same origin-
destination pair in a certain load period while a single-virtual path may be defined for one service
class to carry all the virtual circuits for that class for the same origin-destination pair. We will use

the following notations:

K set of traffic demand node pairs in the network
S set of traffic (service) types

L set of possible links in the network

M set of load hours (periods) during the day



TS set of possible candidate paths for traffic type s € S, demand pair k € K used for all
heH
xi? path routing variables: 1 if traffic type s € Sy, k € K uses path j € J" in h € #; 0
otherwise
at"  traffic demand for traffic type s € S for k € K in h € H
52? link-path indicator: 1 if path j € jksh for traffic type s € § and for pair k € K in h € H
uses link £ € £; 0 otherwise
ye number of units of capacity needed on traffic link ¢ € £ (capacity unit variable)
~ capacity of a high-speed network link unit
c¢ cost of a high-speed network link unit on link £ € £

The multi-hour capacity design of broadband networks with single-path virtual path routing
can be stated as follows[38]:

Problem (P)

vp = min chz (1)

{z,y} ter

subject to
d agh=1, s€8, kek, heH (2)
JETEh

SO aih > st <qy (€L, hen (3)

kEK s€S jeijh
xi?:OorL j€j5h78687k€K7h€% (4)

ye > 0 and integer, (€ L (5)

The problem defined by equations (1)-(5), will be referred to as problem (P). In problem (P),
the objective function (1) represents the total network capacity cost over all links which is to be
minimized. Constraints (2) and (4) are the decision of choosing a path (out of several possible
paths) for a traffic type for a node pair at different times during the day to route all the associated
demand af", i.e., this is a ‘single route selection’ or ‘non-bifurcated routing’ case (the reader is
referred to [38] for determination of traffic demand aj" for a given offered load and quality-of-
service parameter). The left hand of constraint (3) is the total link flow on link ¢ in hour A due
to routing of demand a3" by different traffic demand pairs and services in h. The right hand of
(3) says that y, units of capacity is required to be provided on link ¢ so that the total link flow
is satisfied for any of the load hours by the total bandwidth on the link yy,. Finally, (5) specifies

that the capacity variables take only integral values.



Different sets of candidate virtual paths for each load period and traffic type for each node
pair may be explicitly provided through the notation J3*. Thus, this model takes possible can-
didate paths as an input and uses the arc-path formulation [41]. Usually, a limit is put on the
maximum number of links (for a virtual path) to reduce the number of intermediate virtual path
switching nodes allowed for a virtual path set up. Hence, the arc-path formulation than a node-arc
formulation is more appropriate in this scenario. Another example from communication networks
where arc-path formulation is appealing, is in dynamic call routing teletraffic networks where at

most two-links are allowed to connect a call [3, 25].

Note that this is a combined routing and capacity design model with discrete variables where
we are to choose a path (different ones at different time during the day and for different traffic
types) so that the total network capacity required is optimized. Further note that this model has
only link cost, no explicit routing cost; this is often the case for planned demand servicing phase
[3], [4], [25] of large telecommunications networks. Finally, note that this formulation consider non-
simultaneous as well as simultaneous multi-commodity flow for the design problem by considering

the load at different times during the day.

We have stated at the beginning that network design problems has been studied by various re-
searchers; some of them do use arc-path formulations for multi-commodity flow problems arising in
such problems. Further, it may be noted that multi-commodity flow ‘routing only’ problem (either
for discrete or for continuous variables) using arc-path approach in the context of communications
networks as well as transportation networks has been addressed by several researchers over the
years; see, for example, [5], [9], [10], [17], [18], [19], [20], [23], [33], [34]. To our knowledge, the com-
binatorial optimization problem as presented in model (P), i.e., the multi-hour combined routing
and capacity design problem (with single route selection case) in a multi-service environment has

not received much attention in the literature.

3. Various Approaches

In this work, we consider four approaches to solving design problem (P): the first one is based
on mapping (P) to an equivalent problem to solve using the genetic algorithm-based approach
(labeled GA); the second approach takes the Lagrangean relaxation-based dual subgradient ap-
proach where the constraint (3) is relaxed (labeled SGOPT); in the third approach, we consider
an additional proximal point term only for capacity variables and then combine the generalized
proximal point algorithm with subgradient optimization (labeled SG-GPP); finally, in the fourth
approach, we take a hybrid approach where we start with SGOPT or SG-GPP to obtain the best
solution possible which is then fed to the genetic algorithm approach as one of the chromosome in
the initial population — this approach is labeled HYB. In the following, we discuss each of them in
details.



3.1 Algorithm I: GA

In the first approach to solve problem (P), we consider a genetic algorithm [26] based ap-
proach. Genetic algorithms have gained considerable attention in recent years for solving various
combinatorial optimization problems (see, for example, [1], [29], [42], [44], [48], and references
therein). A genetic algorithm works on the concept of maximizing a fitness function by considering
several generations of population which go through certain transformation from one generation
to the next. Each population consists of a set of chromosome sequences. The fitness function is
evaluated for each chromosome sequence (which takes only 0/1 values) to obtain the highest fitness
value for that population. Typically, a genetic algorithm has the following steps [26]: generation
of an initial population, selection of a new population from the given population by performing
a recombination step to do cross-over and mutation, and the evaluation of the new population to
observe improvement in the fitness function value. This process is continued over a finite number
of generations of population and the chromosome sequence with the maximum fitness value over

the entire generation is accepted as the solution.

To be able to develop a genetic algorithm for problem (P), we are first required to address two
important issues: 1) a fitness function that returns non-negative value that should be set in such
a way that the fitness function is maximized, 2) a coding scheme for a chromosome sequence. For

the first issue, we consider the following equivalent optimization problem (GA_P) of problem (P):

max ¢ f(z) = M - Zq’}nax{z > 5;‘;%;%;?} /»J (6)

kEK sESk ]ejsh

subject to
szg 1, s€8y, kek, he¥H (7)
jegsh
wfi=0o0rl, jeJ s€Sk keK, hell (8)

where M is a large positive number such that the objective function f(z) given in (6) is always
non-negative [see Appendix-A for equivalency between (P) and (GA_P)]. We use f(z) as defined

in (6) as the fitness function for the genetic algorithm.

For the second issue (coding), as a naive rule, a straight coding can be assigning a bit for
every decision variable in a chromosome sequence (since they take the values 0 or 1). However,
this will not only require a large bit sequence but may also often generate illegal sequences violating
constraint (7). In our approach, we use a coding rule that exploits the problem structure given in
the arc-path formulation. Notice that for each s, %k, h we need to choose one route from a set of
candidate paths. Thus, we do bit coding for the number of paths for each s, k,h | i.e., if J" is
the set of paths, then the number of bits required is ﬂog2 #(j}fh)] for coding all the paths for this
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s, k,h. Note that each bit sequence (within a specific s, k, k) can be mapped to a path number if
#(J:") is exactly a power of two. However, the number of possible paths generated as an input
to problem (P) may not always be a power of two; in such a situation it is possible to have a
bit sequence that corresponds to a path number that is ‘illegal’ in which case the fitness function,
f(z), is set to return a cost value of zero (analogous of infinite penalty in minimization). The
bit sequence for each s, k,h is then concatenated to form a chromosome sequence. If we denote
S=#(S), H=#(H), K = #(K), and assume each pair to have the same number of paths ¢, then
the total bits required in a chromosome sequence is SHK [log, ¢]. Overall, this scheme requires
log-order less number of bits in the chromosome sequence than the ‘naive’ rule (which requires
S H K g bits); also, the number of illegal sequences can be reduced or totally eliminated by properly

choosing the number of candidate paths generated.

Having resolved the issues of the fitness function and the coding scheme, we now turn to the
execution of the genetic algorithm for problem (GA_P). In our approach, the initial population is
generated randomly (except for a sample, see section 3). This, for our specific problem, means
that each randomly generated sample in the initial population is obtained by randomly generating
a path as an initial choice for each s, k, h to create an initial chromosome sequence. The selection
phase involves choosing samples from the present population that will be the parents of the next
generation. In the selection phase, typically a ‘weighted random roulette’ strategy (Rule-RR) [26],
[44], [48] is used for selection of a pair of chromosomes (parents) for mating (i.e., chromosome n
of the present population M is selected with a probability f,/>_ . fm, where f, is the fitness
value of chromosome m). Besides using this rule, we have also considered the queen-bee strategy,
due to [48]. In this strategy (Rule-QB), one parent for mating is always the chromosome with the
best fitness function so far (i.e., the routing/capacity configuration that has the minimum cost so

far) while the other one is obtained using the weighted random roulette rule.

A probability value p..,ss is used in the determination of the cross-over point for the two
parents selected. This, in our context, roughly corresponds to finding a cross-over point such that
services and load hours for a certain number of traffic pairs from parents A and B (obtained from
the selection process) are considered for creation of children A and B, respectively; for the rest of
the traffic pairs (services, load hours) child A is obtained from parent B and child B from parent
A, respectively. In obtaining the children, mutation is performed using a low mutation probability,
Prute for each bit. In our case, for each s, k, h, this corresponds to changing a path from it present
choice with a probability 1 — (1 — puze) Mog> 91 This way a new generation is obtained for which
the best fitness function is obtained. This process is continued for a certain number of generations
and at the end the ‘layout’ with the best fitness function which corresponds the lowest cost in (1)
is obtained. A difficulty with using this genetic algorithm is that no information can be obtained
about how far is the best solution obtained from the actual optimal solution. This can be addressed

via duality discussed in the next section.



3.2 Algorithm II: SGOPT

Lagrangean relaxation with subgradient optimization has been used successfully by several
researchers for solving various communication network routing, or combined routing and capacity
design problems (see, for example, [12], [13], [20], [21], [22], [23], [34]). This approach has been
described for problem (P) in [38]. We restate here for the sake of completeness and also since some of
the same notations will be used in presenting SG-GPP algorithm in section 3.3. Convergence results
for subgradient optimization can be found, for example, in [41]. The essence of this decomposition
algorithm is to consider the dual problem of (P) by relaxing constraints (in this case (3)) to arrive
at simpler subproblems which can be solved easily, and then use updating of dual variables to solve
simpler subproblems iteratively to drive towards the optimal solution of the original problem (P);
these subproblems correspond to solving decoupled routing and link capacity problems. A difficulty
with the subproblems corresponding to capacity variables is that it requires an upper bound on
the values of the capacity variables; its use will be seen specifically in (17). Any sufficiently large
number that keeps the problem feasible can be used for the upper bound. Thus, we start with

adding an artificial upper bound on the variables y. Specifically, let the bound be g, ¢ € L, i.e.,
Ye S @[7 l € £7 (9)

and in compact vector form, y < §. Let u = (u}) be the dual multiplier associated with the

constraint (3). The associated Lagrangean is

Ligou) =Y cyet >0 wb(D03 e 3 apllail —que). (10)

el (€L hEH keK s€S JETh

Rearranging, L(z,y,u) yields

L(%%U)IZ(Q—VZU?)W + > g > D wpstaih (11)

eL heH hEH KEK sES  jegsh (EL

The dual problem (D) is then defined as

vp = rilga(g(u) (12)
where
g(u) = min L(z,y, u). (13)
x7y

Note that for given wu, the Lagrangean is separable in z and y and reduces (11) to solving two

independent subproblems, i.e.,

I;li;l L(z,y,u)= myin Li(y,u)+ mxin Ly(z,u) = g1(u) + g2(u) (14)
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where

g1(u) = myinLl(y,u) = myin {Z(C@ - Z U?)yz |0<y< @}7 (15)

lel heH

and

g2(u) = min Ly (2, u)

:m;n{zzz S (Y wba)ath | Y ath=1,5€8, heH, kek;

heH kEKSES  jegsh (eL jegsh

xk]_Oorl eJ: ,SES,kEIQhEH}. (16)

For subproblem (15), observe that Li(y,u) is further separable to each link variable since it has
only bounding constraints on the link variables, and thus the solution to (15) for each ¢ can be
easily obtained by setting:
0, ifer>vdhen ull
vw=1 h 17
G, ifcp < ’yZhEH uy.
The other subproblem (16) is also separable for each h,k and s since there is no dependency
constraint among h,k and s. The solution is easily obtainable by setting the variable for the

appropriate path j to 1 for which the “path cost”, >, . u%;f;ﬁ, is the least among all the paths
for that specific h, k,s. We denote this path index by j* so that 962?* (u) = 1.

Since the objective function in dual problem (D) is non-differentiable, a subgradient approach

is used to solve the dual problem [28]. This method iterates on the dual variable u. Thus, given wu,

once the solutions to the subproblems (15) and (16) are obtained, a dual subgradient, = = (7)),

for g(-) is computed using

ml=> Y aisiteit (w) - yyi(w), €L he (18)

keEK ses

Then the dual multiplier, u, is updated using

uf + max {0,uf +Anf}, (€L,heH (19)
where, the step size, A, is given by ([28])
(20)

and where g is an upper bound on the dual objective and the relaxation parameter, p, is chosen

such that 0 < p < 2.



A primal feasible solution for problem (P) can be easily obtained at each iteration by consider-
ing the solution xi?* (u) = 1 to compute the left hand side of (3) so as to generate a feasible y, and
in turn, we also can compute a primal objective function value. As the dual iteration progresses,
we check for decreases in the primal objective value and store the best primal solution, and the

best primal cost so far.

Note that if the integrality of link variables y is relaxed in the original problem (P), then
we have a mixed integer programming (MIP) problem and it is clear that the optimal objective
function value for this mixed integer problem, vaysrp < vp. Coupling this fact with the result of

the weak duality theorem [41, p. 203], we have the relation:

Up 2 UMIP 2 UD.

Given this observation, the upper bound on the dual objective, ¢, is set to be the lowest value
of the objective function of the MIP problem as the dual iteration progresses. Note that using
SGOPT, we can not only get a primal solution but also can assess its quality by computing the

duality gap.

3.3 Algorithm III: SG-GPP

In this approach, we combine Lagrangean relaxation based subgradient optimization with a
generalized proximal point algorithm [27], [40]. Note that in algorithm SGOPT, we have added
an artificial bound (9) which is used in solving ¢;(u) (clf. (17)). Depending on the weight from
summing up dual multipliers over h, the solution switches between 0 and ¢,, and does not provide
any value between these two extremes. Since this solution is used in the computation of the
subgradient which is, in turn, used as the direction for updating the dual iterate (see (19)), a
“better” solution of ¢;(u) for each link ¢ is desirable in the hope of obtaining a better direction.
Recently, Ha [27] has presented a generalized proximal point algorithm for solving generalized
equations; this has been extended to convex optimization problems by Medhi and Ha [40]. In a
regular proximal point algorithm (see, for example, [6], [47]), a quadratic (“proximal point”) term
is added to the objective function for ‘all’ variables while in the generalized proximal point (GPP)
method, a quadratic term (“proximal point” term) is added only to a subset of variables. In the
present problem, we employ the GPP idea where this quadratic term is added only to the capacity
unit variables y, (not to the routing variables). It may be noted that in this approach we do not
need to consider the upper bounding on y, (9), used in SGOPT; however, we need to introduce an

outer iteration loop for GPP. We describe our approach below.

Consider a positive bounded sequence {«(t)} (referred as the proximal point parameter) which

is non-increasing as ¢ — oo, where t is the counter for the outer (GPP) iteration. Suppose we are
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at the point (2(t),y(t)) at outer iteration t. We are interested in solving the following modified
problem (P_M), parameterized in the outer GPP iteration ¢:

vp(t) = min Z zyz—l- ||y y(t )||2 (21)
{x’y =y

subject to (2)-(5).
The difference between (P) and (P_M) is only in the objective function where a quadratic
term is added only for the link unit variables. The modified dual problem to (P_M) is
tiu). 22
max g(t;u) (22)
The corresponding g2 (¢;u) remains the same as in (16) since there is no explicit dependency on

z(t). However, we have the following g;(¢; w) which is different from g; (u) as given in (15):

1
E mln{ (co—7 E U?)W‘Fm(w—w ‘W>0} (23)
el heH

Due to separability (as before), the minimization is required to be done only over each single, link

variable independently. The solution for each £ is given by

Y (t5 w) = max {o, yelt) — a(ce— 3 ui?)} . (24)

heH
Now this solution for y along with the solution obtained from (16) for 2 can be used for computing
the subgradient (18) and as such updating can be performed as in SGOPT for (inner) dual iteration.
Thus, the inner iteration involves solving modified problem (P_M) using the dual problem via

subgradient optimization.

Once the solution (z(t+ 1), y(t+ 1)) is obtained for problem (P_M), then the outer iteration
t is updated and problem (P_M) is solved for new (z(¢),y(t)) and «(t); usually, this process is
continued under certain termination criteria and convergence results which is discussed in [40] for
convex optimization problems. Since we are applying the GPP idea to a combinatorial optimization
problem and not to a convex problem, we continue the outer iteration for a finite number of steps
before we stop computation. Throughout the entire process, we continually use the solution from
(16) to compute a feasible y, and in turn compute a primal cost for the original problem and store

any solution if the cost has been lowered.
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3.4 Algorithm IV: HYB

An important item to note from either algorithm SGOPT or algorithm SG-GPP is that the
lowest primal solution obtained is dictated by the solution obtained from (16). On closer inspection,
we observe that there is a limitation imposed by the “path cost”, >, . u?(ﬁ?h, if the same set of
candidate paths were used by the different services for a specific demand pair in a specific load hour.
That is, the cost-coefficient corresponding to path index j is the same for all services for a specific
k and h. Thus, the j* obtained, i.e., the route selected by (16) for all services for a specific k and
h is the same. Although, this is an acceptable solution that we have used in computing the lowest
primal cost for a feasible primal solution, it can be better for different services to take different
paths that may possibly further lower the primal objective cost (1) — this is already modeled in
problem (P) which is not captured by the duality based approaches. This has motivated us to
consider a hybrid approach where we first run SGOPT or SG-GPP followed by a run of the genetic
algorithm since GA has no imposition on path choice among different services. In this hybrid
approach, we consider the best solution obtained from either SGOPT or SG-GPP as one of the

samples in the initial population (the rest of the population is generated as discussed in section 4)

and then the genetic algorithm is executed. We refer to this approach as HYB.

4. Computational Results

To make a comparative evaluation of the above algorithms, we have studied seven test problems
of varying network sizes. For all test problems, we consider three load hours during the day, i.e.,
H = 3, and two traffic types, i.e., S = 2. The first three test problems R7, R10 and R15 (see Figures
1, 2, and 3) are extracted from real networks, including the traffic pattern at different times during
the day for one traffic type (voice service) [37]. Here the number after ‘R’ represents the number
of traffic nodes in the topology. Due to the non-availability of measurement based traffic patterns
for a second traffic type, the traffic load was uniformly generated for the second traffic class from
the load for the first traffic class for these three problems. Originally the load was given in number
of connections to be admitted which is mapped to a bandwidth requirement (see [38] for details
on this mapping). Preserving the traffic pattern for different hours, the bandwidth requirement is
scaled by the same factor so that the traffic demand (a3") as considered for problem (P) is given in
Mega-bits per sec (Mbps). [Note that each of these three test networks has some additional nodes
known as ATM cross-connect nodes (marked with a square) than the traffic nodes which are ATM
switching nodes (marked with a circle) — see Figures 1, 2, 3; these cross-connect nodes should be
understood as ‘routing only’ nodes for ATM-virtual path set up through the cross-connect nodes
for traffic for ATM switching node (demand) pairs and do not have any of their own exogenous
traffic; see [38] for an explanation.] The topologies for problem A10, A12, A26 shown in Figures
4, 5 and 6, respectively, are drawn from previous related literature (see, for example, [34]); for

these three test problems, the traffic data for both services types for three load hours and all traffic
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pairs in number of connections to be admitted is originally generated randomly from a uniform
distribution which is then mapped to bandwidth requirements in Mbps. The topology for the final
test problem, A50, shown in Figure 7 is a mixture of random generation and manual intervention
to provide connectivity. The traffic data for A50 was generated randomly, similar to A10, A12 and
A26. A summary on topology information for the test problems is provided in Table 1. The link
unit 7 for the link unit for all the test problems was assumed to be 155 Mbps.

All the algorithms were implemented in C and the computational work was performed on a
DEC Alpha AXP running OSF/1 operating system!. The compilation is performed using its native
cc compiler with optimization option (O). The candidate paths for all the problems were generated
using a k-shorted path algorithm based on distance [32]. The candidate path set generated for a
traffic pair is used as the same for all load hours and services for this pair. The candidate path
set is then provided as an input to the algorithms. Before we discuss the results, we first discuss

implementation parameters used in the algorithms.

For the genetic algorithm, we have used a population size of 50 and the number of generations
to be 100. We have run various parameter values as listed in Table II; thus, for each test problem
we run a total of sixteen runs for various parameter setting values. The last option in Table II
indicates the way a chromosome sequence is generated in the initial population. In all runs, a
sample in the initial population contains the bit sequence corresponding to the shortest-distance

path obtained from the k-shortest path generation.

In SGOPT, we have set the maximum iterations to 800. The relaxation parameter, p, is started
with 2 and is halved if the dual objective function value does not improve in forty iterations while
restricting p to take a value not less than 0.0005. In SG-GPP, we have set the maximum for outer
GPP iterations to five; the inner iteration maximum for subgradient optimization is set at 800 as

in SGOPT; i.e., SGOPT phase is repeated five times with new (z(¢),y(¢)) and «(t).

In our work, we used two different values of ¢;,. The unit cost of links of 155 Mbps consists of
two components: a termination cost and a distance based cost. For our first set of run, we use 100
as the cost of each termination port (on each end) and 0.1 as the distance cost per mile. Thus, in
this case, ¢g = 2 x 100+ 0.1 X Dy, where Dy is the distance in miles for 155 Mbps pipe for link £.
This indicates the growing trend in telecommunications networks where distance based cost can
be small due to the deployment of fiber optic cables, while the termination cost is relatively more
expensive. In this case, the termination cost is the dominant cost. The results obtained are listed
in Table III. We have also run the same set of test problems with a different cost value where

the termination cost is not as significant as the distance cost to see if there is any impact on the

L DEC Model 3000/300, 128MB main memory, 256 KB cache, 150 MHz, SPECfp92 = 89,
SPECint92 = 64.
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results; in this case, we set the termination cost to 10.0 and the distance per mile cost to 0.1; i.e.,

cg =2 x 104 0.1 x Dy. The results obtained are presented in Table 1V.

We start with results presented in Table 111 where we report the lowest network cost obtained
by each of the algorithms. For SG-GPP in this case, we have started with a to be 10 which is
reduced by half at each outer GPP iteration. The cost for GA reported here is for the lowest
cost obtained from sixteen different runs. We also report relative network cost of each algorithm
compared to the minimum of GA, SGOPT and SG-GPP; this is marked with note ‘1’. Further,
the relative network cost is reported compared to the minimum for all the algorithms in a separate

column (marked note ‘2’). Thus, the entry with 0.00% refers to the algorithm with the lowest cost.

First, we discuss results without considering HYB (for Table 1II). We observe that the cost
obtained using GA is between 4% and 10% higher than the lowest cost except for problem A10.
This suggests that in general ‘pure’ GA had the most difficulty in lowering design cost; in fact,
for the largest problems A26 and A50, GA could not generate a sequence with cost lower than
the cost for the shortest-distance based rule provided as a sample in the initial population. We
observe that SGOPT is nearly comparable to SG-GPP while SG-GPP providing somewhat better
result (while in two problems SGOPT has higher cost by 1.5% and 2.5% than SG-GPP, in two
other problems, SGOPT produced lower cost than SG-GPP by 0.4% and 0.03% only; for the rest

of the problems, they produce the same lowest cost.)

To run HYB, we have used the best solution from SGOPT or SG-GPP as a sample in the
initial population; a second sample in this initial population is based on the shortest-distance path,
and the rest are generated randomly based on a random path choice. Another set of run is done
with this same initial population except for one sample where the random choice of the first two
shortest paths is also included in the initial population. From our run of ‘pure’ GA for sixteen
settings, we have observed that usually Rule-QB with p,,,:. value 0.01 provided the best result
for peross value of either 0.65 or 0.60. Hence, we used Rule-QB with p,,4se value of 0.01 for both
values of peross to run HYP for the two sets of the initial population just described. In tables, we
show the lowest of the cost of these runs under the HYB column. It may be noted that only for
problem R10 in Table III (R7 and A10 in Table 1V), the second choice of the initial population

produced lower cost.

Considering all four algorithms, it is interesting to observe that HYB was able to reduce the
cost from the best of SGOPT and SG-GPP in four of seven problems. Even for problem A10,
it brought down the cost to within 0.59% of the lowest cost obtained with ‘pure’ GA (the only
problem where GA did better). This shows that it is better to be able to take different routes by
two services for the same traffic pair in a particular load period; this can indeed reduce network
cost as opposed to all services for a node-pair taking the same path. We however remark that GA

had the hardest time with the two largest problems A26 and A50 where GA could not improve
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at all on the initial lowest cost solution from the initial population (or from the initial population
fed in the case of HYB). The situation did not improve even when we increased the population
size from 50 to 80 and the number of of generations from 100 to 300; this suggests that GA based

approach may not be viable for large-scale problems.

In Table IV, we report network cost when the dominant cost in ¢, is the distance cost (not
the termination cost). We observe quite similar behavior as in Table III. In this case, GA had
comparatively less difficulty with R7, R10 and R17. In four out of the seven test problems, SG-
GPP did better than SGOPT while providing the same result in one of them. HYB was able to
obtain the lowest cost among the four algorithms for the first five problems. (We note that for
SG-GPP here, we use the starting o to be 100 for R7, R10 and R15 and 1000 for A10, A12, A26
and Ab0. This is to reflect the desire for a nominal initial cost contribution due to the proximal

point term at the start of the computation.)

In Table V, we report computing time corresponding to Table III; timing is essentially the
same for Table IV runs since the only difference is in the link cost ¢;. Observe that in all cases
SGOPT took less computing time than a single run of GA while producing lower network cost
(except for A10). As expected SG-GPP took about five time more computing time than SGOPT;
this is not surprising since the maximum outer iteration was set to five. We observe that in most
cases, SG-GPP was able to obtain the lowest cost in the first outer iteration (sometimes even
providing lower cost than with SGOPT); only in one case it went over three. Thus, it seems a good
rule of thumb may be to run two outer iterations of SG-GPP followed by GA for two parameter
setting values (as done in HYB). If this directive is followed, we can estimate that HYB for the
smallest problem, R7, would take about 25 seconds while the largest problem, A50, would take

less than two hours.

Finally, we report our attempt to solve the test problems using the CPLEX solver [8]. The
linear programming (LP) relaxed problem of problem (P) is the problem where all routing and
capacity variables are relaxed to take real values — the computing times are shown in Table V
for the relaxed problems; for the smaller problems, the solution is obtained quickly while for the
largest problem the relaxed LP solution is only 25% less than the SGOPT solution time. On the
other hand, the mixed integer programming model where routing variables were kept real while
capacity variables were kept discrete was difficult for CPLEX MIP solver to solve — it could solve
only problem R7 and could not solve the other problems even after running for more than an hour
of cpu time for each of the problem. When all variables were set to be discrete, CPLEX MIP solver
could not solve the smallest problem problem, R7, even after running it for more than an hour of
CPU time. Another heuristic to obtain an integral solution would be to use the optimal solution
from the relaxed LP and then rounding for the path choices to obtain a heuristic solution; this

heuristic when tried on problem R7 results in cost 14565.2 which is higher than all the methods
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reported in Table 11T indicating the limitation of this heuristic. In Table III and Table 1V, we show
‘LPgap’ which is the gap between the lowest solution obtained among all the methods compared
to the LP relaxed solution obtained used CPLEX. It may be noted that while the gap is not much
in most cases, it is more than 15% for test problem A10. We have run this test problem with the
number of paths increased to fifteen (from seven) to see if we missed any possible good paths in
the input; however, the lowest cost obtained did not change at all. While the 15% gap may give
the appearance that the solution quality is not good, it is however possible for the gap to be very
high depending on problem parameters. In Appendix-B, we present a three-node example where

the optimal integer solution leads to a duality gap of 566.67%!

5. Discussion

In this paper, we have addressed the multi-hour routing and capacity design problem (P) that
arises in the design of dynamically reconfigurable broadband networks. For this combinatorial
optimization problem, we have considered four approaches and have presented a comparative study.
While Lagrangean relaxation based subgradient optimization has been used as the approach for
data network design problem by several researchers, neither a genetic algorithm based approach
nor a generalized proximal point algorithm coupled with subgradient optimization, nor a hybrid
approach received much attention in current literature. Our computational results indicate that
‘pure’ GA is the least effective method in almost all cases both in terms of computing network
cost as well the computational time; further, it was totally ineffective for the two largest test
problems, A26 and A50. SGOPT remains a viable approach while SG-GPP, and especially, HYB,
are new approaches that may be given serious consideration as alternative acceptable approaches.
The relative success of HYB also suggests that using GA following SGOPT or SG-GPP is a good
approach. In any case, we have made the observation that it is better to be able to take different
routes by two services for the same traffic pair in a particular load period; this can indeed reduce
network cost as opposed to all services for a node-pair taking the same path — this observation,
although inherently present in the problem formulation (P), can be allusive to a casual observer

and thus is brought to the attention of the reader.
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Appendix: A
Equivalency of problem (P) and problem (GA_P):

First, we note that (2) is the same as (7), and that (4) is the same as (8). Let

sth ,sh _.sh _
eS8 X afaretih/o] =an cer 2
keK s€Sy jejksh

Obviously, z; > 0 and takes integral values, thus, is the same as (5). Now, the maximization of

the objective function in (6) is transformed to:

max {M — Zcm} :

lec

This is equal to

M — min E CoZy
el

which is equivalent to (1). Further, by definition, (25) satisfies the following:

DY sifragtait <z, het, (€L

kEK sES jejksh

which is the same as the constraints (3).

Appendix: B
A three-node example illustration:

Consider a three-node network with a single service class and a single load hour (thus, we will
ignore the subscripts h and s), and v = 1. Assume that the traffic demand to be uniform for each
node-pair and is given to be a; = a (k =1,2,3). We also set ¢, = 1. We are only interested in the
value of @ in the range 0 < a < 2/3. For the relaxed LP problem (i.e., allowing capacity variables
to take real values), the minimum cost is 3a (i.e. a capacity is assigned to each link). Now, assume
that the capacity variables are integral. For the same demand set, we now need two of the three
links to have one unit of capacity each, and the third link to be of zero capacity (since the demand
for this end point can be routed over the other two links due to ample capacity availability); thus,
the minimum optimal cost is 2 for this integer program. Note that this integer optimal cost is
W% more than the relaxed LP optimal solution for a in the range 0 < a < 2/3; this also
then gives the best duality gap possible for the integer program. If we use a to be 0.6, then the
duality gap is alteady 11.11%, on the other hand, if a is 0.1, the duality gap jumps to 566.67%!
Thus, the duality gap is not always a good indicator of the quality of solution, especially when the

traffic demand is low compared to the modular capacity of a link.
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Fig 6: A26




Network No. of No. of Traffic No. of No. of
nodes Pairs, #(K) Links, #(£) | Paths, #(J:")
R7 7 21 14 6
R10 10 45 27 10
R15 15 105 33 15
A10 10 45 28 7
Al12 12 66 25 7
A26 26 325 30 8
AbB0 50 1225 82 8

Table I: Network topology information for example networks

Parameter Names Settings
Selection Rule-RR, Rule-QB
Peross 0607 0.65
Pmute 0017 0.02
Random Path Selection Bit Based, Path Based

Table II: Parameter values used for genetic algorithm (total of sixteen settings)

Network GA! SGOPT | SG-GPP| CPLEX?
R7 10.09 2.70 13.88 0.15
R10 35.07 19.02 95.83 0.88
R15 95.62 92.55 516.77 4.47
A10 23.05 6.93 34.92 0.47
Al2 35.57 11.56 59.10 1.28
A26 394.75 218.30 1173.77 27.18
A50 2128.03 | 1219.68 | 6071.88 907.27

Table V: Computing time in seconds

(! — average per setting over sixteen settings)
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(* — Relaxed LP solution time)
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